Application of deep learning techniques for
segmentation of atherosclerotic carotid arteries by
using ultrasound Images
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Abstract— In the era of personalized medicine and
improved prediction power, the cardiovascular diseases
such as carotid atherosclerosis have to be analyzed by using
advanced machine learning techniques in order to better
estimate the patient’s condition and decrease the risk from
severe catastrophic events over time, such as stroke and
Transitional Ischemic Attack (TIA). Among various
diagnostic imaging techniques, the US images were used in
this study for the detection of segments of the carotid artery
as this technique is low-cost and widespread in examination
of carotid atherosclerosis. The clinical US images were
analyzed by using deep learning techniques. The automatic
segmentation of carotid artery’s lumen has been done by
using the U-Net based deep convolutional networks. The US
images of carotid arteries underwent the preprocessing,
such as resizing and classification of US images, as well as
the annotation of lumen area. The whole dataset was
randomly divided into, training, validation and testing sub-
sets, while the model robustness was tested on unseen
images (test dataset). The obtained results show high
accuracy in region detection and segmentation (Precision -
0.90, Recall - 0.92, Dice coefficient (F1-score) - 0.91). The
automatic extraction of US features such as carotid lumen
gives the specific segmentation of individual patient-specific
anatomy and can be used for further analysis of the patient,
as well as for building up the patient-specific models for
computational CFD simulations.

. INTRODUCTION

Carotid arteries are major blood vessels on the right and
left side of the human neck which start from Common
Carotid Artery (CCA) and branch into Internal Carotid
Artery (ICA - supplies oxygenated blood to the brain) and
External Carotid Artery (ECA - supplies oxygenated
blood to the face and neck). Their role in the
cerebrovascular system is of vital importance and
therefore the malfunctions and diseases of carotid arteries
have been considered and examined by experts such as
medical scientists, biochemists and bioengineers.

One of the diseases in human cardiovascular system is
carotid artery stenosis (CAS) which is caused by the
atherosclerotic plaque deposition. Early detection of this
disease is very important because if it is not adequately
treated, it may potentially have deteriorating

consequences, such as stroke and Transitional Ischemic
Attack (TIA). Approximately 10% of ischemic strokes in
the world is caused by carotid atherosclerosis [1].

Among the various diagnostic techniques, such as
ultrasound (US), computed tomography angiography
(CTA) and magnetic resonance angiography (MRA), the
US is usually initially recommended CAS diagnostic
examination. After obtaining the images using some of the
above-mentioned techniques, additional analysis can be
performed [2, 3]. The US images have been used in this
study as this diagnostic procedure is low-cost and present
at the first level of clinical care, while its improvement in
view of image processing and extracted features can be
beneficial for more detailed and faster analysis of patients.
The automatic extraction of US features such as carotid
lumen gives the specific segmentation of individual
patient-specific anatomy and can be used for further
analysis of the patient [4, 5], as well as for building up the
patient-specific  models for computational CFD
simulations [6].

In the processing of medical imaging data, deep
learning is a fast-developing technique with promising
results in automatic classification and segmentation of
medical images. Beside various applications in different
medical fields using US medical images as input (e.g.
lung, brain, breast, and liver imaging), in the domain of
carotid arteries deep learning has been applied for the
analysis of carotid US images that requires segmentation
of the vessel wall, lumen, and carotid plaque composites.
Convolutional neural networks (CNNs) are used for
evaluation of the Intima-Media Thickness (IMT) of the
CCA [7], lumen segmentation [8], as well as
characterization of carotid plaque types [9]. The
segmentation of complete carotid artery including carotid
bifurcation is a challenging task due to typically lower
quality of US images [10].

The approach presented in this paper provides
automatic segmentation of carotid lumen based on CNNs
that is suitable background for further creation of 3D
patient-specific models and analysis of atherosclerotic
patients, as well as for the examination of additional
parameters that cannot be directly measured with the US
technique. Such analysis can be obtained using CFD or
computational atherosclerosis progression where patient-
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specific models based on automatic segmentation of
carotid lumen can be used.

The paper is organized as follows: The applied deep
learning methods and the used US imaging data are
discussed in Section Il. The results of the training of the
U-Net based neural networks are presented in Section IlI,
while Section IV discusses relevant work and concludes
the paper.

II.  MATERIALS AND METHODS

A. Dataset of US images

The dataset used for automatic segmentation of carotid
artery consisted of the clinical US images as an input,
obtained in the clinical study of the TAXINOMISIS
project. In order to train and validate the applied deep
learning methodology, the US dataset contained the
original and annotated US images. The US images
annotated by clinical experts are used for training, while
the original images, as the ground truth are used for the
validation. The dataset consisted of 108 patients who
underwent the US examination (baseline time point),
where each patient had captured carotid artery segments
and carotid bifurcation in transversal and longitudinal
projections. The US dataset included incorporation of US
images using two procedures: traditional B-mode (gray-
scale) US and Color-Doppler US, where both of these
procedures produce two-dimensional (2D) cross-sectional
images. The US images used in this study were
anonymized according the data protection and safety
regulations.

