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Purpose: Early detection of carotid atherosclerosis on the vessel wall (VW) magnetic resonance
imaging (MRI) (VW-MRI) images can prevent the progression of cardiovascular disease. However,
the manual inspection process of the VW-MRI images is cumbersome and has low reproducibility.
Therefore in this paper, by using the convolutional neural networks (CNNs), we develop a deep morphology aided diagnosis (DeepMAD) network for automated segmentation of the VW of carotid
artery and for automated diagnosis of the carotid atherosclerosis with the black-blood (BB) VW-MRI
(i.e., the T1-weighted MRI) in a slice-by-slice manner.
Methods: The proposed DeepMAD network consists of a segmentation subnetwork and a diagnosis
subnetwork for performing the segmentation and diagnosis tasks on the BB-VW-MRI images, where
the manual labeled lumen area, the manual labeled outer wall area and the manual labeled lesion
Types based on the modified American Heart Association (AHA) criteria are used as the groundtruth. Specifically, a deep U-shape CNN with a weighted fusion layer is designed as the segmentation
subnetwork, where the lumen area and the outer wall area can be simultaneously segmented under
the supervision of the triple Dice loss to provide the vessel wall map as morphological information.
Then, the image stream from the BB-VWMRI image and the morphology stream from the obtained
vessel wall map are extracted from two deep CNNs and combined to obtain the diagnosis results of
atherosclerosis in the diagnosis subnetwork. In addition, the triple input set is formed by three carotid
regions of interest (ROIs) from three consecutive slices of the MRI sequence and input to the DeepMAD network, where the first and last slices used as additional adjacent slices to provide 2.5D spatial information along the carotid artery centerline for the intermediate slice, which is the target slice
for segmentation and diagnosis in the study.
Results: Compared to other existing methods, the DeepMAD network can achieve promising segmentation performances (0.9594 Dice for the lumen and 0.9657 Dice for the outer wall) and better
diagnosis Accuracy of the carotid atherosclerosis (0.9503 AUC and 0.8916 Accuracy) in the test dataset (including invisible subjects) from same source as the training dataset. In addition, the trained
DeepMAD model can be successfully transferred to another test dataset for segmentation and diagnosis tasks with remarkable performance (0.9475 Dice for the lumen and 0.9542 Dice for the outer wall,
0. 9227 AUC and 0.8679 Accuracy for diagnosis).
Conclusions: Even without the intervention of reviewers required for previous works, the proposed
DeepMAD network automatically segments the lumen and the outer wall together and diagnoses the
carotid atherosclerosis with high performances. The DeepMAD network can be used in clinical trials
to help radiologists get rid of tedious reading tasks, such as screening review to separate the normal
carotid from the atherosclerotic arteries and outlining the vessel wall contours. © 2019 American
Association of Physicists in Medicine [https://doi.org/10.1002/mp.13739]
Key words: black-blood vessel wall MRI, convolutional neural network, deep learning, diagnosis of
carotid atherosclerosis, segmentation of carotid artery vessel wall
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1. INTRODUCTION
Atherosclerosis is the leading cause of global morbidity and
mortality,1–3 where one of most important sites of clinically
significant atherosclerotic disease in humans is the carotid
artery. As progressive and systemic disease, carotid
atherosclerosis is characterized by formation of atherosclerotic plaques, which manifest as thickening of the vessel wall
leading to stenosis,4–9 as well as changes in the structure of
the vessel wall resulting in stroke. Therefore, early detection
and proper treatment of the carotid atherosclerosis can prevent the cardiovascular disease.
Clinically, the plaque burden10 is commonly used to measure the size of the plaque and to determine the Type of plaque in the vessel wall area, and hence it is a more important
means of monitoring the progression of carotid atherosclerosis and determining the carotid atherosclerosis in carotid
imaging. As a modern imaging technique for characterizing
the vessel wall pathology, high-resolution vessel wall MRI
(magnetic resonance imaging) (VW-MRI) images can be
used to acquire the cross-sectional images of the arteries and
to detect the early vessel wall abnormalities.11–13 Accordingly, many recent advances in the carotid atherosclerosis
studies using the VW-MRI images have been reported in the
literature.14,15 The measurement of plaque burden is performed by a procedure for identifying the lumen and the outer
wall boundaries of the vessel wall on the VW-MRI images.
However, due to the complex signal characteristics found near
the vessel walls, the slice-by-slice analysis of the VW-MRI
images with moderate interreader reproducibility is cumbersome for the plaque burden assessment.16
Some automated or semi-automated segmentation methods have been proposed for the carotid artery, and the lumen
and the outer wall boundaries are typically segmented in a
two-dimensional (2D) slice-by-slice mode17–22 or three-dimensional (3D) mode,23–27 where the lumen and the outer
wall boundaries are depicted as the contours to calculate the
plaque burden metrics for the diagnosis of atherosclerosis.
The 2D parametric deformable model-based methods (e.g.,
the snake contour17 and the discrete dynamic contour18) segment the carotid lumen boundary and the outer wall boundary on each transverse slice, but they require considerable
manual interaction (initial contours). Although the methods
based on B-spline snake evolution model20,21 segment the
carotid lumen boundary and the outer wall boundary separately and then propagate the segmentation result from one
slice to the next, the snake evolution model may fail in seriously diseased areas or low quality images. Moreover, the
automatic segmentation method based on the 3D deformable
vessel models25 was proposed for the common carotid artery
(CCA) by combing 3D time-of-flight (TOF) MR angiography
(MRA) and 2D vessel wall images, while the 3D coupled
optimal surface graph-cut method26 was presented for the carotid artery wall segmentation by using the proton densityweighted (PDW) black-blood (BB) MRI (BB-MRI), phase
contrast MRI, PDW echo planar imaging MRI and/or BBMRI images. Additionally the learning-based method27 was
Medical Physics, 46 (12), December 2019
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developed for the segmentation of carotid artery wall including the carotid bifurcation from dual BBMRI and TOF-MRA
images by combing the 3D fitting of a subdivision surfacebased hierarchical-tree model with the K-nearest neighbor
based boundary classification. However, these 3D techniques25–27 require the acquisition of other modalities such as
the MR angiography to aid in the segmentation. Unfortunately, most of these methods are usually performed only by
the quantitative analysis of carotid atherosclerosis plaque burden such as the vessel wall thickness23,24 and the normalized
wall index28,29 to complete the carotid atherosclerosis studies.
Hence it is difficult to segment and diagnose image with
these methods in dedicated academic centers and community
hospitals due to the following main reasons.
1. The energy function of these segmentation methods
depends on the assumption that the lumen boundary
has the position of the strongest gradient from dark to
outer, and the outer wall boundary has an inverse gradient from the bright interior to the dark outside. Hence
they may not be able to segment the lumen and the
outer wall in pathological areas and low quality images,
which results in inaccurate calculation of the vessel
wall. In addition, all of these methods detect the lumen
boundary and the outer wall boundary separately.
2. The measurement of vessel wall thickness is a challenging task because the shapes of the lumen and the
outer wall boundary of the areas near the severely diseased artery and the carotid bifurcation are unusual.20
In addition, a large number of potentially valuable
imaging markers indicate that a comprehensive score
based on all relevant factors should be used to diagnose
carotid atherosclerosis.
In order to overcome the obstacles of poor segmentation
in severe disease areas and the ambiguity of clinical indicators, this paper aims to develop a learning-based method to
complete segmentation task and subsequent diagnosis task by
using various visual features obtained from the manually
labeled images. As a comprehensive score, the modified
American Heart Association (AHA) showed that Type I and
Type II lesions are not only indistinguishable from the normal
vessel wall on the MRI image30,31 but are also considered to
be reversible periods of the atherosclerotic changes in histology.32 Hence we can use the modified AHA Type as the marker to train a classifier for diagnosis, where the slices with
Type I and Type II lesions are defined as the normal, while
other slices are defined as the atherosclerosis.
On the other hand, in recent years, the deep learning-based
techniques have attracted considerable attentions due to their
impressive performance such as highly discriminatory representations in many computer vision tasks. For example, the
convolutional neural networks (CNNs) can produce significant performance enhancements in both image classification33,34 and segmentation35 tasks. In addition, the CNNs can
achieve high performance in medical image analysis by learning the hierarchical features from the raw image data,36,37
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while a U-shaped deep convolutional network (i.e., known as
U-Net38) uses a skip connection between the downsampling
and the upsampling paths and achieves significant performance in various medical image segmentation tasks. More
recently, some CNNs-based deep learning methods39,40 were
proposed to segment the CCA on the ultrasound images. In
particular, the encoder–decoder convolutional structure with
the fusion of envelope and phase consistency data was utilized to segment the media-outer film boundaries from the
B-mode 2D ultrasound images,39 while the dynamic CNN
and the U-Net38 were used to segment the media–adventitia
and lumen–endometrial boundaries from the carotid 3D
ultrasound images.40 However, these two methods only focus
on the CCA and are unsuitable to the areas near the carotid
bifurcation in ultrasound images, where the carotid bifurcation is the most common site of atherosclerosis progression.
Therefore, as far as we know, deep learning-based methods
have not been studied for the automated segmentation of
carotid vascular wall and the automated diagnosis of carotid
atherosclerosis in MRI images. Therefore, the purpose of
this paper is to develop an automated method for segmentation and subsequent diagnosis by utilizing the CNNs and
the various visual features obtained from manually labeled
images.
In this paper, we propose a deep morphology aided diagnosis (DeepMAD) network to segment the carotid artery vessel wall and to diagnose the atherosclerosis from the normal
carotid arteries on the BB-VW-MRI images (i.e., the T1weighted MRI) in an automated manner, where the T1weighted MRI can highlight the vessel wall from its adjacent
tissues by inhibiting the blood signal with high tissue contrast. The proposed DeepMAD network consists of the segmentation subnetwork and the diagnosis subnetwork as
shown in Fig. 1, and the main contributions of this study are
as follows:
1. Different from the traditional model-based segmentation methods, an effective segmentation subnetwork is
proposed to realize the simultaneous segmentation of a
pair of the corresponding lumen and outer wall areas of
the carotid artery on the BB-VW-MRI images, where
the U-shape CNN38 and the weighted fusion layer are
used. Additionally by combining the lumen area
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segmentation and the outer wall area segmentation
together, a new triple Dice loss is designed to supervise
the network learning, where the relationship of the
lumen area and the outer wall area can be formulated
by applying the triple Dice loss. Finally the lumen and
the outer wall probability maps of the carotid artery are
output to the following diagnosis subnetwork.
2. A diagnosis subnetwork is introduced to distinguish
the atherosclerotic carotid arteries from the normal carotid arteries on the BB-VW-MRI images, where the
modified AHA Types are used as markers to train the
network. In order to taking the advantage of multimodal information for diagnosis, two deep streams
(i.e., the morphology stream and the image stream) are
combined in the feature level and learned together as
the final classification output, where the morphology
stream learns the morphological features from the vessel wall map obtained from the morphology subnetwork, while the image stream learns the features such
as image attributes from BB-WV-MRI image. Similar
to the deeply supervised nets,41 two additional deep
feedbacks (i.e., the losses) from the two streams are
used to “guide” the early stream feature learning.
3. The proposed DeepMAD network is an ensemble and
end-to-end network, where the segmentation subnetwork and the diagnosis subnetwork are cascaded. To
overcome the lack of spatial information from the 2D
slices along the centerline of carotid artery, two additional adjacent slices are also input into the proposed
DeepMAD network and used to obtain 2.5D information. As a result, the DeepMAD network can achieve
promising segmentation and diagnosis performances
on the test dataset including the invisible subjects from
same source as the training dataset.
4. A separate carotid artery dataset called as the “AIMHIGH Trail” dataset is utilized to further evaluate the
generality and robustness of the trained DeepMAD network for different imaging parameters. The experimental results show that the previously trained DeepMAD
network has the ability to be transferred and can be
used to another dataset for the segmentation of carotid
artery wall and the diagnosis of carotid atherosclerosis
with significant performance.

