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Abstract

To propose a deep learning framework “SpineCurve-net” for automated measuring the 3D Cobb angles from computed
tomography (CT) images of presurgical scoliosis patients. A total of 116 scoliosis patients were analyzed, divided into a
training set of 89 patients (average age 32.4 +24.5 years) and a validation set of 27 patients (average age 17.3 + 5.8 years).
Vertebral identification and curve fitting were achieved through U-net and NURBS-net and resulted in a Non-Uniform
Rational B-Spline (NURBS) curve of the spine. The 3D Cobb angles were measured in two ways: the predicted 3D Cobb
angle (PRED-3D-CA), which is the maximum value in the smoothed angle map derived from the NURBS curve, and the
2D mapping Cobb angle (MAP-2D-CA), which is the maximal angle formed by the tangent vectors along the projected 2D
spinal curve. The model segmented spinal masks effectively, capturing easily missed vertebral bodies. Spoke kernel filtering
distinguished vertebral regions, centralizing spinal curves. The SpineCurve Network method’s Cobb angle (PRED-3D-CA
and MAP-2D-CA) measurements correlated strongly with the surgeons’ annotated Cobb angle (ground truth, GT) based on
2D radiographs, revealing high Pearson correlation coefficients of 0.983 and 0.934, respectively. This paper proposed an
automated technique for calculating the 3D Cobb angle in preoperative scoliosis patients, yielding results that are highly
correlated with traditional 2D Cobb angle measurements. Given its capacity to accurately represent the three-dimensional
nature of spinal deformities, this method shows potential in aiding physicians to develop more precise surgical strategies in
upcoming cases.
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Introduction
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lynn2018.1i@connect.polyu.hk Idiopathic scoliosis is a complex, three-dimensional spinal
0< Fan Lin deformity typically recognized by the Cobb angle (CA)
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measured from 2D radiographs [1]. Severe cases of spinal
curvature necessitate surgical intervention [2]. The sig-
nificance of CA is well documented, proving its value in
selecting fusion strategies, forecasting postoperative curve
corrections [3], and evaluating spontaneous curve correc-
tion in specific patient groups [4]. Furthermore, CA aids in
identifying factors that influence postoperative complica-
tions [5] and enhances the accuracy of predictive models for
surgical outcomes [6, 7]. It plays a significant role in spinal
height correction, associated with substantial height gains
post-surgery [6—8], and affects crucial surgical considera-
tions like procedure duration, blood loss, and the need for
blood transfusions [9—-11]. It also predicts the risk of “add-
ing-on” phenomena postoperatively [12] and the success
rates of selective thoracic fusions [13]. The preoperative CA
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magnitude is also connected to surgical challenges and risk
evaluations [14, 15], underscoring its widespread impact on
scoliosis treatment and postoperative improvements, includ-
ing self-image enhancements [16].

Considering the spine’s intricate anatomy and the inher-
ently three-dimensional nature of deformity, CA measure-
ment based on computed tomography (CT) scans could yield
more comprehensive information [17, 18]. While numerous
studies and public databases have implemented vertebral
segmentation based on CT, further advancements in CA
measurements are seldom discussed. Previous CT-based
CA calculations primarily focused on mild and moderate
scoliosis cases [19-21]. It is undeniable that CT imaging
is typically acquired for presurgical cases suffering from
the severe spine curve to avoid unnecessary ionizing radia-
tion exposure, but curve estimation in this group is largely
understudied.

This study aims to address these gaps by proposing an
SpineCurve-net for automatic CA measurement in CT
images of presurgical severe scoliosis patients. This method
employs the U-net and NURBS-net architecture for the
segmentation of vertebrae and subsequently calculates the
Cobb angle. Statistical analyses were conducted to compare
the 3D CA measured by SpineCurve-net to the traditional
CA measured in 2D radiography. This focus addresses the
unique challenges and complexities associated with severe
spinal deformities, providing critical insights for preopera-
tive planning.

Materials and Methods
Subjects and Image Acquisition

In this retrospective study, subjects were selected based on
the following inclusion criteria: diagnosis of idiopathic sco-
liosis (IS), congenital scoliosis, or degenerative scoliosis;
age within the range as follows: adolescent idiopathic sco-
liosis: 10 to 16 years, congenital scoliosis: O to 10 years, and
degenerative scoliosis: 55 to 85 years; coronal Cobb angle
between 10° and 85°; and with preoperative CT images and
posteroanterior (PA) X-ray images of the entire spine. The
exclusion criteria included any prior surgical interventions
of the spine or other underlying conditions that might influ-
ence the spinal profile.

