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Abstract

Spinal curvature estimation is important to the diagnosis and
treatment of the scoliosis. Existing methods face several is-
sues such as the need of expensive annotations on the ver-
tebral landmarks and being sensitive to the image quality. It
is challenging to achieve robust estimation and obtain inter-
pretable results, especially for low-quality images which are
blurry and hazy. In this paper, we propose B-Spine, a novel
deep learning pipeline to learn B-spline curve representation
of the spine and estimate the Cobb angles for spinal curva-
ture estimation from low-quality X-ray images. Given a low-
quality input, a novel SegRefine network which employs the
unpaired image-to-image translation is proposed to generate
a high quality spine mask from the initial segmentation re-
sult. Next, a novel mask-based B-spline prediction model is
proposed to predict the B-spline curve for the spine center-
line. Finally, the Cobb angles are estimated by a hybrid ap-
proach which combines the curve slope analysis and a curve-
based regression model. We conduct quantitative and qualita-
tive comparisons with the representative and SOTA learning-
based methods on the public AASCE2019 dataset and our
new proposed JLU-CJUH dataset which contains more chal-
lenging low-quality images. The superior performance on
both datasets shows our method can achieve both robustness
and interpretability for spinal curvature estimation.

1 Introduction

Scoliosis is a condition of spinal deformity which can lead
to a side-to-side spine curve. Serious scoliosis can affect
the breathing and movement of the patients and may even
cause the disability if they are not treated in time. A quan-
titative measurement of the spinal curvature is important to
diagnose the scoliosis and provide the guidance for proper
treatment. Conventionally, the spinal curvature estimation
is operated as the Cobb angle measurement in the clinical
practice. Given an AP view X-ray spine image of a person
in standing position, the Cobb angles, main thoracic (MT),
proximal thoracic (PT) and thoracolumbar/lumbar (TL), can
be measured by identifying the most tilted vertebra and com-
puting the angles between the lines drawn from the end-
plates of involved vertebra. However, manual measurement
of Cobb angles requires skills from a professional clinician,
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Figure 1: Given a low-quality X-ray image, our method can
robustly learn a B-spline curve representation for the spine
centerline and estimate the Cobb angles in an interpretable
manner. (a) Input X-ray image and the initial spine mask
obtained by an existing segmentation network; (b) Refined
mask and the learned B-spline (note the blue points are the
predicted control points); (c) Estimated location of endplates
for computing the Cobb angles (MT, PT, TL).

while the process is time-consuming and may lead to sub-
jective errors due to high inter- and intra-observer variability
(Gstoettner et al. 2007).

In recent years, computer-aided spinal curvature or Cobb
angle estimation has been widely studied. Early methods
such as (Zhang et al. 2010; Samuvel et al. 2012; Shaw et al.
2012; Prabhu et al. 2012; Akbar et al. 2013; Wu et al. 2014)
employ traditional image processing techniques to identify
the upper and lower end vertebra for computing the Cobb an-
gles. These methods mainly have limited accuracy and may
be affected by subjective errors. With the development of
machine learning and deep learning, data-driven approaches
have achieved promising results by learning Cobb angle esti-
mation based on annotated datasets such as AASCE2019 (Li
and Wang 2019). Existing learning-based methods mainly
predict the Cobb angles based on certain intermediate repre-
sentations of the spine including spine segmentation mask,
vertebral landmarks and the centerline of the spine. De-
spite relatively accurate estimation can be obtained by these
learning-based methods, they are still limited in the robust-
ness or may lack the interpretability of the results.

For example, methods like (Wang, Huang, and Wang
2020; Lin et al. 2021) which directly regress the Cobb an-
gles from the segmentation mask cannot explain where the
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scoliosis occurs. In contrast, the landmarks-based methods
(Wu et al. 2017; Lin et al. 2020) aim to reconstruct the shape
of each vertebra which can lead to well interpretable results.
However, predicting accurate landmarks is challenging since
the performance of the model highly relies on the expensive
landmarks annotation on the training data and the results are
also sensitive to the image quality. Moreover, for low-quality
images which look blurry and hazy as Figure 1 (a), it is diffi-
cult to annotate the ground truth landmarks of each vertebra
even by human. Hence, the landmarks-based methods may
not be suitable or robust for low-quality images. On the other
hand, it is possible to attain both the robustness and inter-
pretability by estimating the centerline of the spine and then
predicting the Cobb angles based on the curvature analy-
sis. Yet, existing centerline-based methods such as (Tu et al.
2019; Dubost et al. 2020) usually represent the centerline as
a fitted polynomial curve or just a collection of connected
points, and such curve representations are sensitive to the
noise in the input images. A more proper curve representa-
tion which is smooth, stable and easy to learn is needed to
improve the robustness of the centerline-based methods.