FIG. 1. The framework of the proposed DeepMAD network. DeepMAD, deep morphology aided diagnosis. [Color figure can be viewed at wileyonlinelibrary.c
om]
Medical Physics, 46 (12), December 2019
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2. MATERIALS
2.A. Image acquisition
In this work, the CAREII dataset42 and the AIM-HIGH
trail dataset43 are used to train and evaluate the proposed
DeepMAD network performance. The CAREII dataset
includes 1057 carotid MRI scans collected from 13 hospitals
and medical centers in China, and all MRI images of the
CAREII dataset were obtained on the 3.0 T MRI scanner
with an 8-channel phase array coil. In this multicenter study,
the same high-resolution and multicontrast vessel wall imaging protocol were used for the carotid plaque imaging, and
the localization of carotid plaque imaging was focused on the
carotid bifurcation of index in the carotid artery. In addition,
the participating radiologists and MR technologists from each
imaging site were trained to ensure image acquisition and
quality assessment. Subsequently, a T1-weighted scan is
required in the 140 9 140 mm2 field of view in the axial
plane, and after adjusting the slice size in the 512 9 512
matrix, all slices from the T1-weighted scan have a
0.27 9 0.27 resolution. See Ref. [42] for more details on the
imaging protocol and parameters of this dataset.
On the other hand, the AIM-HIGH trail dataset includes
425 carotid MRI scans collected at 21 clinical sites, where
the images were obtained with the GE (GE Healthcare, Global Diagnostic Imaging, Pewaukee, Wisconsin) and the Philips (Philips Healthcare, Andover, Massachusetts) 3.0 T
whole body scanners under a large multicenter investigation,
and the multicontrast protocol was standardized and implemented on the GE and Philips platforms to adequately characterize the carotid plaques in various institutions.
Subsequently, the T1-weighted scans were required in a field
of view of 160 9 160 mm2 in the axial plane, and after
adjusting the slice size in a 512 9 512 matrix, all slices from
the T1-weighted scans have a 0.31 9 0.31 resolution.
Detailed parameters and reproducibility of the MRI protocol
were previously reported.43–45
In addition, each scan of these two datasets includes
approximately 16 axial slices of multicontrast weighted
images. However in this study, only the T1-weighted MRI
images of each scan are used, and all available slices on transverse views were analyzed by the trained radiologists with
CASCADE software.20 In this paper, we perform the segmentation of carotid vessel wall and the diagnosis of carotid
atherosclerosis from the CCA through the carotid bifurcation
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to the internal carotid artery (ICA), because the information
of the ICA is more clinically meaningful than that of the
external carotid artery (ECA). For example, 16 consecutive
images from the T1-weighted scans including the CCA, the
carotid bifurcation and the ICA are shown in Fig. 2, where
the lumen boundary (i.e., in red) and the outer wall boundary
(i.e., in green) of the carotid artery were identified and outlined by the trained radiologists. Further, all slices including
the CCA, the carotid bifurcation and the ICA are assigned a
lesion Type based on the modified AHA Type criteria, where
the NC denotes an image without atherosclerotic lesions, and
the AC indicates an image with atherosclerotic lesions.
2.B. Image preprocessing
In this study, a square image of 80 9 80 pixels is placed
at the manual center point of the carotid artery lumen and
extracted as the region of interest (ROI) of the T1-weighted
MRI slice, and three similar carotid artery ROIs at the same
center point from three consecutive MRI slices forms a triple
input set, where the first and last slices are used as additional
adjacent slices to provide 2.5D information for the intermediate slice, which is the target slice that is segmented and diagnosed in the study. Note that we choose an 80 9 80 pixel
square ROI containing the entire artery to avoid redundant
information and improve the performance of the Deep MAD
network, where a larger ROI requires a lot of graphics processing unit (GPU) memory and longer training time. All
three ROIs are sent to the proposed DeepMAD network to
provide spatial information along the centerline of the carotid
artery. Figure 3 shows three small carotid artery ROIs marked
by white squares in the corresponding carotid artery slices
and the cropped images of these three ROIs. In order to adjust
the intensity of each cropped image to be relatively uniform
and to increase the contrast of the image, a linear transformation given in Eq. (1) is applied to normalize each cropped
image.
vi  vmin
ui ¼
(1)
vmax  vmin
where vi and ui are the intensity at the pixel i in the cropped
image and corresponding adjusted image, while vmin and vmax
are the minimum intensity and maximum intensity of the
cropped image. Three corresponding adjusted images are also
displayed in Fig. 3.