B. Image Preprocessing

Taking into consideration the proposed methodology
and the low quality of the US images, image
preprocessing is an important pre-step for many deep
learning algorithms related to the image and instance
segmentation, as well as objects detection tasks. In this
case, the first step of the preprocessing is the automated
isolation of the image region which contains the arterial
tree under reconstruction. This is performed by selecting a
static 512x512 pixels window for both arterial models, left
and right. Special attention is paid to the window
coordinates in order to the whole arterial tree is visible in
the region. After this step, all images are labeled thus
creating dataset with labeled regions for the lumen. In
Figure 1, the first column consists of the examples of the
original images, while the second column presents labeled
images for the lumen. The additional steps included
classification of longitudinal and transversal US images,
as well as classification of B-mode and Color-Doppler US
images.

Figure 1. The carotid US images. The first column represents the
original images and the second column represents the lumen masks.

C. Image Segmentation

The automatic segmentation of carotid artery lumen has
been done using FCN-8s [11], [12], SegNet [13], and U-
Net [14] - based deep convolutional networks. Beside the
original versions of these architectures, we modified the
U-Net and SegNet networks from the aspect of depth in
order to test their capabilities to recognize the regions of
interest. U-Net is a convolutional neural network for
image segmentation with the most important application
being in segmentation of medical images, based on
encoder-decoder model. Our variant of U-Net is slightly
modified from the original - it has two additional blocks in
both encoder and decoder and uses batch normalization
after each convolutional layer which proves to work a lot
better on our data than the original U-Net model [15]. The
model is trained with a combination of binary cross-
entropy and soft dice coefficient as a loss function.

The US dataset explained in Section Il A, was
randomly divided into, training, validation and testing
sub-sets by a ratio of 8:1:1 at the carotid artery level
(either for the left or for the right arterial model). The total
of 700 images have been taken out for training purposes
and the remaining is used for validation and testing.
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I1l.  RESULTS

In order to present the results of the CNN training,
binary classification task for image segmentation was
considered. Four common classification metrics are
considered for quantitative evaluation, including accuracy
(ACC), precision (P), recall (R), and Dice coefficient. The
results for the test dataset for lumen are shown in Table 1.
The applied method is compared with thresholding
technique and FCN-8s model with VGG16 as a backbone
classifier [11]. Similar to U-Net, FCN model proved to
work better with batch normalization. However, FCN-8s
has almost twice as many trainable parameters than U-Net
network, so the U-Net can be trained faster and it is more
memory efficient. Similarly, U-Net architecture has
almost twice as many trainable parameters than SegNet
network. In Figure 2, the second column shows the
examples of the predicted images for a lumen region.

TABLE I.
U-NET RESULTS ON TEST DATASET FOR LUMEN

Precision Recall Dice coefficient (F1-score)
0.90 0.92 0.91

Figure 2. The carotid US images. The first column represents the
original images, and the second column shows the predicted lumen
regions.

IVV. DISCUSSION AND CONCLUSION

In order to achieve more personalized medical
treatments, better estimate the patient’s condition,
decrease the risk from severe catastrophic events over
time, and improve the risk stratification of patients with
cardiovascular diseases such as carotid atherosclerosis,
the application of advanced computational methods based
on machine learning techniques is promising, showing
significant results. Although the presented task is
challenging due to significant noise, artifacts, shadowing,
and reverberation in the US images which lead to their
lower quality, this study provides the excellent results in
automatic segmentation of carotid artery lumen using the
US clinical images. The applied methodology relies on
advanced deep learning techniques. All the tests were
performed on GIGABYTE NVIDIA GeForce GTX 1080
Ti 11GB, GDDR5X, 352bit. Moreover, beside presented
CNNs, there are many modifications of CNNs used to
segment medical US images [16, 17].

The presented methodology enables efficient
segmentation and extraction of the morphological
parameters that can be also used for creation of 3D
meshed volume models and computational simulations.
Further application of CNNs can be extended to the
carotid wall segmentation as well as characterization of
different atherosclerotic plaque types (fibrous, lipid and
calcified). This approach can contribute to faster
examination of patients in clinical practice and better risk
stratification of patients with atherosclerosis. Also, it
directly contributes to computer-based modelling in
improved building up the patient-specific 3D models for
computational simulations.
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