In this paper, we propose B-Spine, a novel deep learning
pipeline to learn B-spline curve representation of the spine
centerline and estimate the Cobb angles from low-quality
X-ray spine images. Our goal is to achieve both robustness
and interpretability for the spinal curvature estimation by
representing the spine with the powerful and well-suited B-
spline (Unser 2002). Our pipeline consists of three modules:
Spine Mask Segmentation, B-Spline Centerline Prediction
and Cobb Angle Estimation. First, we propose a novel Seg-
Refine network which employs the unpaired image-to-image
translation, i.e., CycleGAN (Zhu et al. 2017), to refine the
initial segmentation mask obtained from the low-quality X-
ray image. Next, we learn a B-spline curve representation for
the centerline from the segmentation mask via a novel mask-
based B-spline prediction model, while the control points
and knots for constructing the B-spline curve are jointly pre-
dicted under supervision from the GT parameters and a new
point-based resample loss. Finally, we propose a hybrid ap-
proach which combines the curve slope analysis and a curve-
based regression model to obtain final Cobb angles.

For evaluation, we perform experiments using 609 images
in the public AASCE2019 dataset and compare the results
with representative and SOTA methods which are based on
segmentation mask, landmarks and centerline. In addition,
we collect and annotate a more challenging new dataset,
named JLU-CJUH dataset, which contains 584 low-quality
X-ray spine images for evaluation. Extensive quantitative
and qualitative results show our B-Spine can generally out-
perform the compared methods. We also conduct ablation
studies to verify our main modules. The code is available at
https://github.com/JLU-ICL/B-Spine.

In summary, our contribution are as follows:

* We propose B-Spine, a novel deep learning pipeline to
learn B-spline curve representation of the spine center-
line and estimate the Cobb angles from low-quality X-ray
images. To our best knowledge, we are the first to rep-
resent the spine using the B-spline curve and our novel
multi-stage framework can predict the B-spline and Cobb
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angles in a robust and interpretable manner.

* We propose a novel SegRefine network that employs the
unpaired image-to-image translation to generate a high-
quality spine mask from the initial segmentation result.
With the refined mask, our B-spline prediction is less af-
fected by the quality of the input image.

* We conduct quantitative and qualitative comparisons
with the representative and SOTA learning-based meth-
ods on the public AASCE2019 dataset and our new pro-
posed JLU-CJUH dataset. From the results, our B-Spine
framework achieves superior performance especially for
challenging low-quality images.

2 Related Work

Computer-aided Cobb angle estimation has been widely
studied in the medical imaging and computer vision com-
munity. In this section, we mainly focus on reviewing recent
learning-based methods and briefly reviewing the B-spline
representation and its application in medical imaging.
Estimation based on the spine segmentation mask.
Thanks to the rapid development of segmentation techniques
(Ronneberger, Fischer, and Brox 2015; Huang et al. 2020),
the spine segmentation mask can be extracted in a rela-
tively accurate and efficient manner. Based on the learned
segmentation mask, (Wang, Huang, and Wang 2020) trains
an angle regression network to predict the Cobb angles. In-
stead of training the segmentation and angle regression net-
works separately, SegdReg+ (Lin et al. 2021) jointly opti-
mizes these two networks and achieves the SOTA perfor-
mance for Cobb angle estimation. As these methods mainly
perform the prediction by direct regression on the segmen-
tation mask, their results are not well interpretable, i.e., it is
unknown which image region the angles are corresponding
to. In our B-Spine, the segmentation mask is used to pre-
dict the B-spline centerline which can be processed to ob-
tain interpretable angle estimation. Furthermore, to improve
the noisy segmentation mask obtained from the low-quality
X-ray image, we take the inspiration from (Gu et al. 2021)
and employ the unpaired image-to-image translation model
CycleGAN (Zhu et al. 2017) to generate refined mask with
most of noise removed. With the refined mask, we can per-
form more robust mask-based B-spline prediction.
Estimation based on vertebral landmarks. Besides the
spine segmentation mask, the shape of each vertebra can
provide more geometric and structural information of the
spine. Normally, the four corners of each vertebra are an-
notated as the landmarks which can be predicted from an
input X-ray image and be used to estimate the Cobb angles.
The landmarks prediction is usually treated as a regression
task. (Wu et al. 2017) proposes the BoostNet which inte-
grates statistical outlier removal methods into CNN-based
feature extraction to obtain robust image features for land-
marks regression. The data from (Wu et al. 2017) which
contain landmarks annotations on 17 vertebra composed of
the thoracic and lumbar spine later become the base of the
AASCE2019 dataset (Li and Wang 2019) and promote the
advancement of landmarks-based spinal curvature estima-
tion (Chen et al. 2019; Lin et al. 2020; Kim et al. 2020;
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Figure 2: Overview of our B-Spine pipeline for estimating Cobb angles from a low-quality X-ray image.