FIG. 2. Example of T1-weighted MRI image from the CCA through the carotid bifurcation to the ICA. CCA, common carotid artery; ICA, internal carotid artery;
MRI, magnetic resonance imaging. [Color figure can be viewed at wileyonlinelibrary.com]
Medical Physics, 46 (12), December 2019
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(a)

(b)
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(c)

FIG. 3. (a) Three ROIs (marked by white squares) in the consecutive carotid slices, (b) the corresponding 80 9 80 pixels cropped images, and (c) the adjusted
cropped images. ROIs, regions of interest.

3. METHODS
As mentioned in Section 1, most methods firstly segment
the lumen boundary and then segment the outer wall boundary, separately, where longer training time is required. Hence
in this paper, we study the segmentation of the lumen and
outer wall areas as a multilabel problem in the single segmentation subnetwork, where a triple Dice loss is defined by considering these partitions. As shown in Fig. 1, the proposed
DeepMAD network consists of the segmentation subnetwork
and the diagnosis subnetwork, where the input to the DeepMAD network is the triple input set including three
80 9 80 pixel images from three consecutive slices of the
MRI sequences shown in Fig. 3, and the two outputs of the
DeepMAD network are a pair of segmented lumen and outer
wall areas corresponding to the intermediate slice of the triple
input set. Then a subtraction operation of the lumen and the
outer wall probability maps are performed to obtain the vessel wall map with the morphological information. In addition,
two deep streams learning features from the vessel wall map
and the aforementioned triple input set are combined in the
diagnosis subnetwork for the classification of the diagnosis.
3.A. Segmentation subnetwork
The architecture of the proposed segmentation subnetwork
is depicted in Fig. 4, where the segmentation subnetwork is a

deep U-shape CNN followed by a weighted fusion layer, and
it is fed by a triple input set and supervised by the triple Dice
loss.
3.A.1. Architecture of segmentation subnetwork
As depicted in Fig. 4, the main body of the segmentation subnetwork is a modified U-shape convolutional network (U-Net),38 which includes a contracting path and an
expansive path. Compared with the conventional U-Net,
the proposed network structure has the following three
differences: (a) Each convolution layer (Conv) is followed
by a batch normalization (BN)46 and a rectification linear
unit (ReLU),32 which is referred as a composite layer
(Conv-BN-ReLU) herein. (b) Since the main information
is concentrated in the center of the image, the padding
operation is applied in each Conv of contracting path.
Thus each upsampling step with a 2 9 2 kernel in the
extended path restores to the size of corresponding feature
map in contracting path, which results in a concatenation
operation without cropping. (c) The weighted fusion layer
combines the multiscale features from different layers to
improve the segmentation performance, which is similar
to previous works such as the fully convolutional networks (FCNs).35
In particular, a simple upsampling operation is implemented by a convolutional operation to restore the size of

FIG. 4. The architecture of the proposed segmentation subnetwork. [Color figure can be viewed at wileyonlinelibrary.com]
Medical Physics, 46 (12), December 2019
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final layer. Thus, the architecture of the proposed segmentation subnetwork includes a single stream deep network with
four side layers, and the weighted fusion layer is added to
fuse the side layers and to learn the fusion weight during
training. In this paper, the fusion weighted layer utilizes the
1 9 1 Convs with two channels followed by the sigmoid activations to produce the pixel-wise lumen and outer wall prob^ fusion includes
ability maps. The output of the fusion layer Y
^ lumen and the outer wall probabilthe lumen probability map Y
^ outer wall given by.
ity map Y
!
M
X
ðmÞ
ðmÞ
^
^ lumen ¼ r
(2)
w
A
Y
lumen

side

m¼1

^ outer wall ¼ r
Y

M
X
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LS ðW S Þ ¼

aLl ðW l Þ þ bLo ðW o Þ þ cLv ðW v Þ
aþbþc

where W l , W o and W v are the collection of all standard network layer parameters used to calculate the prediction probability maps of the lumen area, the outer wall area and the
vessel wall area, and a, b, and c are three hyper-parameters to
balance the importance of losses, while Ll ðW l Þ, Lo ðW o Þ, and
Lv ðW v Þ are the corresponding Dice losses for the lumen, the
outer wall and the vessel wall defined by.

