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Abstract: Cervical spine pathologies often stem from deformations of the intervertebral discs and
spinal canal. This work introduces a computational method for boundary extraction of these struc-
tures. The proposed method employs an active shape model (ASM) and is bimodal, in the sense
that computed tomography (CT) images are used for ASM training and magnetic resonance (MR)
images are used for ASM testing. The proposed method is less dependent on large amounts of
training samples than deep learning methods, whereas it involves limited user intervention. Still, it
is comparable to state-of-the-art methods in terms of segmentation quality, as demonstrated in our
experimental comparisons.

Keywords: active shape models; spinal cord; spinal canal; image segmentation

1. Introduction

The human cervical spine consists of the first seven vertebrae. Pathologies of adjacent
structures include intervertebral disc (IVD) herniation and spinal canal (SC) stenosis. These
conditions are associated with lower back and neck pain. Magnetic resonance imaging
(MRI) is the modality of choice for assessing the soft tissues, such as IVD and SC, whereas
computed tomography (CT) is preferable for vertebrae imaging. The extraction of the
boundaries of these structures is an important step for assessing such conditions.

The most common modality for the imaging of degenerative discs is MRI, due to
its superiority for soft-tissue anatomical structures [1]. On the other hand, computed
tomography (CT) is often used for vertebrae and hard tissue imaging [2–4]. Some bimodal
methods, i.e., methods analyzing both MRI and CT data, have appeared in the literature.
Although these methods benefit from complementary information provided by the two
different modalities, in clinical practice it is rare to have both CT and MRI data acquired
from the same patient.

There is a large amount of spinal cord segmentation methods based on the dependency
of spinal diseases and the shapes of anatomical structures. Chen et al. [5] proposed a
method that uses deformable atlas and topology constraints to extract the boundaries of
the cervical and thoracic vertebrae from C1-C5 and C1-T4, respectively, when applied on
T1- and T2-weighted MR images. Yiannakas et al. [6] evaluated a fully automated active
surface-based method for boundary extraction of the cervical cord, when applied on T1-
weighted MRI. Lemay et al. [7] proposed a method for tumor boundary extraction on the
cervical spinal cord. Among three types of tumors, namely, astrocytomas, ependymomas,
and hemangioblastomas, a cascaded U-Net-based architecture is applied in two-stages
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for localization and labelling. Koh et al. [8] combined active contours with a saliency-
driven attention model for spinal canal localization. Asman et al. [9] proposed a multi-atlas
framework for cervical spinal cord segmentation. Zhang et al. [10] adopted a neural
network architecture, which is called SeUneter and is similar to U-Net. Their method
extracts the boundaries of three structures: SC, vertebrae, and IVD. Moreover, Al Arif
et al. [11] proposed a fully automatic method for cervical vertebrae boundary extraction,
which is applied on X-ray images and is based on fully convolutional networks (FCN) and
the UNet—UNet-S framework. Sahar et al. [12] employed a method based on k-means
clustering in order to extract the boundaries of the thoracolumbar spinal cord and the
vertebrae canal on T2-weighted MRI images.

In this work, we propose a bimodal active shape model (ASM)-based method for
IVD and SC boundary extraction in the area of cervical vertebrae, from C3 to C7. The
statistics of vertebrae shapes on CT images are used to train the ASM. The trained ASM is
applied on each T2-weighted MR image, for IVD/SC boundary extraction. A dataset of
CT images is used for ASM training, whereas datasets of T1- and T2-weighted MR images
are used for evaluating the proposed method. Sagittal slices are used both from CT and
MR images. Experimental comparisons with state-of-the-art methods are performed on a
publicly available MR image dataset.

The rest of this article consists of four sections. Section 2 presents the materials
and methods employed; Section 3 presents the experimental evaluation of the proposed
method, including comparisons with state-of-the-art methods; Section 4 discusses the
potential impact on health; and Section 5 summarizes the main conclusions of this work.