Zhang et al. 2021). In addition to predicting the landmarks
from the single AP view X-ray images, (Wu et al. 2018;
Wang et al. 2019) utilize multi-view X-ray images for more
robust Cobb angle estimation. Due to the annotation diffi-
culty and estimation error, it is hard to obtain accurate land-
marks for low-quality images. In contrast, we leverage the
segmentation mask which is easier to obtain, and conduct
mask-based B-spline centerline prediction.

Estimation based on the spine centerline. Since the
spine itself is in a curve shape, the spinal curvature estima-
tion can be directly performed on the spine centerline curve
extracted based on input X-ray image, segmentation mask
or the extracted vertebra shape. In general, the centerline
can be represented in different curve representations. For
example, (Alharbi et al. 2020) directly connects the center
points of the vertebra estimated from the input X-ray image
using CNN. In (Tu et al. 2019), the centerline curve is ob-
tained by fitting a 6-degree polynomial curve to the center
points extracted based on the spine segmentation mask. To
improve the robustness of center points extraction, (Dubost
et al. 2020) proposes CasNet which employs cascaded seg-
mentation networks to obtain the segmentation mask of the
centerline, from which the dense center points are extracted,
connected and smoothed to form the centerline curve. For
above methods, the Cobb angles can be obtained by analyz-
ing slopes of the centerline curve. On the other hand, (Huo
et al. 2021) jointly optimizes the centerline extraction and
the centerline-based Cobb angle regression. Comparing to
above methods, we adopt the B-spline curve for more robust
centerline extraction and design a specific network to learn
B-spline parameters from the segmentation mask. To further
improve the robustness and interpretability of our pipeline,
we use a hybrid scheme to combine results from the curve
slope analysis and curve-based Cobb angle regression.

B-spline representation and its application. B-spline is
a powerful curve or surface representation which is widely
used in computer graphics and computer-aided design (Gor-
don and Riesenfeld 1974; Patrikalakis and Maekawa 2002).
In the medical imaging domain, B-spline representation has
also been investigated for image interpolation (Lehmann,
Gonner, and Spitzer 1999), segmentation (Brigger, Hoeg,
and Unser 2000) and registration (Klein, Staring, and Pluim
2007) etc. By using B-spline to represent the curves, the re-
sults are usually smoother and more robust (Williams et al.
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2021). Meanwhile, to our best knowledge, there is no prior
work that uses the B-spline to represent the spine center-
line. Recently, some works apply deep learning to predict
B-spline representation from point sequence (Laube, Franz,
and Umlauf 2018) and segmentation boundary (Barrow-
clough et al. 2021). We take the similar idea of using deep
learning to predict B-spline parameters, while our network
is designed for the mask-based centerline approximation.

3 Method

In this section, we first briefly review the preliminaries on B-
spline curve including the mathematical definition and con-
struction algorithm. Then, we introduce details about the
three modules of our B-Spine framework. Figure 2 shows
an overview of our multi-stage pipeline.

3.1 Preliminaries on B-Spline Curve
Spline curve is a smooth curve widely used for curve fit-
ting or interpolation. It is defined by using piecewise poly-
nomials to approximate or pass through a series of given
points. B-spline or basis spline curve is a specific type of
spline curve which has good properties such as local sup-
port, flexibility and high approximation accuracy. Given n +
1 control points {Py, Py, - -, P,} and a knot vector U =
{uo,u1, "+, Un }, a B-spline curve of degree p is defined as:
C(u) = Biy(u)P, 1)
i=0
where B; ,,(u) are B-spline basis functions of degree p. The

most common way to define the B-spline basis functions is
using the Cox-de Boor recursion formula:

Bio(u) ={1,if u; <u <uit1,0,otherwise,

< (2)
Bip(u) = Bip-1(u) + %Bz‘ﬂp—l(u) (3)

Based on the definition of B-spline, the following relation-
ship between the degree p, the number of control points n+1
and the length of knot vector m + 1 needs to be satisfied:
m = n + p + 1. In this paper, we adopt a special case of
B-spline, i.e., clamped B-spline , for which the curve passes
through the first and last control points and is also tangent
to the first and last legs of its control polyline. To enable
the clamped effect, it is required the first p + 1 and the last
p + 1 knots must be identical. Please refer to (Patrikalakis
and Maekawa 2002) for more introduction about B-spline.