Ll ðW l Þ ¼ 1 

ðmÞ

ðmÞ

(3)

m¼1

where rðÞ is the sigmoid activation function calculated at
each pixel, M is the number of side-output layers given
^ ðmÞ is the output of the mth side-output layer,
by M ¼ 4, A
side
ðmÞ
wlumen is the fusion weight of lumen prediction at the mth
ðmÞ
layer, and wouter wall is the fusion weight of outer wall
^ side ¼ ðA
^ ð1Þ ; A
^ ð2Þ ; . . .;
prediction at the mth layer, while A
side

side

^ ðMÞ Þ, wlumen ¼ ðwð1Þ ; wð2Þ ; . . .; wðMÞ Þ and wouter wall ¼
A
side
lumen
lumen
lumen
ð1Þ

ð2Þ

ðMÞ

ðwouter wall ; wouter wall ; . . .; wouter wall Þ. It should be noted that
the segmentation of lumen and outer wall areas is formulated as a multilabel problem, in which two independent
binary classifiers with sigmoid activation functions for the
lumen and the outer wall are used to ensure that the pixels
marked as the lumen also has a label as an outer wall.
Thus, the segmented subnetwork can segment a corresponding pair of the lumen and the outer wall together in a single
network.
3.A.2. Triple Dice loss
In this paper, we consider a new triple Dice loss to simultaneously segment the lumen and the outer wall. Although
the cross-entropy loss optimizes the network parameters by
back-propagation for multilabel segmentation, it is generally
suitable for learning the weak association between multiple
classes in images. However, the lumen area is overlaid by
the outer wall area herein, which means that the pixel
labeled as the lumen is also labeled as the outer wall and
the outer wall area excluding the lumen area should form a
ring. Hence we should explore a loss with the associated
constriction by considering the relationship between the
lumen area and the outer wall area. Since the Dice coefficient is a measure of image overlap and widely used to evaluate the segmentation performance when the ground-truth is
available,47,48 now we propose a triple Dice loss based on
the classic Dice similarity coefficient in the segmentation
subnetwork.
By denoting the collection of all standard network layer
parameters as W S , we define the triple Dice loss LS ðW S Þ of
the segmentation subnetwork as.
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ðiÞ

ðiÞ

ðiÞ

ðiÞ

ð^youter wall  ^ylumen Þ ðyouter wall  ylumen Þ
ðiÞ

ðiÞ

ð^youter wall  ^ylumen Þ þ ðyouter wall  ylumen Þ
(7)

where N is the number of pixels of the predicted image,
ðiÞ
ðiÞ
^ylumen 2 ½0; 1 and ^youter wall 2 ½0; 1 represent the value of pre^ lumen and
dicted lumen and outer wall probability maps Y
ðiÞ
^
Youter wall at the pixel i, while ylumen 2 f0; 1g and
ðiÞ
youter wall 2 f0; 1g are the ground-truth of the lumen Ylumen
and the outer wall Youter wall at the pixel i. Note that the Dice
similarity coefficient includes a foreground mask overlap
ratio and can handle the imbalance problems in the pixels of
the foreground (i.e., the lumen or the outer wall area herein)
and the background.49 In this paper, the vessel wall loss term
is designed as a constraint by considering the relationship that
the outer wall area excluding the lumen area should form a
ring.
3.B. Diagnosis subnetwork
Since the clinical diagnosis of carotid atherosclerosis
relies on the morphology of vessel wall, we establish a diagnosis network of carotid atherosclerosis by using the morphological information embedded in the vessel wall map to
enhance the diagnosis performance. The straightforward and
simple way to exploit the morphological information is to use
the vessel wall map as a weighted map of the weighted original image, but this “hard” approach may affect the structured
information and the smoothness of the original vessel wall
map. In addition, poorly segmented vessel wall maps may
contain the background or lose some important vessel
wall information, which will greatly affect the diagnosis performance.
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As shown in Fig. 5, we propose a diagnosis subnetwork
that follows the aforementioned segmentation subnetwork, in
which a subtraction operation of the lumen probability map
and the outer wall probability map is implemented to obtain
the vessel wall map, and the diagnosis subnetwork contains
the morphology stream and the image stream. These two
streams are then incorporated at the feature-level to produce
the final output of diagnosis result, which mitigates the
effects from the segmentation error. Further two outputs of
the morphology stream and the image stream are generated,
and two additional losses are used to provide deep supervision for “guiding” the stream features learning.
3.B.1. Architecture of diagnosis subnetwork
As depicted in Fig. 5, there are two data streams in the
proposed diagnosis subnetwork. In particular, the morphology stream tends to learn the important morphological features for diagnosis, which are learned from the vessel wall
map obtained in the segmentation subnetwork. Meanwhile,
the image stream is used to learn the complex visual features
from the triple input set that includes 2.5D image characteristics. Hence two CNNs with the same architecture are developed for learning the features from each stream in the
proposed diagnosis subnetwork, where the composite layer
(Conv-BN-ReLU) is also used as a unit to learn the hierarchical features of the layered streams for each CNN. Specifically,
in each stream, the maximum pooling layer with the fixed
size of 2 9 2 is added after every two Conv-BN-ReLU layers, and then the number of the kernel of the convolutional
layer is doubled from 16 to 64 in every two Conv-BN-ReLU
layers. Due to the fact that the vessel wall thickness is only 2
or 3 pixels in some MRI images, a convolutional kernel size
of 3 9 3 with stride 1 is selected to process the images.
Inspired by the global average pooling (GAP),50 we add a
GAP layer to the convolutional feature map after each last
maximum pooling layer and use it as a feature vector for the
fully connected layer to generate the desired output. Finally,
after the GAP layer, the remaining layer is a fully connected
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layer consisting of one neuron with the sigmoid activation to
produce the probability of carotid atherosclerosis.
In order to further effectively utilize the multimodal information from the morphology stream and the image stream,
we obtain two corresponding convolutional feature maps for
diagnosis from the stage outputs (lth layer) of two streams. In
particular, we connect the feature maps from the last maximum pooling layer of two streams and feed them into a network including two Conv-BN-ReLU layers with 128 kernels
with size of 3 9 3, a maximum pooling layer with size of
2 9 2, a GAP layer and fully connected layer with one neuron activation activated by a sigmoid function. As a result,
three outputs are generated as the morphology output, the
image output, and the joint output, where the joint output is
the final classification output of the diagnosis subnetwork as
shown in Fig. 5.
3.B.2. Diagnosis loss
The goal of deep networks (especially CNNs) is to determine the layer weights used to minimize the classification
error at the output layer. Here we represent the weights of the
morphology output, the image output, and the joint output of
the diagnosis subnetwork as W m , W i , and W j , respectively,
and a collection of all standard network layer parameters is
indicated as W D . Now we define the overall loss of the diagnosis subnetwork LD ðW D Þ as.
LD ðW D Þ ¼ am Lm ðW m Þ þ ai Li ðW i Þ þ aj Lj ðW j Þ