This study includes a range of scoliosis severities (mild,
moderate, and severe) to develop a robust model. However,
the primary emphasis is on severe presurgical cases to enhance
the model’s applicability in complex clinical scenarios. This
approach ensures that the model is well-equipped to handle
varying degrees of spinal deformity, improving its general-
izability and clinical relevance. A total of 116 patients with
scoliosis were included in the analysis, among which 89 were
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allocated to the training set, while the remaining 27 were des-
ignated for testing. Records from The First Affiliated Hospital
of Shenzhen University were examined retrospectively to iden-
tify suitable scoliosis patients who underwent selective spinal
fusion between the years 2016 and 2022. Ethical approval
was obtained from the author’s Institutional Review Board
before the commencement of the study (Ethical Approval No.
20220920004).

All the recruited subjects were imaged pre-operatively in
the supine position with a CT scanner (Siemens, with param-
eters set at 120 kV, mAS 212, slice 5 mm, pitch 0.8, thickness
1.5 mm).

Vertebra Segmentation
Manual Segmentation

All CT images were resampled to 0.90x0.35x%0.35 mm"3,
on which the vertebral columns were segmented manually
by a skilled radiologist (LL) using the open-source software
ITK-SNAP (University of Pennsylvania and University of
North Carolina at Chapel Hill, USA), and were subsequently
reviewed by another radiologist (FL). The spinal columns were
labeled without distinguishing between individual vertebrae.
After this, the images were arbitrarily divided into a training
dataset (n=80) and a testing dataset (n=10).

Deep Learning-Based Segmentation

A 3D U-net was trained by using the training dataset via the
U-Net method (https://github.com/MIC-DKFZ/nnUNet).
Image patches of 112x 160X 128 pixels were introduced to the
U-net, and the batch size was designated to 2. Five downsam-
pling procedures were executed to produce a feature map with
dimensions of 7x 5 x4. The initial convolution channel count
stood at 32 and increased twofold after each downsampling
procedure. The Leaky Rectified Linear Unit (ReLU) served
as the activation function. Throughout the training phase, both
the dice coefficient and cross-entropy metrics were reduced
through stochastic gradient descent at a learning rate of 0.01.
The entire training phase spanned 1000 epochs.

The 3D nature of the U-net architecture inherently considers
the correlation between slices, ensuring that the spatial rela-
tionships between adjacent slices are preserved. This approach
allows for a more accurate and coherent segmentation of the
vertebral bodies across the entire volume of CT images.

Spinal Curve Fitting
Removal of Spinous and Transverse Processes

The U-net segmented whole vertebra regions, containing
vertebra body, transverse process, and spinous process.
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Due to the significant structural alterations in patients with
scoliosis, the transverse process and spinous process could
introduce biases to estimated spinal curves, and thus were
removed by a technique called spoke kernel filtering.

The spoke kernel filtering could exclude transverse and
spinous processes, as well as separating connected verte-
bra regions caused by serious scoliosis. As illustrated in
Fig. 1, the spoke kernel aims to eradicate narrow “bot-
tleneck” regions. Utilizing the spoke kernel, neighboring
vertebrae, in conjunction with transverse and spinous pro-
cesses, can be adequately differentiated.

The spoke kernel comprises a circular mask, devised
through the midpoint circle algorithm. Line segments
spanning the circular epicenter are formulated through the
midpoint line algorithm, and they function to bridge cen-
trosymmetric circular coordinates. In spoke kernel filter-
ing, the circle center traverses all spinal pixels in each seg-
mentation mask of vertebral colume. If both ends of a line
segment are located on non-spinal structures, all points on
this line are considered as candicates to be excluded from
the segmentation mask. These line coordinates are col-
lectively discarded upon the finalization of the scan of all
spinal voxels. The spoke kernel filtering can be regarded
as a speical version of morphological openning operation
that removes narrow bridges connecting large regions.
Although some boundary voxels could be removed after
spoke kernel filtering, the majority remains and vertebral
shapes are smoothed. The spoke kernel radius was initially
set at 8 mm and adjusted manually to accommodate vari-
ances in image dimensions. Therefore, after spoke kernel
filtering, detached minuscule regions are removed, utiliz-
ing a threshold of 500 voxel count.