U—U;
Ujtp—Uj
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3.2 Spine Mask Segmentation

The first module of our B-Spine framework is Spine Mask
Segmentation or MaskSeg in short. Given an input X-ray
image, we first segment the spine mask with a conventional
semantic segmentation network. Here, we employ SSformer
(Shi, Xu, and Gao 2022) which is a lightweight transformer-
based method and enhance it with an additional structural
similarity index (SSIM) loss (Wang et al. 2004) for better
segmentation quality. Other semantic segmentation meth-
ods such as U-Net (Ronneberger, Fischer, and Brox 2015)
can also be used in this step to obtain an initial segmenta-
tion mask. However, due to the low quality of X-ray images,
there may be significant noise in the initial mask (see Figure
1 (a)). Also, according to our experiments, it is difficult to
reduce the noise by simply fine-tuning the network or using
other segmentation models.

Inspired by the application of generative adversarial net-
works (GANs) for denoising low quality medical images
(Gu et al. 2021), we propose a SegRefine network which
refines the initial noisy mask based on the unpaired image-
to-image translation technique. Specifically, we train a Cy-
cleGAN model (Zhu et al. 2017) with a set of noisy masks
predicted by the conventional segmentation network and a
set of GT masks, while the images of these two sets are un-
paired which can improve the generalization ability of the
SegRefine network. After training, the SegRefine network
can translate/generate a refined mask from the initial noisy
mask, or vise versa. Comparing to the supervised learn-
ing based method, our unsupervised SegRefine model will
mainly focus on converting images in one set into the style
of images in the other set. Thus, it is more robust and more
generalizable to the more diversified masks obtained from
low quality images.

3.3 B-Spline Centerline Prediction

The second module of our pipeline is B-spline Centerline
Prediction or CurvePred, which predicts B-spline parame-
ters for representing the spine centerline from the segmenta-
tion mask. In our implementation, we choose the clamped B-
spline of degree p = 3 and the number of control points and
knots are 10 and 14, respectively. Following the constraints
for the clamped B-spline, the first 4 knots are set to be 0 and
the last 4 knots are set to be 1, i.e., the knot vector become
to {0,0,0,0, u4, us, - - -, ug, 1,1,1,1}. Hence, the B-spline
parameters to predict include positions of 10 control points
and values of 6 knots. We formulate the B-spline prediction
as a regression problem and use GT values as supervision to
compute losses for these parameters. Besides, we also pro-
pose a new resample loss which is computed based on the
centerline points resampled from the predicted and GT B-
spline to enforce explicit point supervision on the B-spline
curve. In Section 4.1, we provide details for how to pre-
pare the GT centerline points. Overall, the CurvePred mod-
ule contains three steps: 1) predict initial centerline points
from the refined segmentation mask; 2) predict B-spline pa-
rameters; 3) resample centerline points from the predicted
B-spline and use them to compute the resample loss.

Initial centerline points prediction. Directly predicting
the B-spline parameters from the segmentation mask may
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lead to unstable results. Therefore, we first predict a set of
initial centerline points from the mask and then use these
points as input for predicting the B-spline parameters. To
predict the centerline points, we modify the last layer of
ResNet101 (He et al. 2016) so that the coordinates of 34
centerline points are predicted under the supervision of GT
centerline points. The loss for predicting initial centerline
points is defined as:

34
1 .
Linit = 7 > G =GP, )
1=1

where Ci"* and C&7T denote i-th predicted or GT centerline
points and || - ||2 is the L2 norm.

B-spline parameters prediction. From initial centerline
points, we use a 4-layer MLP to predict the B-spline param-
eters, i.e., the control points and knots, and define the loss:

Lparas = 1y Limo [PF" = PETI3 + § iy IUF™ = UFT3, (5)
where PP"4, pAT P4 JCGT denote the i-th predicted or
GT control points or knots, respectively.

Resample loss. After predicting the control points and
knots, we construct the B-spline curve C'(u) using the Cox-
de Boor algorithm. As the B-spine parameters are predicted
from the initial centerline points, the accuracy of the curve
may be affected by the quality of the segmentation mask.
To improve the robustness of curve prediction and boost the
performance, we propose a new resample loss to introduce
more constraints on the centerline points computed from the
predicted curve. Specifically, we use the same set of param-
eters {u; } for generating the GT centerline points and obtain
a set of resampled centerline points {C(u;)}. Then, the re-
sample loss is defined as:

34

1
Lresample = 374 Z ||C(ul) - CFT||§7 (6)
=1

where u; is the i-th curve parameter obtained by uniform
sampling from [0, 1], following the same procedure for GT.
In summary, the total loss for CurvePred module is:

LCuT"UeP'red = >\1 : Linit + A2 . Lpa7'as + A3 . L7'esample- (7)

In our current implementation, we set A\; = 1, Ay = 0.1,
A3 = 0.1 and jointly train the ResNet101 and the MLP for
initial centerline points and B-spline parameter prediction.