where Lm ðW m Þ, Ll ðW l Þ and Lj ðW j Þ denote the morphology
loss, the image loss, and the joint loss, respectively, while am ,
ai and aj are three hyper-parameters used to balance the
importance of losses in these three outputs.
As shown in Eq. (8), we not only backpropagate the loss
from the joint output but also from other two stream outputs,
where the backpropagation of loss from the joint output is
used to train the overall parameters W D , and the other two
output losses are used to enforce a constraint at each stream

FIG. 5. The architecture of the proposed diagnosis subnetwork. [Color figure can be viewed at wileyonlinelibrary.com]
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feature learning to produce accurate label predictions. Some
previous works41,51 use a similar technique called deep supervision, and we take advantage of the characteristics of the
deep supervision in the proposed diagnosis subnetwork. In
particular, each of these three losses LðW ðÞ Þ is a binary
cross-entropy defined by.
LðW ðÞ Þ ¼

X

yi logðpðxi ÞÞþð1  yi Þ logð1  pðxi ÞÞ

(9)

xi 2X

where yi is the true label (i.e., the modified AHA Types), and
pðxi Þ is any of the three outputs of the xi image.
As described above, the multimodal streams (i.e., the morphology stream and the image stream) are combined in the
proposed diagnosis subnetwork. To avoid over-reliance on
the segmentation Accuracy, two streams are integrated at the
feature-level to serve as the final classification output. From
the losses of the diagnosis subnetwork, in addition to the joint
loss, there are two additional deep feedbacks (i.e., the morphology loss and the image loss) that provide deep supervision to “guide” early stream feature learning.

4. IMPLEMENTATION
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Firstly, the initial learning rate l ¼ 0:01 is used to train the
segmentation subnetwork model and is multiplied by 0.1 after
every 100 epochs. The stochastic gradient descent (SGD) is
used to optimize the model with the momentum of 0.9 and
the Nesterov, where the network weights are updated with
mini-batches of eight images. The 300 epochs are run to generate the model, and the model with the lowest loss is
selected by verifying that the loss curve of validation dataset
converges.
Further, the triple input set and its vessel wall map are
used to optimize the diagnosis subnetwork model, where the
corresponding vessel wall maps are obtained from the previously selected segmentation subnetwork model. The model
weights of the diagnosis subnetwork are trained by optimizing the model weights of the entire DeepMAD network and
freezing the model weights of the segmentation subnetwork.
The 150 epochs are run at the initial learning rate l ¼ 0:01,
which is multiplied by 0.1 after every 50 epochs. The diagnosis subnetwork is trained by using the same training strategy
as the segmentation subnetwork, and the model with the lowest loss is selected for the classification network. Finally the
entire DeepMAD network model is established by connecting
the segmentation subnetwork model and the diagnosis subnetwork model.

4.A. Datasets
The CAREII dataset is used to test the proposed DeepMAD network performance. From the total CAREII dataset, 951 scans are randomly selected for training and 106
scans are for testing. In other words, 12390 images (i.e.,
the carotid artery slices) are prepared for training and 1578
are used for the “CAREII test”. Without loss of generality,
one-tenth of training images are randomly selected from
the training dataset and used as the validation dataset to
avoid the overfitting problem. The “CAREII test” is used
to evaluate the scenario, where the data used to train the
model come from the same dataset used to test the model.
On the other hand, all 425 scans (i.e., 6525 images) in the
AIM-HIGH trail dataset are utilized to further evaluate the
robustness and transferability of the learned DeepMAD
model, which is another scene, where the training data
comes from the different dataset used in the testing. Since
a quarter of the total images of these two datasets are the
carotid atherosclerosis images, we balance the training dataset by randomly upsampling the images with atherosclerosis during training. For the sake of simplicity, the hypeparameters in Eqs. (4) and (8) are set as a ¼ b ¼ c ¼ 1
and am ¼ ai ¼ aj ¼ 1 herein.
4.B. Training details
The proposed DeepMAD network is implemented by
using a Titan 1080ti GPU running Keras and is trained by
using the image flipping and rotation operations. It is worth
noting that other image augmentation operations may alter
the morphology of the original images and hence change the
initial markers.
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4.C. Evaluation metrics
The performance of the proposed DeepMAD network is
evaluated on the datasets “CAREII test” and “AIM-HIGH
Trail test”. Firstly, the performance of the proposed morphology subnetwork is tested, and the lumen, outer wall and vessel wall areas are calculated and evaluated by the following
designed metrics. The lumen area and the outer wall area are
obtained by processing the probability maps of the lumen
and the outer wall with a threshold of 0.5, while the vessel
wall area is obtained from the vessel wall map with the same
threshold by a subtraction operation of the probability maps
of the lumen and the outer wall. The Dice similarity coefficient (Dice)47,48 is used as the area-based metric indicating
the spatial overlap between the binary segmentation results
and the ground-truth, which is defined by:
Dice ¼

2ðA \ BÞ
AþB

(10)

where A and B denotes the binary segmentation results and
the ground-truth, and Dice ¼ 1 in case of complete area overlap. In addition, the Balanced Accuracy (BAcc) is used to
measure the imbalanced data in the segmentation of the
lumen, outer wall and vessel wall areas, which is defined by.
BAcc ¼