2. Material and Methods

The proposed method uses sagittal images from two modalities in order to extract
vertebrae, SC, and IVD boundaries. For this, vertebrae shape statistics are extracted from
a training set of CT images and are encoded by means of an ASM model. The shape
information is transferred to MR images. This process facilitates an accurate extraction of
vertebrae borders on T1-weighted images. In addition, the extracted vertebrae boundaries
are used to guide subsequent steps of SC and IVD boundary extraction. The proposed
method consists of three main stages: (1) ASM training on CT sagittal cervical images in
order to obtain a model that is informed on the statistics of vertebrae shapes, (2) ASM
adjustment on T1-weighted MR images and projection on T2-weighted images, and (3) SC
and IVD boundary extraction. Figure 1 illustrates the pipeline of the proposed method.
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ASMs are statistical models of shape, which are established as a robust approach
employing prior knowledge for boundary extraction of rigid objects, in the presence of
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noise, clutter, and occlusion [13]. ASMs are defined by learning patterns of variability
from a training set of objects of the same class, outlined by sets of reference points. In
the context of the proposed method, each shape model is trained by sagittal CT images,
each one with 5 cervical vertebrae from C3 to C7. The annotation of each training CT
image was performed by an expert radiologist, who marked each one of the four vertebrae
corners with a reference point, as well as twelve more reference points (Figure 2). Figure 3
illustrates manually derived vertebrae delineations with red.
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2.2. ASM Positioning on T1-Weighted MR and Transfer to T2-Weighted MR Image

The sagittal T1-weighted MR images are resized. Each one of the 5 CT-trained ASMs,
which represent shapes from C3 to C7, is subsequently applied on the respective T1-
weighted MR image. Although these two modalities differ, they are similar with respect
to the gray levels surrounding vertebrae boundaries. This similarity enables the cross-
modal application of ASMs, taking into account that these models are guided by intensity
gradients [14]. Aiming to further increase gray level similarity, all images are linearly
normalized with respect to gray levels. In addition, gray-level normalization aids discrimi-
nating vertebrae boundaries from IVDs. As a next step, vertebrae centers are extracted on
sagittal CT images and projected on T1-weighted MR images. The projected centers are
used as references to localize each ASM in the respective T1-weighted MR image (Figure 4).
Figure 5 presents example results of the ASM application on T1 MR images.
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Figure 5. An example of ASM application for vertebrae boundary extraction on a T1-weighted
MR image.

The vertebrae contours are projected from T1-weighted to T2-weighted MR images,
in order to aid the subsequent SC and IVD boundary extraction. These two anatomical
structures are better visualized on T2-weighted MR images, due to their high water con-
centration. This projection is straightforward, since the respective T1 and T2 images are
already registered, as dictated by the MR image acquisition protocol (Figure 6).
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Figure 6. ASM results on T2-weighted MR image; the red color represents the vertebrae boundary.

2.3. SC and IVD Boundary Extraction

In this stage, the vertebrae boundaries extracted from each T2-weighted image are
used to guide the subsequent extractions of SC and IVD boundaries, taking into account
that these structures are adjacent (Figure 7a). A stripe outlining the spinal cord is derived:
starting from the 6 vertebrae contours, a contour-defined center is determined (Figure 7b),
and two points are identified in the left and right side of each vertebra (Figure 7c). These
reference points are connected with linear interpolation to derive the stripe outlining the
spinal cord shape (Figure 7d). The regions at the left of the stripe are discarded (Figure 8a).
Otsu thresholding with 3 gray levels is employed to extract the SC contour (Figure 8b).
Taking into account that the SC is located at the left side of this stripe, the SC boundaries
are identified (Figure 9).
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CT images have a pixel size and slice thickness of 0.33 mm and 1.50 mm, respectively, and 
are used as reference for vertebrae boundary extraction. Both CT and MR image datasets 
are anonymized and obtained from the files of the “Tzaneio” public hospital in Peiraeus, 
Greece.  

3.2. Evaluation Metrics 
The ground truth for all CT and MR images used in the experiments was obtained by 

an expert radiologist, who performed manual annotations of the structures of interest. As 
evaluation metrics, we used Dice similarity coefficient (DSC) [15] and Hausdorff distance 
(HD) [16]. Both metrics compare the structure delineated by the proposed method and the 
ground truth structure: DSC depends on the number of common pixels, whereas HD is 
derived from distances of all pairs of pixels. Let 𝑆  and 𝑆  be the binary images defining 
the structure as delineated by the proposed method and the ground truth structure, re-
spectively. In both images, the pixels of the structures are set to 1 and the rest are set to 0. 
Let also 𝑋  and 𝑌  be the boundaries of structures in 𝑆  and 𝑆 , respectively. DSC is de-
fined as follows: 

Figure 8. Contour extraction of SC: (a) the vertical line segments the SC from the reference points;
(b) SC binary image; (c) the green line represents the boundary of the SC.
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Figure 10. IVD boundary extraction.

3. Experimental Evaluation
3.1. Datasets

The proposed method is applied on six sets of MR images, with 20 sagittal images,
using different scanners of pixel size within a range of 0.4688–0.6875 mm, and slice thickness
of 3 mm. ASM training is performed on a CT dataset with 15 sagittal images. These
CT images have a pixel size and slice thickness of 0.33 mm and 1.50 mm, respectively,
and are used as reference for vertebrae boundary extraction. Both CT and MR image
datasets are anonymized and obtained from the files of the “Tzaneio” public hospital in
Peiraeus, Greece.