3.4 Cobb Angle Estimation

The last module of our pipeline is Cobb Angle Estimation or
AngleEst. From the predicted B-spline centerline, the Cobb
angles can be directly estimated by performing curve slope
analysis. On the other hand, as a multi-stage pipeline, the
errors from previous modules may accumulate and lead to
inaccurate B-spline curve. To alleviate this issue, we further
learn a regression model to predict the Cobb angles from the
learned B-spline curve. Then, we combine the results from
both schemes and obtain the final Cobb angle estimation.
Cobb angles from curve slope analysis. Similar to previ-
ous methods (Dubost et al. 2020), we can estimate the Cobb
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angles by finding the maximum and minimum slopes of the
spine curve at sampled points. Given a predicted B-spline
curve, we first sample 17 points, denoted as {.S; }, with equal
arc length, while these points correspond to 12 thoracic ver-
tebra and 5 lumbar vertebra. Next, for each point .S;, we sam-
ple another point .S; that is sufficiently close to it so that we
can compute the slope at .S; as:

S —S;
slope; = Sjyfsy, 8)

where S; ., Sg’x, Siys Sl’-’y are the x and y coordinates for .S;
and S}, respectively. Here, we assume the spine spans along
the y direction and all S} are sampled at the same neighbor-
ing side of S;. Then, we find the maximum and minimum
slopes w.r.t the 17 sampled points and compute the MT an-

gle as:

Slopemaz - Slopemin |
1+ slopemas + slopemin

Cobbyr = $| arctan ©)
Similarly, we can compute the PT or TL angle by find-
ing the maximum or minimum slopes above or be-
low the points used for computing MT. The results of
the slope-based Cobb angles are denoted as Cobb®
{Cobb3 1, Cobbhy, Cobbs.; }.

Cobb angle regression. To regress the Cobb angles from
the B-spline centerline, we reuse the 34 resampled points
{C(u;)} as input and train a 4-layer MLP to predict the an-
gles under the supervision of GT values, while MSE loss is
used for each angle. The results of the predicted Cobb angles
are denoted as Cobb” = {Cobb’, /1, Cobb’p., Cobbl; }.

Through our statistical analysis, Cobb® and C'obb” have
different error distributions. When one method produces an
over-estimated result w.r.t. to GT angle, the other one may
produce an under-estimated result. Finally, we linearly com-
bine the slope-based and regression-based Cobb angles and
obtain the final results:

Cobb = - Cobb® + (1 — ) - Cobb",

(10)

where « can be selected based on the performance of each
angle using the validation set of different datasets. From our
experiments, we set &« = 0.4 for MT, and o = 0.5 for PT
and TL on AASCE2019 dataset, and o« = 0.5 for MT, and
a = 0.8 for PT and TL on JLU-CJUH dataset. More details
about how « is selected are provided in Section 4.4.

4 Results

In this section, we first provide the details of two datasets
and evaluation metrics we used for experiments. Then, we
perform quantitative and qualitative comparisons with rep-
resentative and SOTA methods to show the superiority of
our method. Ablation studies on both datasets are also con-
ducted to verify the effectiveness of proposed modules.

4.1 Datasets and Evaluation Metrics

AASCE2019 dataset. The MICCAI 2019 Challenge on Ac-
curate Automated Spinal Curvature Estimation provides the
dataset which is formed based on data from (Wu et al. 2017,
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Wang et al. 2019). The dataset consists of 609 spinal AP
X-ray images with 481 images used for training and 128 im-
ages for testing. Each image is annotated with the corners of
each vertebra as landmarks (17 x4 in total) and three Cobb
angles (MT, PT and TL) by professional clinicians. To uti-
lize this dataset in our framework, we first obtain the spine
segmentation mask by connecting the left and right board-
ers of each vertebra to get the left and right mask contours,
while the top and bottom boarders of the first and last ver-
tebra become the top and bottom contours. Then, we extract
the center of top and bottom boarders of each vertebra and
get 34 initial centerline points. Then the GT parameters for
the B-spline, including 10 control points, 14 knots (with 6
unknown knots), can be estimated by fitting the 3-degree
clamped B-spline to the initial centerline points. In addition,
we sample 34 GT centerline points from the B-spline curve
by uniform sampling the curve parameter u € [0, 1].