Sensitivity þ Specificity
2

(11)

with.
Sensitivity ¼

TP
;
TP þ FN

Specificity ¼

TN
TN þ FP

(12)
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where TP and TN denote the number of true positives and
true negatives of the pixel-wise samples, and FP and FN represent the number of false positives and false negatives of the
pixel-wise samples.
At the same time, the receiver operating characteristic
(ROC) curve and the area under ROC curve (AUC) are used
to assess the predictive power of the diagnosis, where the performance is measured by the following precision, recall, and
Accuracy criteria.
Precision ¼
Recall ¼

TP
TP þ FP

TP
TP þ FN

Accuracy ¼

TP þ TN
TP þ TN þ FP þ FN

(13)
(14)
(15)

Since a series of criteria scores can be obtained by adjusting
the diagnosis thresholds, a threshold with the highest Accuracy on the validation dataset is used as the final threshold for
reporting performance.
Finally, for statistical analysis, the Bland–Altman analysis52 is performed to compare the manual and segmentation
subnetwork in the evaluation of the lumen, outer wall and
vessel wall areas, while the confusion matrix53 and the
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Cohen’s Kappa j54 are used to assess the consistency
between the manual diagnosis and automated diagnosis of
the carotid atherosclerosis.
5. EXPERIMENTAL RESULTS
5.A. Results visualization of DeepMAD network
By way of example, firstly we consider 2D slices of left
and right carotid arteries of a patient from the “CAREII test”
dataset, where the T1-weighted images of the CCAs, the carotid bifurcations and the ICAs are shown in the i-th rows of
Figs. 6(a) and that of 6(b), and the corresponding lumen segmentation and outer wall segmentation obtained by using the
proposed DeepMAD network are plotted in the ii-nd and iiird rows of [Figs. 6(a) and 6(b)]. Then the iv-th rows of
[Figs. 6(a) and 6(b)] show these automated segmentation
results (i.e., the green contours) and compare them with the
experts’ segmentation results (i.e., the red contours), where
the yellow contours indicate the overlap between these two
segmentations. Finally the diagnosis results for each slice are
shown in the v-th rows of [Figs. 6(a) and 6(b)], where the NC
indicates the absence of the atherosclerosis lesions, and the
AC indicates the presence of atherosclerosis lesions as mentioned in Section II.A. Thus from Fig. 6, we can see that the
automated segmentation results of the proposed DeepMAD
are in good agreement with the manual segmentation

(a)
(i)

(ii)
(iii)

(iv)

(v)

(b)
(i)

(ii)
(iii)

(iv)

(v)

FIG. 6. T1-weighted images and the corresponding segmentation and diagnosis results obtained by the DeepMAD network for the patient from the “CAREII
test” dataset: (a) Visualized 16 consecutive 2D images from left carotid artery of a patient, and (b) Visualized 16 consecutive 2D images from right carotid artery
of a patient. DeepMAD, deep morphology aided diagnosis. [Color figure can be viewed at wileyonlinelibrary.com]
Medical Physics, 46 (12), December 2019
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regardless of the narrowing of the lumen or the thickening of
the eccentric vessel wall and the DeepMAD network can also
provide good diagnosis results.
5.B. Segmentation performances on two test
datasets
Now the datasets “CAREII test” and “AIM-HIGH Trail
test” are used to test the segmentation performance of the
proposed DeepMAD network. For performance comparison,
some existing methods such as the B-spline snake-based vessel wall segmentation methods20,21 (herein referred to as Bspline Snake) and the traditional U-Net38 method (herein
referred to as U-Net) are carried out to segment the lumen
and the outer wall areas separately, and another U-Net combined with the triple Dice loss (herein referred to as Triple UNet) is implemented to split the area of the lumen and the
outer wall jointly, where the U-Net and the triple U-Net are
trained with the input of single slice, and the triple U-Net
with triple input set (herein referred to as Triple U-Net-TIS)
is also performed to evaluate the effectiveness of triple input
set. In general, the B-spline snake55 iteratively detects the
boundaries of the lumen and the outer wall with the image
gradient and completes their initialization profiles with the
mean-shift segmentation method56 and the conditional shape
model method57 respectively, while the U-Net should train
two CNN networks separately to segment the lumen area and
the outer wall area.
Tables I and II show the evaluation criteria for the segmentations of the lumen, the outer wall and the vessel wall (i.e.,
the Dices and the BAccs) obtained by the B-spline snake,20,21
the U-Net,38 the Triple U-Net, the Triple U-Net-TIS, and the
proposed segmentation of DeepMAD network, respectively,
where the training data and the testing data are from the same
dataset in the former, and the transferring capability of the
different segmentation methods are evaluated in the latter. In
addition, the Wilcoxon singed-rank test is completed, which
is a nonparametric hypothesis statistical test used to test
the paired difference between the proposed segmentation
subnetwork and other different segmentation methods, and
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the P-values are listed in Tables I and II, where the P-value
represents the statistical significance of the difference, and a
P-value < 0.01 is generally considered to be statistically significant. Obviously all P-values are less than 0.01 except four
exceptions (i.e., 0.3205, 0.0326, 0.0280, and 0.0670) in
Tables I and II, and it is clear that there is a statistical difference between the proposed segmentation subnetwork and
other segmentation methods such as the B-spline snake,
U-Net, Triple U-Net, and Triple U-Net-TIS.
From Tables I and II, we can see that the B-spline snake
method performs poorly on both datasets. Although the UNet uses two CNNs networks to learn visual features from the
manual labels separately to segment the lumen area and the
outer wall area without utilizing the relationship between the
outer wall area and the lumen area. Thus the U-Net requires
more processing time to train more weights and performs
weakly on both datasets as shown in Tables I and II. Since the
triple Dice loss provides the interrelationship between the
lumen and the outer wall areas, and the triple input set provides the 2.5D information of the carotid artery, we can see
that the Triple U-Net improves the performance of vessel wall
segmentation compared to the U-Net on both testing datasets,
and the Triple U-Net-TIS is slightly better than the Triple UNet on both test datasets.
However as shown in Tables I and II, it is clear that the
proposed DeepMAD network is superior to the B-spline
snake, the U-Net, the Triple U-Net, and the Triple U-Net-TIS
on the “CAREII test” (Dices for the lumen, the outer wall,
and the vessel wall are 0.9594, 0.9657, and 0.8647, respectively) and “AIM-HIGH Trail test” datasets (Dices for the
lumen, the outer wall, and the vessel wall are 0.9475, 0.9542,
and 0.8364, respectively), where the weighted fusion layer
helps to improve the segmentation performance. Due to the
inconsistency between the two datasets by the radiologists,
the proposed DeepMAD network performs less well on the
“AIM-HIGH Trail test” than the “CAREII test” dataset, but
the experimental results on the “AIM-HIGH Trail test” dataset show that the DeepMAD model learned from one dataset
could be successfully transferred to another dataset for the
segmentation of the carotid artery wall.

