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Abstract—Automatic vertebrae localization and segmentation
in computed tomography (CT) are fundamental for computer-
aided detection (CADe) and computer-aided diagnosis (CADx)
systems. However, they remain challenging due to the high
variation in spinal anatomy among patients. In this paper, we
propose a simple, model-free approach for automatic CT verte-
brae localization and segmentation. The segmentation pipeline
consists of 3 stages. In the first stage the center line of the
spinal cord is estimated using convolution. In the second stage a
baseline segmentation of the spine is created using morphological
reconstruction and other classical image processing algorithms.
Finally, the baseline spine segmentation is refined by limiting its
boundaries using simple heuristics based on expert knowledge.
We evaluated our method on the COVID-19 subdataset of the
CTSpinelK dataset. Our solution achieved a dice coefficient
of 0.8160+0.0432 (meanzxstd) and an intersection over union of
0.6914+0.0618 for spine segmentation. The experimental results
have demonstrated the feasibility of the proposed method in a
real environment.

Index Terms—spine segmentation, CT, image processing, ex-
pert system

I. INTRODUCTION

The segmentation of the rib cage can be an important
stage in computer-aided detection (CADe) and computer-aided
diagnosis (CADx) systems. In some cases, the spine, as part
of the rib cage, may even need to be segmented separately.
Current solutions for dealing with this task generally use
explicit models of some kind. However, to create sufficiently
robust models, large amounts of well-labelled heterogeneous
data are required. This is not always available. Another draw-
back of these solutions is that they focus on segmenting the
vertebrae individually, thus require a manually defined bound-
ing box, which makes these algorithms only semi-automatic.
Furthermore, the individual labeling is not necessary for all
applications. In this work, we propose a fully-automatic, ex-
plicit model-free algorithm for spine segmentation that utilizes
medical expert knowledge.

II. RELATED WORK

The segmentation of the spine is a currently active area
of research. These solutions usually utilize a model to create
an accurate segmentation. The two main approaches are the
neural network and the statistical model-based solutions. There
are several studies [1]-[4] investigating the use of U-Net [5]
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for spine segmentation. Cheng et al. [6] designed a two-
stage Dense-U-Net for automatic CT vertebrae localization and
segmentation. In the first step the centroid of the vertebrae was
localized on the 2D slices using a 2D-Dense-U-Net. Based
on the centroids, a 3D-Dense-U-Net is utilized to segment
the vertebrae within the region-of-interests that are detected
during the first stage. Vania et al. [7] combined a convolutional
neural network (CNN) and a fully convolutional network
(FCN). They also utilize class redundancy to improve the
segmentation results. This means that the area around the spine
is masked with a different value in the training data, forcing
the model to accurately distinguish between the spine and its
surroundings.

To determine a statistical shape model (SSM), Dryden et
al. [8] utilized labeled landmark points of the examined shape
(body). This model is fitted to the detected landmark points
in case of the actual problem by registration. Benameur et
al. 9] use a 2.5D statistical registration model from biplanar
radiographic images for the 3D reconstruction of the vertebrae
of a scoliotic spine.

Khandelwal ez al. [10] designed a two-step pipeline for
vertebrae segmentation utilizing the active shape model algo-
rithm [11], which is a type of statistical shape analysis. In the
first step of their pipeline the entire spine is segmented as a
single surface object using region-based geometric flows. This
step requires a seed point identified by the user. In the second
step, the geometry of the vertebrae is taken into account during
the segmentation of the individual vertebrae. They utilize a
shape prior that is fitted based on the density values of the
surrounding area of the spine.

III. METHOD

The segmentation consists of 3 main steps. First, the center
of the spinal cord is estimated on each axial slice. Then,
morphological reconstruction is applied to create a baseline
segmentation of the spine. Finally, this segmentation is refined
to obtain the final segmentation.