Fig.1 Spoke kernel filtering. a Center of the spoke kernel was
applied to each pixel of spine segmentation. b For each diameter, if
both end points were located outside the spine region (red points),
its traversing pixels would be removed from the segmentation mask.
Otherwise, the traversing points would be preserved (blue dashed
lines)

NURBS Fitting for Ground Truth

After Spoke Kernel Filtering, vertebral domains were clearly
segmented.

For every vertebra body, K-means clustering was executed
to aggregate voxels into clusters based on their spatial locali-
zation. The quantity of clusters was designated as 1/1000 of
the total number of voxels. This clustering method utilized
the 3D coordinates of each voxel to group them into clusters,
ensuring that the spatial distribution of voxels within each
vertebra body was accurately represented. The primary fea-
ture used for clustering was the location of the voxels in the
3D space, which allowed for an effective aggregation of vox-
els into anatomically coherent clusters. Three-dimensional
Non-Uniform Rational B-Spline (NURBS) curves were fit-
ted to the cluster centroids using the least squares approach.
Cubic B-spline basis functions (degree = 3) were harnessed,
and the number of control points was provisionally fixed at
8. The resulting 3D curve is referred to as ground truth in
following deep learning framework.

NURBS-net Curve Fitting

The NURBS-net was subsequently applied to predict
NURBS control points and knot vectors from spinal segmen-
tation outcomes of UNet. The NURBS-net adopted ResNet
as its foundational structure (Fig. 2) and was cultivated using
the analogous training dataset as that of UNet. Throughout
the training endeavor, spine segmentation and “Ground-
truth curve” underwent random affine transformations for
data enrichment. Given that the initial and terminal quartet
of knot vector values invariably stand at 0 and 1, only the
quartet of intermediate knot values and 8 control points are
projected by the curve-net. The loss function was evaluated
as the following equation:

2 2
llctriptsgr — ctripts,,, .| s lknots gy — knots,,. || I

loss = 3 + 3 ,
llctriptsgrll;, llknotsgrll;,
(D

where ctripts and knots indicate control points and knot val-
ues, GT and pred indicate ground truth and predicted values,
respectively. The learning rate was set to 0.001, and a total of
1000 epochs was taken by the training process. Symmetric
mean of minimum distance was used to evaluate the distance
between ground truth and deep learning-based curves.

Measurement of 3D Cobb Angle
Based on the predicted NURBS control points and knot

vectors, NURBS-net-based curves, which is referred
to as “NURBS-curve” in follow, with 100 points and
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corresponding tangent vectors were reconstructed for each
patient. Pairwise angles between tangent vectors were calcu-
lated between the 5th to 95th points since curve tails could
be affected by incomplete vertebral structure on the top and
bottom of CT images. These measurements are performed
on the entire volumetric image, allowing for a comprehen-
sive analysis of the three-dimensional structure of the spine.
For each point pair p and g, angle of their tangent vector 7,
and T, was calculated as arccosine of their dot product:

Angle(p, q) = arccos(T), - T,) )

A two-dimensional “angle map” was then built whose
pixel intensity at ith row and jth colum represented the angle
between ith and jth curve points. Then, this angle map was
convoluted with a Gaussian smoothing kernel, in order to
increase robustness of the measured angles and then define
the predicted 3D Cobb angle (“PRED-3D-CA” in short) as
the maximum value in the smoothed angle map from the
NURBS-curve. Figure 3 illustrates the PRED-3D-CA cal-
culation method. In addition, the NURBS-curve was pro-
jected onto the coronal plane, and the maximal angle among
all the angles formed by the tangent vectors along the pro-
jected 2D spinal curve was calculated. This angle is named
“MAP-2D-CA.”

Statistics

Statistical evaluations were performed using SPSS (version
21, IBM, Chicago, IL, USA), maintaining a critical alpha
threshold of 0.05. As 2D radiographs provide a projection
of spinal curvature, 3D CT scans capture the full spatial
deformity. We evaluated the consistency of 3D measure-
ments with established 2D methods to ensure reliability. The
traditional 2D Cobb angle, which surgeon annotated based
on 2D radiographs, is referred to as “XRAY-CA.”