TABLE I. Performance comparisons of segmentation by using different methods on the “CAREII test” dataset.
Lumen
Methods
B-spline snake20

Dice

Outer wall
BAcc

Dice

Vessel wall
BAcc

Dice

BAcc

0.9017

0.9280

0.8554

0.9411

0.6469

0.8894

P-value
U-Net38

<0.01
0.9558

<0.01
0.9766

<0.01
0.9607

<0.01
0.9752

<0.01
0.8507

<0.01
0.9186

P-value

<0.01

<0.01

<0.01

<0.01

<0.01

<0.01

Triple U-Net
P-value
Triple U-Net-TIS
P-value
Segmentation subnetwork

0.9572
<0.01
0.9577
<0.01
0.9594

0.9753
<0.01
0.9762
<0.01
0.9786

The bold font is used to show the best results among the listed methods.
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0.9608
<0.01
0.9622
<0.01
0.9657

0.9767
0.3205
0.9781
0.0326
0.9797

0.8540
<0.01
0.8578
<0.01
0.8647

0.9272
<0.01
0.9302
<0.01
0.9325
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TABLE II. Performance comparisons of segmentation by using different methods on the “AIM-HIGH Trail test” dataset.
Lumen
Methods
B-spline snake

Dice
20

P-value
U-Net38
P-value
Triple U-Net
P-value
Triple U-Net-TIS

0.8885
<0.01
0.9447
<0.01

Outer wall
BAcc
0.9302
<0.01
0.9705
<0.01

Dice
0.8588
<0.01
0.9504
<0.01

Vessel wall
BAcc
0.9508
<0.01
0.9721
<0.01

Dice

BAcc

0.6475

0.8891

<0.01

<0.01

0.8209

0.9065

<0.01

<0.01

0.9456

0.9689

0.9500

0.9749

0.8272

0.9206

<0.01
0.9470

<0.01
0.9713

<0.01
0.9528

<0.01
0.9770

<0.01
0.8340

<0.01
0.9214

<0.01

<0.01

<0.01

<0.01

P-value

0.0280

Segmentation subnetwork

0.9475

0.9735

0.9542

0.0670
0.9773

0.8364

0.9228

The bold font is used to show the best results among the listed methods.

5.C. Diagnosis performance on two test datasets
Here the diagnosis performance of the proposed DeepMAD network is assessed and compared with the fine-tuning
VGG-16 network32 on the “CAREII test” dataset and the
“AIM-HIGH Trail test” dataset, where the fully connected
layers of VGG-16 is finely tuned and trained through the
same training strategy of the DeepMAD network. For performance comparison, an image network is designed by using
the traditional CNN and consists of the composite layers
(Conv-BN-ReLU) with the kernel size of 3 9 3, a max pooling layer with the size of 2 9 2 after every two Conv-BNReLU layers and the GAP layer (see the architecture in Fig. 5
for reference). In the image network, the number of convolutional kernels increases from 16 to 64 in every two Conv-BNReLU layers, and a probability of atherosclerotic carotid
artery slices is provided by a fully connected layer with sigmoid activation, while the image network is trained on the
same training dataset and with the same strategy used in the
proposed diagnosis subnetwork. Additionally, the DeepMAD
network without deep supervision (herein referred to as
DeepMADw/oDS) and the image stream or morphology
stream of the DeepMAD network (herein referred to as DeepMAD-IS or DeepMAD-MS) is also implemented to compare
the diagnosis performance. Four diagnosis criteria obtained
by the fine-tuning VGG-16 network, image network, DeepMADw/oDS, DeepMAD-MS and DeepMAD-IS on the datasets “CAREII test” and “AIM-HIGH Trail test” are shown in
Tables III and IV, while the corresponding ROC curves are
plotted in Fig. 7.
In general, the well-known fine-tuning VGG-16 network
was trained with a large number of training images, and the
natural image dataset does not contain the images of any
medical features. As shown in Tables III and IV and Fig. 7,
we can see that the fine-tuning VGG-16 network performs
poorly and cannot be used to transfer a trained learning
model on a medical image dataset, because the natural
images are completely different from the data used in this
study. However, the image network only extracts the image
features and does not utilize the morphological features;
Medical Physics, 46 (12), December 2019

TABLE III. Performance comparisons of diagnosis by using different methods
on the “CAREII test” dataset.
Methods

AUC

Precision

Recall

Accuracy

Fine-tuning VGG-1632

0.7183

0.4795

0.6376

0.6935

Image Network

0.9283

0.7288

0.8239

0.8593

DeepMADw/oDS

0.9367

0.7870

0.8206

0.8878

DeepMAD-IS

0.9254

0.7768

0.7717

0.8688

DeepMAD-MS

0.9406

0.7766

0.8239

0.8796

Proposed DeepMAD

0.9503

0.8029

0.8326

0.8916

DeepMAD, deep morphology aided diagnosis.
The bold font is used to show the best results among the listed methods.

TABLE IV. Performance comparisons of diagnosis by using different methods
on the “AIM-HIGH Trail test” dataset.
Methods

AUC

Precision

Recall

Accuracy

Fine-tuning VGG-1632

0.6851

0.3365

0.6891

0.5926

Image Network

0.8979

0.6044

0.7852

0.8239

DeepMADw/oDS

0.9019

0.6501

0.8002

0.8464

DeepMAD-IS

0.8722

0.5937

0.7425

0.8132

DeepMAD-MS

0.9130

0.6223

0.7849

0.8380

Proposed DeepMAD

0.9227

0.7000

0.8009

0.8679

DeepMAD, deep morphology aided diagnosis.
The bold font is used to show the best results among the listed methods.