A. Spinal cord center estimation

To estimate the center of the spinal cord in the axial slices,
first, the Hounsfield unit (HU) values (see Figure la) are
thresholded to highlight the values above bone density. We set
this threshold to 150 HU to ensure that the bone values are
included in the segmentation even in the presence of noise.
You can see the resulting segmentation mask in Figure 1b.
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Although with this solution, the thresholding is robust, if
contrast material is present, the heart and other blood vessels
are also highlighted. To address this issue, only the posterior
half of the body is taken into account on the axial slices.
Another problem caused by the presence of the contrast agent
concerns the descending aorta. The descending aorta runs
close to the spine thus its segmentation might merge with the
segmentation of the spine. This problem is solved by removing
the segmentation of the descending aorta from the resulting
mask. To create the segmentation of the descending aorta a
Hough transform-based method [12] is utilized.

The center of the spinal cord is localized using convolution.
The mask created by thresholding is convolved with a disk
kernel on each axial slice. The diameter of the kernel is set
to match the size of an average vertebra. The result of the
convolution step is shown in Figure 1d.

(a) Input CT slice

(b) Bone mask created by thresh-
olding the input CT

(c) The spine localization map (d) The result of the convolution
with overlay on which the center of the spine
is localized

Fig. 1: The steps of estimating the center of the spinal cord.
LIDC_0018 [13]

To make the localization more robust the sagittal slice
that contains the largest segmented area is selected. This is
expected to select the sagittal slice at the center of the spine.
This sagittal slice defines a column in the axial slices, with a
band around it in which we look for the center. In this band,
on each slice, the point with the largest value obtained from
the convolution is selected. The resulting points are smoothed
by polynomial fitting using the RANSAC [14] method with
L1 norm fidelity term, which makes it robust to outliers. The
resulting cord center is shown in Figure 2.

B. Baseline spine segmentation

The segmentation created by thresholding the density values
and the resulting estimated spinal cord center points are
utilized to create a baseline spine segmentation. First, rays

Fig. 2: The estimated spinal cord center points (yellow) and
the fitted polynomial (green) projected onto the center sagittal
slice determined by the algorithm. LIDC_0018 [13]

are cast from the center points to the anterior and posterior
directions. The points are recorded where the rays intersect
the segmentation. Points far from the center are discarded.
The remaining points serve as seed points for morpholog-
ical reconstruction [15], which is also based on the mask
produced by thresholding (bone mask). The morphological
reconstruction is performed on each slice separately. At this
point, the voxels belonging to the spinous process might not be
included in the reconstructed mask, since they might belong to
a component other than the seed points of the reconstruction on
the bone mask. This can be solved by dilating the reconstructed
mask across the slices, masking it with the bone mask (using
binary AND operation) and applying another morphological
reconstruction. This solution had two drawbacks. The first
problem is that the segmentation of the descending aorta is
not perfect and the edge of the descending aorta might be
included in the bone mask. Therefore, the dilation across the
slices combined with the second reconstruction may result in
a segmentation that flows into the unsegmented part of the
descending aorta and into the posterior part of the heart. This
is solved by applying the dilation across the slices only in the
inferior direction (i.e. away from the head). This means that
the segmentation of a slice is affected only by the segmentation
of the slices in superior direction (i.e. towards the head). This
way the imprecise segmentation of the descending aorta cannot
flow into the superior slices. The other problem is similar:
part of the descending aorta and other small vessels next
to the vertebral body may be included in the bone mask.
This can lead to the inclusion of unnecessary objects in the
segmentation after the second morphological reconstruction is
applied. To overcome this phenomenon the iteration number
of the morphological reconstruction is limited in the anterior
direction from the center point. An example of the resulting
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Fig. 3: The resulting baseline spine segmentation. This seg-
mentation is refined by subsequent steps to reduce the seg-
mentation of the ribs. LIDC_0018 [13]

segmentation can be seen in Figure 3.

C. Limiting the boundaries of the segmentation

As it can be seen in Figure 3, the segmentation resulting
in the previous step includes unnecessary parts: typically the
ribs are included in the segmentation. The performed steps
described in this section aim to reduce this type of error. These
algorithms utilize expert medical knowledge to determine
bounding lines for the segmentation mask on the axial slices.

We start with the reconstructed mask and the spinal cord
center from the previous step to create these lines. In the axial
slices, this reconstructed mask is used to determine the top of
the vertebral body. Several columns of this mask are selected
in a band around the estimated center of the spinal cord. The
upper part of the segmentation in this band is considered the
most anterior part of the vertebral body.