JLU-CJUH dataset. To evaluate the performance of our
method in more challenging scenarios, we build a new
dataset which contains 584 spinal AP X-ray images col-
lected from Jilin University China Japan Union Hospital.
We split the dataset by 7:1:2, i.e., 408, 58 and 118 images
for training, validation and testing, respectively. These im-
ages are normally in a lower quality than AASCE2019, e.g.,
blurrier and hazier, and it may be difficult to identify individ-
ual vertebra even by human. Thus, it is almost impossible to
annotate the vertebral landmarks and train the landmarks-
based methods on this dataset. On the other hand, it is eas-
ier to annotate the segmentation mask since only the rough
shape needs to be labelled and the professionals have suffi-
cient knowledge to identify the spine even from blurry im-
ages. Therefore, we design a labelling tool based on La-
belMe (Russell et al. 2008) for manual annotation. Two pro-
fessional local clinicians are trained to use our tool for an-
notating each image in JLU-CJUH dataset with the spine
segmentation mask and three GT Cobb angles.

Evaluation metrics. Following previous works (Lin et al.
2020; Dubost et al. 2020), we evaluate the accuracy of the
results using the mean absolute error (MAE) for each Cobb
angle, in degrees. In addition, the symmetric mean absolute
percent error (SMAPE) for all Cobb angles are computed:

3
Z Zee@ |Ai,9 - A;:,e
i=1 de@ (Aiﬂ + A;,e)

Here, © = {MT, PT,TL} is the set of Cobb angles; A; ¢
and A] 4 are the ground truth and predicted Cobb angles; N
is the number of images in the evaluation set.

N

1
MAPE = —
o N

x 100%, (11)

4.2 Implementation Details

Our framework contains several networks which are trained
in different manners. In MaskSeg, input X-ray images are
resized to 512x256 following (Lin et al. 2020) and the SS-
former is trained using the GT masks as supervision to pro-
duce the initial segmentation masks. Then, we train the Cy-
cleGAN using the initial segmentation masks and the GT
masks as two sets of unpaired data, and the learned gener-
ator for the initial-to-refine mask translation is used as the
SegRefine network. In CurvePred, we train the ResNet101
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based image encoder and the MLP jointly, while the GT cen-
terline points and GT B-spline parameters are used as super-
vision. In AngleEst, the MLP for regressing the Cobb angles
is trained using the resampled B-spline centerline points as
input and the GT angles as supervision. Note all networks
are trained using images in the currently evaluated dataset.
Our code is implemented in PyTorch and runs on a PC with
a 3.6GHz CPU and one NVIDIA RTX 3060 GPU. In to-
tal, it takes 20h to train the whole pipeline for AASCE2019
or JLU-CJUH. For testing, it takes about 0.071s to estimate
Cobb angles from an X-ray image.

4.3 Comparisons

Quantitative comparisons. We perform quantitative evalu-
ations on both AASCE2019 and JLU-CJUH dataset to com-
pare the performance of our B-Spine framework with ex-
isting representative and SOTA methods. For AASCE2019,
the compared methods include: Seg4Reg (Lin et al. 2020),
a representative landmarks-based method which wins the
MICCAI 2019 AASCE Challenge; Segd4Reg+ (Lin et al.
2021), a mask-based method which achieves the SOTA per-
formance on AASCE2019; CasNet (Dubost et al. 2020),
a representative centerline-based method that predicts the
dense centerline points based on cascaded segmentation net-
works; JointNet (Huo et al. 2021), a joint centerline predic-
tion and Cobb angle estimation method which achieves the
SOTA performance on AASCE2019 among the centerline-
based works. We compare the MAE and SMAPE values re-
ported in their paper. For JLU-CJUH dataset, we only com-
pare with Seg4Reg and CasNet as only the code for Seg4dReg
is available and the CasNet is relatively straightforward to
implement. For Seg4Reg+ and JointNet, we do not try to
implement their pipelines as they are quite involved and our
implementation may not well reflect the capability of their
methods. To produce the results, we use the released code of
Seg4Reg and CasNet implemented by ourselves to train the
models with images in JLU-CJUH dataset.

From Table 1, our method achieves the best performance
except the SMAPE on AASCE2019. One possible reason is
the SMAPE metric itself prefers the predicted angles which
are larger than GT, i.e., since the predicted values also ap-
pear in the denominator (see Equation 11), SMAPE would
produce smaller values when the predicted angle is larger,
even if the relative absolute error from a smaller predicted
angle is the same to the error of the larger prediction.

Qualitative comparisons. To quantitatively evaluate our
method, in Figure 3, we show the visualization of our results
and compare them with the results from the centerline-based
method CasNet. The reason for choosing CasNet for com-
parison is other methods such as Seg4Reg and Seg4Reg+ are
mainly regression-based and non-interpretable and no qual-
itative results can be visualized. From the visualized results,
our method is able to perform robust and accurate prediction
for low-quality images with noisy or partially broken masks.