CT images were acquired with patients in the supine posi-
tion, which may reduce the gravitational impact on spinal
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Fig. 3 Illustration of the PRED-3D-CA-calculated method

curvature compared to standing radiographs. To address this,
a comparative analysis between supine CT and standing X-ray
measurements are needed. The Pearson correlation coefficient
was used to explore the relationships between SpineCurve-
net based CA measurements (i.e., PRED-3D-CA and MAP-
2D-CA) and the surgeons’ annotation (XRAY-CA). In addi-
tion, the mean absolute error (MAE), standard deviation (SD)
and Bland—Altman’s plot were calculated to assess the dif-
ference between the XRAY-CA and the deep learning-based
measurements (i.e., PRED-3D-CA and MAP-2D-CA).

Results

A total of 116 patients with scoliosis were included in the
analysis. In order to get more training dataset, 35 degen-
erative scoliosis were collected in the training set. The
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idiopathic scoliosis patients were randomly seperated into
training and testing set. Therefore, the training set comprised
89 patients with an average age of 32.4 +24.5 years, while
the validation set consisted of 27 patients who had surgery
with an average age of 17.3+5.8 years. Table 1 delineates
the summary of the datasets used for both training and test-
ing purposes.

The dice coefficients between radiologist’s delineated
ground truth segmentation and automatically generated
spinal mask were measured in the training and testing
datasets seperately. The accuracy, F1-score, precision, and
recall were 0.996 +0.002, 0.945 +0.026, 0.920 +0.047,
and 0.973 +0.014 respectively in the training dataset,
and 0.992 +0.062, 0.877 +0.062, 0.818 +0.099, and
0.954 +0.045 in the testing dataset.

Visual evaluation confirms that the segmentation from
the Unet model matched the ground truth well (e.g., Fig. 4).
Notably, the Unet performs segmentation of vertebral bod-
ies completely, including the top and bottom parts, which
even outperformed the manual ground truth. For most
patients (78/89), spoke kernel filtering with a radius of 8
mm achieved good performance. A smaller radius (6 mm)

Table 1 Summary of the data used in this study

was applied to 7 patients, while larger ones (radius =10
or 12 mm) were applied to 4 patients. The radius size was
determined interactively based on the filtering results. Based
on post-processing results, the NURBS-curves were recon-
structed by NURBS-net and were located at the center of
spinal regions (Fig. 5). The average curve distances between
the Ground-truth-curve and NURBS-curve were 2.81 +1.09
mm and 3.65 + 1.45 mm in the training and testing data-
sets, respectively. Figure 6 illustrates the X-ray image, CT
image, and the NURBS-curve of one patient from the testing
dataset.

In addition to comparing with the ground truth, compari-
sons with traditional 2D Cobb angle measurements were
also performed.

Table 2 illstrates the comparison of XRAY-CA measure-
ments against SpineCurve-net methods for estimating spinal
curvature, i.e., PRED-3D-CA and MAP-2D-CA. The mean
Cobb angle measured directly was 56.8° + 12.8°, indicat-
ing a significant variability in spinal curvature across the
sampled population. When compared to the XRAY-CA,
PRED-3D-CA exhibited a closely aligned mean Cobb angle
of 55.7°+13.8°, whereas MAP-2D-CA demonstrated a simi-
lar mean of 56.7° +13.8°, suggesting that both computa-
tional approaches had good agreements with the XRAY-CA.
The Pearson correlation coefficient is 0.983 (p <0.05) for

Property Database PRED-3D-CA and 0.934 (p <0.05) for MAP-2D-CA, rela-
Training  Testing tive.tc.) XRAY—.CA..The mean absolute error (MAE) provic%es
additional insight into the agreement with XRAY-CA, with
No. of patients 89 27 PRED-3D-CA demonstrating a lower MAE of 2.4 +2.6 (°)
Adolescent Idiopathic Scoliosis (10-16 54 27 compared to MAP-2D-CA’s MAE of 4.1 +4.9 (°). The mean
years)_ o absolute errors were 2.4° and 4.1°, respectively, indicating
Congenital scoliosis (0-10 years) 0 0 close alignment between the methods.
Degenerative scoliosis (55-85 years) 35 0 Figure 7 gives a visual interpretation of the agreement
Gender, male/female 30759 423 between XRAY-CA and the computational results. For
Age, mean£SD (years) 3242245 173458 YRAY-CA versus PRED-3D-CA, the mean difference is
No. of patients with spinal fusion 36 27 1.1°, with limits of agreement ranging from —4.0° to 6.2°.
Fig.4 Spine segmentation Ground truth Prediction Groun truth Prediction Groud truth Prediction