3.2. Evaluation Metrics

The ground truth for all CT and MR images used in the experiments was obtained by
an expert radiologist, who performed manual annotations of the structures of interest. As
evaluation metrics, we used Dice similarity coefficient (DSC) [15] and Hausdorff distance
(HD) [16]. Both metrics compare the structure delineated by the proposed method and the
ground truth structure: DSC depends on the number of common pixels, whereas HD is
derived from distances of all pairs of pixels. Let Sg and St be the binary images defining the
structure as delineated by the proposed method and the ground truth structure, respectively.
In both images, the pixels of the structures are set to 1 and the rest are set to 0. Let also Xg
and Yt be the boundaries of structures in Sg and St, respectively. DSC is defined as follows:

DSC
(
Sg, St

)
=

2
∣∣Sg ∩ St

∣∣∣∣Sg
∣∣+ |St|

(1)
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where Sg and St are the total vertebral and IVD regions, | | denotes the number of pixels
with value 1, and Sg ∩ St is the intersection of the two structures. DSC increases with
similarity. HD is defined as follows:

HD(Xg, Yt) = max
{

supx∈Xg
in f y∈Yt

d(x, y), supy∈Yt
in f x∈Xg

d(x, y)
}

(2)

where X and Y are the boundaries compared. HD represents the proximity between two
closed boundaries. It measures the maximal distance between any point of one boundary
to the other boundary.

3.3. Results

Tables 1–3 present experimental comparisons between the proposed method and other
state-of-the-art methods for vertebrae, IVD, and SC boundary extraction, respectively. It
can be noted that, with respect to vertebrae boundary extraction, the proposed method
obtains segmentation quality that is comparable or higher to various instances of the
method of Al Arif et al. [11] and Zhang et al. [10] (Table 1), which encompass different
neural network architectures. Similarly, the proposed method obtains segmentation quality
which is comparable or higher to various instances of the method of Zhang et al. [10],
with respect to IVD boundary extraction (Table 2). Finally, the proposed method obtains
segmentation quality which is comparable or higher to various instances of the methods
of Zhang et al. [10] and Sahar et al. [12], with respect to SC boundary extraction (Table 3).
Each comparison is performed using the metrics employed in the respective original works.
Figure 11 illustrates examples of superimposed IVD and SC boundaries extracted for
different patients.

Table 1. Segmentation quality for vertebrae boundary extraction on MRI.

Method Mean DSC (%) ± SD Mean HD (mm) ± SD

Al Arif et al. [11] (Unet) 84 ± 1.3 1.6 ± 2.6

Al Arif et al. [11] (UNet-S) 84 ± 1.3 1.6 ± 2.5

Zhang et al. [10] (U-Net) 85.09 ± 1.65 -

Zhang et al. [10] (AttU-Net) 87.68 ± 1.55 -

Zhang et al. [10] (UNet++) 85.08 ± 1.62 -

Zhang et al. [10] (DeepLab-v3+) 88.78 ± 1.78 -

Zhang et al. [10] (TransUnet) 87.9 ± 1.53 -

Zhang et al. [10] (Swin-Unet) 84.51 ± 1.55 -

Proposed 88.6 ± 5.2 -

Table 2. Segmentation quality for IVD boundary extraction on MRI.

Method Mean DSC (%) ± SD

Zhang et al. [10] (U-Net) 85.09 ± 1.65

Zhang et al. [10] (AttU-Net) 87.68 ± 1.55

Zhang et al. [10] (UNet++) 85.08 ± 1.62

Zhang et al. [10] (DeepLab-v3+) 88.78 ± 1.78

Zhang et al. [10] (TransUnet) 87.9 ± 1.53

Zhang et al. [10] (Swin-Unet) 84.51 ± 1.55

Proposed 84.9 ± 2.4
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Table 3. Segmentation quality for SC boundary extraction on MRI.

Method Mean DSC (%) ± SD Mean HD (mm) ± SD

Sahar et al. [12] 81 ± 4 12.3 ± 2.4

Zhang et al. [10] (U-Net) 85.09 ± 1.65 -

Zhang et al. [10] (AttU-Net) 87.68 ± 1.55 -

Zhang et al. [10] (UNet++) 85.08 ± 1.62 -

Zhang et al. [10] (DeepLab-v3+) 88.78 ± 1.78 -

Zhang et al. [10] (TransUnet) 87.9 ± 1.53 -

Zhang et al. [10] (Swin-Unet) 84.51 ± 1.55 -

Proposed 90 ± 3.5 4.3 ± 2.7

Eng. Proc. 2023, 50, 1  7 of 8 
 

 

Table 3. Segmentation quality for SC boundary extraction on MRI. 