4.4 Ablation Studies

Effectiveness of the SegRefine network. The SegRefine
network improves the quality of the segmentation mask
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Method MT PT TL SMAPE
SegdReg 471 5779 5.65 10.85
Segd4Reg+ 3.88 4.62 499 8.47
CasNet 512 541 543 11.42
JointNet 426 487 5.18 10.25
Ours 3.73 413 4.81 9.53
SegdReg  4.89 587 634  18.87
CasNet 473 779 728 2222
Ours 417 459 420 1553

Table 1: Quantitative comparisons on AASCE2019 (upper
part) and JLU-CJUH dataset (lower part). MT, PT, TL stand
for the mean absolute error (MAE) of the main thoracic
(MT), proximal thoracic (PT) and thoracolumbar/lumbar
(TL) angles, respectively.

X-ray

CasNet Ours GT X-ray CasNet Ours GT

Figure 3: Qualitative comparisons on AASCE2019 (top) and
JLU-CJUH (bottom) images. It can be observed our center-
lines (red curve) and location of endplates (green segments)
for estimating the Cobb angles are closer to the GT.

so that the following CurvePred module receives more re-
fined input. To verify its effectiveness, we compare with the
pipeline trained with the SegRefine network disabled, i.e.,
the initial segmentation mask from the SSformer is used for
predicting the B-spline. From the comparison between the
2nd and last row of Table 2 and 3, it shows the SegRefine
network can indeed lead to more accurate Cobb angle es-
timation. Furthermore, we quantitatively compare the seg-
mentation masks obtained with different methods. We eval-
uate the intersection over union (IoU or Jaccard index), Dice
coefficient (Dice), pixel-wise accuracy (pixel-AC) metrics of
the output segmentation masks for the AASCE2019 dataset.
The results reported from Segd4Reg+ (Lin et al. 2021) and
our method without the SegRefine network are compared in
Table 4. It can be seen our SegRefine network can indeed
improve the accuracy of the segmentation mask and gener-
ate the results outperforming other baselines.

Effectiveness of the B-spline curve representation. In
our CurvePred module, we use B-spline curve to fit the ini-
tial centerline points. To verify the benefits of B-spline over
other curve representations, we conduct experiments with
other representative curve representations for point fitting or
interpolation. Specifically, we perform curve fitting with a
6-degree polynomial curve which is used in (Tu et al. 2019),
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Method Avg MT PT TL SMAPE
w/o SegRefine 4.64 4.00 4.64 5.28 10.43
6-Poly 536 388 591 6.30 11.02
CS 4.65 438 426 531 9.88
CHS 435 403 4.14 4.89 9.69
Lyparas only 545 443 557 6.34 12.87
W/0 Lycsampte 475 413 487 526 10.53
Cobb® only 473 437 4.66 5.16 10.89
Cobb" only 495 417 5.13 554 10.86
Ours 422 373 413 481 9.53

Table 2: Quantitative ablation studies on AASCE2019
dataset. Avg is the average value for the MAE of MT, PT and
TL angles. 6-Poly stands for 6-degree polynomial curve, CS
and CHS are the acronym for cubic spline and cubic Hermite
spline curve, respectively.

Method Avg MT PT TL SMAPE
w/o SegRefine 439 437 455 4.24 15.86
6-Poly 511 436 629 4.68 16.23
CS 444 440 474 417 1557
CHS 449 440 482 425 15.55
Lparas only 5.00 420 481 598 16.77
W/0 Lycsampte  4.54 433 472 458 1582
C'obb® only 5.15 436 635 474 16.85
Cobb" only 574 473 653 595 16.96
Ours 432 417 459 420 15.53

Table 3: Quantitative ablation studies on JLU-CJUH dataset.
The acronyms have the same meaning as in Table 2.

and point interpolation with cubic spline curve and cubic
Hermite spline, to the initial centerline points. The curves
obtained by above methods are passed to the AngleEst mod-
ule to get the final results, while the quantitative results are
shown in 3rd to 5th rows of Table 2 and 3. It can be observed
our B-spline curve achieves the best performance and the
cubic Hermite spline curve is the second best, and the curve
fitted by the 6-degree polynomial produces the largest error.
These results verify the B-spline curve is a more suitable
spine representation which can support more robust angle
estimation.