results from two representative a
patients. a and b are results of a
representative patient from the

training and testing datasets,
respectively. The images were

cropped to remove irrelevant
background regions
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Fig.5 Post-processing and
curve fitting. a and b are
post-processing results of two
representative patients from
the training dataset. The curves
shown in the last column are
morphology-based curves

Fig.6 a The X-ray, b CT, and
¢ NURBS-curve of one patient
from the testing dataset

Table 2 Comparison of
XRAY-CA measurements
against SpineCuve Network
methods
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Post-processed segmentation
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Data category XRAY-CA PRED-3D-CA MAP-2D-CA
Mean Cobb (mean + SD) 56.8°+12.8° 55.7°+13.8° 56.7°+13.8°
Pearson csorrelation coefficient - 0.983 (p<0.05) 0.934 (p<0.05)
MAE +SD - 24+2.6 4.1+49

SD standard deviation, MAE mean absolute error
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This narrow range indicates a strong agreement between
XRAY-CA and PRED-3D-CA measurements. Conversely,
the plot for XRAY-CA versus MAP-2D-CA shows a mean
difference of 0.2°, with a broader limits of agreement
from —9.5 to 9.8, indicating greater variability in the accu-
racy of MAP-2D-CA relative to XRAY-CA.

Discussion

This study introduced an automated method for assessing the
3D Cobb angle in idiopathic scoliosis patients based on CT
images. Utilizing a framework based on U-net, the method
successfully segments the vertebral bodies and fits the spinal
curve with another deep learning model, which was named
NURBS-net. Based on the NURBS-curve, two types of
Cobb angles were calculated. The feasibility of this approach
was confirmed through its application to preoperative CT
images from 27 patients who underwentspinal fusion sur-
gery. Within spine segmentation, U-net algorithms exhibited
pronounced accuracy in both training (0.996 +0.002) and
testing (0.992 +0.062) datasets. The results surpass previ-
ous methods [20, 22, 23], particularly in the segmentation
of moderate to severe spinal deformity [24].

As a post-processing step to prepare the segmentation
results for spinal curve fitting, Spoke kernel filtering was
proposed to isolate the vertebral body from other con-
nected bony structures. Spoke kernel filtering discriminates
between vertebral bodies and neighboring structures such as
lamina, facet, and spinous process by verifying if two distant
pixels, co-linear with a pixel, fall within the segmentation
boundary. This step ensures that the adapted curve conforms
closely to the vertebral body, countering influences of other
spinal sections. Subsequent processing via NURBS curve
fitting resulted in smooth curve of the spinal trajectories.
The outlined protocol for spinal curve assessment integrates

10
8_
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Mean of PRED-3D-CA and XRAY-CA

morphological analyses and NURBS curve fitting. NURBS
curve fitting is based on the clusters generated from K-means
clustering on the segmentation mask to alleviate compu-
tational burdens. NURBS trajectories were determined by
a limited set of control points and knots, streamlining a
smooth trajectory, which blurred out minor deviations in
segmentation and subsequent processing.

Previous methods for 3D Cobb angle calculation can be
largely grouped into two types, namely “endplate-based”
and “curve-based” [25]. Endplate-based methods involve
calculating the largest angle between the different end-
plates based on the 3D segmentation of the vertebral bod-
ies. As mentioned in [20], a set of points is extracted along
the edges, using anterior and posterior corners as reference
points. Lines are then fitted to these points using the least
squares method, with the angle between these fitted lines
representing the 3D Cobb angle. However, the accuracy of
this method is limited by the precision with which points
can be detected. Another endplate-based method, detailed
in [21], used the marching cubes technique to approximate
the spinal surface. Seed points were manually selected,
and a region-growing method is employed to determine the
upper and lower endplates. This method requires manual
intervention to locate seed points and relies on the accu-
racy of segmentation and the marching cubes algorithm.
In contrast, the curve-based methods generate a spinal
curve based on the segmentation of the vertebrae. Exam-
ples include the method described in [19], which fitted a
central spinal curve using the center points of the spine. It
trained a support vector machine to distinguish between
two consecutive vertebrae, finding the plane between spi-
nal regions of interest as the intervertebral disc plane. The
Cobb angle was calculated based on the angles between
these intervertebral disc planes. For patients with severe
spinal deformities, where spinal morphology might be