Method Mean DSC (%) ± SD Mean HD (mm) ± SD 
Sahar et al. [12] 81 ± 4 12.3 ± 2.4 

Zhang et al. [10] (U-Net) 85.09 ± 1.65 - 
Zhang et al. [10] (AttU-Net) 87.68 ± 1.55 - 
Zhang et al. [10] (UNet++) 85.08 ± 1.62 - 

Zhang et al. [10] (DeepLab-v3+) 88.78 ± 1.78 - 
Zhang et al. [10] (TransUnet) 87.9 ± 1.53 - 
Zhang et al. [10] (Swin-Unet) 84.51 ± 1.55 - 

Proposed 90 ± 3.5 4.3 ± 2.7 
 

    
Figure 11. Examples of superimposed IVD (marked with red) and SC (marked with green) bound-
aries extracted. 

4. Discussion 
Overall, the results presented in the previous section show that the proposed method 

extracts vertebrae, IVD, and SC boundaries with an accuracy which is comparable or 
higher to the accuracy obtained by state-of-the-art methods encompassing different neural 
network architectures. Accordingly, the proposed method could have a considerable im-
pact on the diagnosis and treatment of cervical spine pathologies, aiding clinicians to-
wards more informed decisions on treatment options. In addition, the proposed method 
is less dependent on large amounts of training samples than deep learning methods, and 
thus could be more accessible to healthcare institutions with limited resources. Moreover, 
it involves limited user intervention, facilitating the incorporation of this technology into 
the workflow of clinicians and radiologists, as well as accelerating the analysis process 
and reducing the risk of human error. Finally, the concurrent visualization of boundaries 
obtained aids the diagnosis of several spinal cord pathologies.  

5. Conclusions 
In this work, we propose a bimodal active shape model (ASM)-based method for IVD 

and SC boundary extraction in the area of cervical vertebrae, from C3 to C7. The statistics 
of vertebrae shapes on CT images are used to train the ASM. The trained ASM is applied 
on each T2-weighted MR image. A dataset of CT images is used for ASM training, whereas 
datasets of T1- and T2-weighted MR images are used for evaluating the proposed method. 
Sagittal slices are used both from CT and MR images. Experimental comparisons with 
state-of-the-art methods are performed on an MR image dataset. The results show that the 
proposed method extracts vertebrae, IVD, and SC boundaries with an accuracy which is 
comparable or higher to the accuracy obtained by state-of-the-art methods encompassing 
different neural network architectures. Future perspectives of this work include potential 
hybrid approaches, relying on ASMs guiding neural network-based segmentation.  
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Figure 11. Examples of superimposed IVD (marked with red) and SC (marked with green) bound-
aries extracted.

4. Discussion

Overall, the results presented in the previous section show that the proposed method
extracts vertebrae, IVD, and SC boundaries with an accuracy which is comparable or
higher to the accuracy obtained by state-of-the-art methods encompassing different neural
network architectures. Accordingly, the proposed method could have a considerable impact
on the diagnosis and treatment of cervical spine pathologies, aiding clinicians towards
more informed decisions on treatment options. In addition, the proposed method is less
dependent on large amounts of training samples than deep learning methods, and thus
could be more accessible to healthcare institutions with limited resources. Moreover, it
involves limited user intervention, facilitating the incorporation of this technology into
the workflow of clinicians and radiologists, as well as accelerating the analysis process
and reducing the risk of human error. Finally, the concurrent visualization of boundaries
obtained aids the diagnosis of several spinal cord pathologies.

5. Conclusions

In this work, we propose a bimodal active shape model (ASM)-based method for IVD
and SC boundary extraction in the area of cervical vertebrae, from C3 to C7. The statistics
of vertebrae shapes on CT images are used to train the ASM. The trained ASM is applied
on each T2-weighted MR image. A dataset of CT images is used for ASM training, whereas
datasets of T1- and T2-weighted MR images are used for evaluating the proposed method.
Sagittal slices are used both from CT and MR images. Experimental comparisons with
state-of-the-art methods are performed on an MR image dataset. The results show that the
proposed method extracts vertebrae, IVD, and SC boundaries with an accuracy which is
comparable or higher to the accuracy obtained by state-of-the-art methods encompassing
different neural network architectures. Future perspectives of this work include potential
hybrid approaches, relying on ASMs guiding neural network-based segmentation.
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