Effectiveness of the loss design. To learn the B-spline,
we optimize the losses for B-spline parameters and the cen-
terline points (Equation 7) in the CurvePred module. We
conduct experiments to evaluate the effectiveness for these
terms. First, we train the B-spline prediction model by only
using the Lj,qs loss and the results are shown in 6th row
in Table 2 and 3. It can be seen that directly predicting the
B-spline parameters (i.e., only using Lqrqs l0ss) leads to
inferior angle prediction accuracy. In addition to the super-
vision on B-spline parameters, the centerline points based
losses Lipir and Lyesqmpie enforce the point-wise supervi-
sion for more stable B-spline learning. To verify their effec-
tiveness, we train a new CurvePred module with L;,,;; added
t0 Lparas, 1.€., without L;.csqmpie, and the results are shown
in the 7th row of Table 2 and 3. The performance increase
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Method IoU  Dice pixel-AC
MDC (Wei et al. 2018) 7591 86.31 96.73
SegdReg+ (Lin et al. 2021) 77.86  87.55 95.49
w/o SegRefine 91.27 9543 98.23
Ours 93.19 96.40 99.24

Table 4: Quantitative evaluation of various segmentation
models on AASCE2019 dataset. Note in w/o SegRefine and
ours, the re-trained SSformer is used for generating the ini-
tial segmentation mask. Values of MDC and Seg4Reg+ are
reported from (Lin et al. 2021).

validation set test set
« MT PT TL | MT PT TL
02 | 430 5.68 538|437 499 488
03| 413 539 491 | 424 485 451
04 | 407 515 463|417 472 4.38
05| 411 472 434 | 420 459 4.20
0.6 | 422 492 441 | 436 478 4.48

Table 5: Analysis of a for combining the slope and regres-
sion based Cobb angles on JLU-CJUH dataset.

comparing to using Ly,qyqs only (6th row) indicates explicit
point supervision is helpful for B-spline learning. Moreover,
by adding the L,csqmpie 10ss, the performance is further in-
creased in our full model. Such results verify the effective-
ness of the resample loss for providing more constraints for
learning the B-spline in a more robust manner.

Effectiveness of the hybrid scheme for Cobb angle es-
timation. In the AngleEst module, we combine the curve-
slope based angle C'obb® and the regression-based angle
Cobb" to obtain the final angle. To evaluate the effectiveness
of such hybrid Cobb angle estimation scheme, we compare
the results obtained by only using C'obb® or C'obb” in the 7th
and 8th rows of Table 2 and 3. It can be found the errors of
Cobb® are relatively smaller than C'obb”, indicating the B-
spline is well learned and the angles obtained by curvature
analysis are fairly consistent with the human annotation. It
is also worthy noting that our final angles obtained by com-
bining C'obb® and C'obb” produces the smallest error. This is
due to C'obb® and Cobb"™ may outperform each other in dif-
ferent cases. By combing them together, we can benefit from
the advantages of both angle estimation manners.

Analysis of parameter a. The main parameter in our
pipeline is the weight « for combing the Cobb angles ob-
tained by the curve-slope analysis and curve-based regres-
sion. In our implementation, « is set based on the perfor-
mance on the validation set. Also, since each type of Cobb
angle (i.e., MT, PT, TL) has different result distribution, « is
independently set for each angle type. Table 5 shows the ex-
periment record when we selected « based on the validation
set as well as the performance on the test dataset.

5 Conclusion

In this paper, we propose B-Spine, a novel deep learning
pipeline for robust and interpretable spinal curvature esti-
mation from low-quality X-ray images. To our best knowl-



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

edge, we are the first to represent the spine with a smooth
and flexible B-spline curve. To improve the performance, we
propose novel solutions for each module, including the Seg-
Refine network to generate refined mask from the initial seg-
mentation, the multi-step B-spline learning with the resam-
ple loss for explicit point supervision and the hybrid Cobb
angle estimation by combining the curve analysis and data-
driven approaches. Since the three modules of our pipeline
can be trained independently, it is convenient to improve
each module by using latest networks or new architectures.
Meanwhile, as the later module still depends on the result
of former one, the multi-stage pipeline may meet the issue
for error accumulation, especially for severe low-quality in-
put. How to improve the robustness of the pipeline while
still keeping the interpretability of different modules is an
interesting future work.

Benefited from our B-Spine, the workload of the clini-
cians can be alleviated as the spinal curvature can be es-
timated in an automatic and interpretable manner. Also,
thanks to our robust pipeline, B-Spine can be applied to low-
quality images obtained from the outdated devices and help
to improve the medical service for underdeveloped regions.
We believe our B-spline spine representation, the pipeline
for annotating and learning the B-spline spine, as well as
our JLU-CJUH dataset can inspire more follow-ups for more
accurate, more robust and more interpretable Cobb angle es-
timation.
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