15}
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Fig.7 The Bland—Altman plot assessing the difference of the Cobb angle measurements, i.e., PRED-3D-CA, MAP-2D-CA, and XRAY-CA
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significantly distorted and compressed, relying solely on
midpoints for curve fitting can result in a loss of infor-
mation and inaccurate fitting. This research in general
belongs to the “curve-based” methods, which generates a
spinal curve but employed deep learning to generate a lim-
ited number of control points and knots, rather than spinal
centers. This reduces the number of predicted points and
can thus avoid overfitting of the curve. Besides, the dataset
is this study exclusive focus on scoliosis cases ensures that
the training is more specific and effective for this condi-
tion, which is practically important for surgical planning
and intervention.

In this study, we demonstrated that automated 3D Cobb
angle measurements from CT scans show a strong correla-
tion with traditional 2D radiograph measurements. Despite
the higher radiation exposure from CT scans, their use
can be justified in certain clinical situation. CT imaging
provides comprehensive 3D views of spinal deformities,
which is particularly valuable in severe scoliosis cases.
The ability to accurately assess vertebral rotations and
alignments in three dimensions offers significant advan-
tages for surgical planning and intervention. However, it
is essential to balance the benefits of detailed anatomical
information with the risks associated with increased radia-
tion exposure. For routine scoliosis monitoring, traditional
radiographs may suffice. In contrast, for preoperative eval-
uations and complex cases where detailed 3D visualization
is critical, the use of CT scans can be justified. Clinicians
should carefully consider the clinical context and prior-
itize imaging modalities based on the specific needs of
each patient.

There are several limitations in this study. Firstly, the
validation was performed based on limited internal sam-
ples, instead of large-scale external dataset. The main
reason is the difficulty in acquiring public data for AIS
patients with both CT data and X-ray. In the data selection
process, researcher also encountered inconsistencies in the
field of view of CT and X-Ray—for example, some X-rays
covered the entire spine while the corresponding CT scans
only covered a part, and in some cases, did not fully cover
the scoliosis curvature. This discrepancy resulted in the
exclusion of a subset of data from the experiment, which
led to a relatively small sample size in this study. Sec-
ondly, the result (3D Cobb angle) only compared with the
Cobb angle obtained from the 2D X-ray. However, the pos-
ture and imaging acquisition are different in CT and 2D
X-ray. Even mapped the 3D spinal curve onto the coronal
plane to get a MAP-2D-CA, but it is still a 3D Cobb angle.
In the future, the further verification can be carried out by
other 3D Cobb angle calculation methods. Thirdly, in this
study, did not distinguish between different types or loca-
tion of the scoliotic curve and did not conduct a subgroup
analysis.
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Conclusion

This study presents a novel computational approach for
measuring the three-dimensional Cobb angle from CT
images in severe scoliosis patients. By leveraging 3D CT
data, our method addresses the limitations of 2D radio-
graphic measurements, providing a more accurate analysis
of spinal deformities. The deep learning-based segmen-
tation automates the process, reducing human error and
increasing efficiency. High correlation with the clinical
gold standard confirms the method’s clinical relevance.
Our approach also handles severe scoliosis cases effec-
tively, highlighting its robustness. Future studies will
explore detailed correlations with clinical features to fur-
ther understand the clinical value, incorporating a more
diverse dataset and additional parameters to enhance
its applicability. Overall, our method offers significant
advancements in accuracy, efficiency, and clinical util-
ity for preoperative planning and assessment in scolio-
sis patients. While CT imaging involves higher radiation
exposure, its use should be reserved for cases where the
detailed anatomical information significantly benefits clin-
ical outcomes. Future research should focus on optimizing
imaging protocols to minimize radiation exposure while
maximizing diagnostic and surgical planning benefits.
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