Maximum intensity projection is performed perpendicular
to the sagittal slices, followed by thresholding to determine
the end of the spinous process. This can be obtained from
the segmentation mask directly. Since the end of the spinous
process can be found further back than the ribs, the most
posterior point of the resulting segmentation is considered to
be the end of the spinous process.

In the next step, the cumulative sum of the number of
segmentation pixels across the columns in each axial slice is
first calculated, then the median of the cumulative sum is used
to calculate a more accurate center column of the vertebral
body.

The upper third of the vertebral body is used to measure
the width of the vertebral body in each slice, which can be
derived from the top of the vertebral body and the end of the
spinous process. The calculated width of the vertebral body
allows us to estimate the maximal width of the whole vertebra.
To precisely separate the ribs from the vertebrae a model
would be required. Here, we utilize a simple heuristics that
ensures that the segmentation includes the transversal process
and cuts off a significant part of the segmentation of the ribs.
The edges of the vertebral body are moved by its width in
both directions. This way two lines are defined from which

Fig. 4: Example for a resulting
LIDC_0018 [13]

spine segmentation.

the segmentation is discarded outwards. Figure 4 shows an
example of the resulting segmentation.

D. Evaluation

To evaluate the performance of the proposed segmenta-
tion algorithm the COVID-19 [16], [17] subdataset of the
CTSpinelK [18] dataset was used. The CT scans can be
retrieved from TCIA [19]. The COVID-19 dataset consists
of chest CT scans of full thoracic view from 632 patients
with COVID-19 infections. 20 of these were selected and
annotated in the CTSpinelK dataset. To select CT scans
with full thoracic view for evaluation was crucial, since the
segmentation pipeline relies on certain anatomical features.
Furthermore, the CT scans with reduced field of view are
usually obtained to segment the vertebrae individually and in
such cases the localisation of the spine is not required.

Two metrics were used to indicate the performance of the
algorithm:

o Intersection over union (IoU) is the ratio of the intersec-
tion and union of the segmentation mask defined by the
algorithm (A) and the manual labeling (B):

|[ANnB| |AN B|

|JAUB|  |A|+ |B|—|ANB|

o The Dice similarity coefficient (DSC) equals twice the
intersection of the segmentation mask volumes divided
by the sum of the volumes:

_ 21AnB| 2|AN B

~|A|+|B| |AUB|+|ANDB|

Table I shows the results of the evaluation.

IoU(A,B) =

DSC(4, B)

ToU DSC
avg | 0.6914 | 0.8160
std 0.0618 | 0.0432
min | 0.5654 | 0.7223

TABLE I: Evaluation results of the proposed segmentation
algorithm.

Table II shows the evaluation results compared to methods
introduced in the related work section. The comparison shows
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that the accuracy of the presented method is at the bottom
of the range. However, it is worth noting, that [3] used only
9 scans for training and 1 scan for evaluating their neural
network. Furthermore, [1] and [2] evaluated their model on the
training dataset. In summary, most of these models achieve a
high accuracy based on a relatively small dataset of samples
with similar characteristics. However, their application to
datasets with different properties may require additional steps,
such as the retraining and fine-tuning of models. In contrast,
our method is more robust, it does not require a labeled
training dataset, and thus no retraining step is needed.

paper | IoU DSC method

[1] 0.7228 | 0.8477 U-Net + ASPP

[2] 0.9433 | 0.9708 3D Dense-U-Net Network

[3] 0.9193 | 0.9580 RAR-U-Net

[6] 0911 0.953+0.014 two-stage Dense-U-Net

[7] 0.9336 | 0.9428 CNN

[10] - 0.9236 Geometric Flows + Shape Priors
ours 0.6914 | 0.8160+0.0432 | classical image processing

TABLE II: Comparison of results with related algorithms.

IV. CONCLUSION

In this paper, we have proposed an explicit model-free
segmentation technique for spinal segmentation. The seg-
mentation system uses a CT scan of full thoracic field of
view as its input. Classical image processing algorithms that
exploit medical expertise were utilized. Our approach has the
advantage of not requiring an explicit model and it is fully
automatic. This method can be applied when a fast and simple
segmentation is preferred and it is not critical that the ribs do
not completely separate from the spine on the segmentation. In
such cases, however, when individual vertebral segmentation
is required, a model-based approach is necessary.
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