hence it has better performance over the fine-tuning VGG-16
network but does not have sufficient discriminating power for
atherosclerosis diagnosis.
On the other hand, the DeepMADw/oDS method combines multiple features, and hence it is superior to the fine-tuning VGG-16 network and the image network on both datasets,
even the deep supervision is not used. Clearly the deep supervision is useful for guiding the early-layer training. Since
most of the clinical symptoms come from the vessel wall
morphology, the performances of the DeepMAD-IS and
DeepMAD-MS are better than the fine-tuning VGG-16 network by using one stream of the proposed DeepMAD network depicted in Fig. 5, where the DeepMAD-MS is
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(a)
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which illustrate the difference between the manual groundtruth and the results obtained by the DeepMAD network.
Especially for the “CAREII test” dataset, the averaged pairwise difference between the manual and automated measurements are 0.22  4.53 mm2 for the lumen area,
0.37  6.88 mm2 for the outer wall area, and
0.58  7.81 mm2 for the vessel wall area, respectively. In
contrast, for the “AIM-HIGH Trail test” dataset, the DeepMAD network has deviations of 0.11  7.73 mm2 for the
lumen area, 1.32  10.57 mm2 for the outer wall area, and
1.21  7.62 mm2 for the vessel wall area, respectively.
Obviously the average differences for these areas are evenly
distributed and the standard deviations (SDs) are relatively
small. Hence we can see that the DeepMAD network results
are in good agreement with the manual results, and there is
no significant difference between the areas and the averaged
area size.
Then we analyze the statistical performance of the proposed diagnosis subnetwork. The confusion matrices on the
“CAREII test” dataset and the “AIM-HIGH Trail test” datasets are calculate and plotted in Fig. 9 to assess the consistency between the manually labeled results and the
automated results obtained by using the proposed DeepMAD
network, and the Cohen’s Kappa j is also calculated to measure the agreement for the detection of atherosclerotic carotid
artery slices, and j ¼ 0:7397 for the “CAREII test” dataset,
while j ¼ 0:6578 for the “AIM-HIGH Trail test” dataset.
Clearly, these results indicate that the proposed DeepMAD
network can achieve satisfactory diagnosis performances of
atherosclerosis on both test datasets.
6. DISCUSSIONS

FIG. 7. The ROC curves with AUC scores for different diagnosis methods on
(a) “CAREII test” dataset and (b) “AIM HIGH Trial test” dataset. AUC, area
under ROC curve (AUC); ROC, receiver operating characteristic. [Color figure can be viewed at wileyonlinelibrary.com]

generally superior to the DeepMAD-IS, because the morphological information is effectively used in the former. Therefore, as demonstrated in Tables III and IV and Fig. 7, with the
aids of the morphology stream, the image stream and the
deep supervision, the proposed DeepMAD network outperforms the above methods and achieves optimal performance
on the “CAREII test” (0.9503 AUC) and “AIM-HIGH Trail
test” datasets (0.9227 AUC), where the image stream avoids
the influences of segmentation errors, the morphology stream
provides more discriminating power for the atherosclerosis
diagnosis, and these two streams promote each other.
5.D. Statistical analysis on two test datasets
Firstly we consider the statistical performance of the proposed segmentation subnetwork, and the Bland–Altman plots
are shown in Fig. 8 for the average lumen area, the average
outer wall area and the average vessel wall area on the “CAREII test” dataset and the “AIM-HIGH Trail test” dataset,
Medical Physics, 46 (12), December 2019

In this paper, we proposed an ensemble and end-to-end
network called the DeepMAD network for the segmentation
of 2D carotid artery vessel wall area and the diagnosis of
atherosclerotic carotid artery slices, where the DeepMAD
network consists of two parts: the segmentation subnetwork
and the diagnosis subnetwork. It is the first attempt to use the
CNNs for the automated segmentation of the lumen and the
outer wall areas and the automated diagnoses of carotid
atherosclerosis. The performance of the DeepMAD network
was evaluated on two datasets, and the results were shown to
be consistent with manual marking of the lumen and the
outer wall boundaries and the manual label for the diagnosis
of carotid atherosclerosis. In addition, it was found that the
trained DeepMAD network from one test dataset can be successfully transferred to another test dataset.
To the best of our knowledge, public datasets are not available for the validation of the carotid vessel wall images, while
most previous segmentation methods typically use the nonpublic 2D or 3D carotid MR images to segment the lumen
and the outer wall. Hence in this paper, the data collected in
our center were used to verify the performance of the proposed DeepMAD network in this study, where the proposed
segmentation subnetwork was compared with some existing
segmentation methods (e.g., the traditional U-Net networks38
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FIG. 8. The Bland–Altman plots in terms of the averaged lumen, outer wall and vessel wall areas on the “CAREII test” dataset and the “AIM-HIGH Trail test”
dataset.

and the B-spline snake-based methods20,21) that do not
require the acquisition of other modalities (e.g., MRA) and
user interaction to aid segmentation. Meanwhile, the automated methods for the diagnosis of carotid atherosclerosis
based on the modified AHA lesion Types have not been published in the literature. Hence the proposed diagnosis subnetwork was compared with some state-of-art classification
Medical Physics, 46 (12), December 2019

methods (e.g., the fine-tuning VGG-16 network32 and the
image network).
Firstly, the segmentation subnetwork was proposed for
joint segmentation of the lumen and the outer wall areas by
learning the visual features from the manual labels, and the
triple Dice loss was proposed for formulating the relationship
of the lumen and the outer wall areas therein. Meanwhile, the
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(a)

(b)

FIG. 9. The confusion matrices on (a) the “CAREII test” dataset and (b) the
“AIM-HIGH Trial test” dataset. [Color figure can be viewed at wileyonlinelib
rary.com]

triple input set was introduced to provide more information
along the centerline of carotid artery. Thus the separate segmentation of the lumen and the outer wall areas by two networks such as the traditional U-Net methods and the large
memory and training time required for the true 3D CNN are
effectively and efficiently avoided. Then the effectiveness of
the segmentation subnetwork was evaluated on two test datasets. As shown in Fig. 6, the proposed segmentation subnetwork has the ability to simultaneously learn the features of
the lumen and the outer wall boundaries including the interrelationship between the lumen and the outer wall boundaries
and the 3D information of the carotid artery.
An advantage of the proposed segmentation subnetwork is
that it can learn the visual features from the manual labels to
provide a clear depiction of the lumen and the outer wall
boundaries in severely diseased areas or low contrast quality
images as compared with model-based segmentation methods; [Figs. 10(a)–10(f)] show the segmentation results of the
lumen area obtained by the DeepMAD network (i.e., green
Medical Physics, 46 (12), December 2019
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continuous) and the B-spline snake method (i.e., red continuous), where the overlap of these two methods are marked in
yellow, while [Figs. 10(g)–10(l)] depict the corresponding
ground-truth segmented by the trained radiologists (i.e., red
continuous). From Fig. 10, we can observe that the B-spline
snake method is very susceptible to the BB-MRI image artifacts and may deviate from the real boundary, and the proposed segmentation subnetwork can improve the automated
lumen segmentation at the poor contrast positions between
the lumen and the vessel wall.
Similarly, [Figs. 11(a)–11(f)] show the segmentation
results of the outer wall area obtained by the proposed segmentation network (i.e., the green continuous) and the Bspline snake (i.e., the red continuous), where the overlap of
these methods are shown in yellow, and the ground-truths
outlined by the trained radiologists are also shown in
[Figs. 11(g)–11(l)] for comparison. Obviously, the B-spline
snake method fails to detect the outer wall boundary of carotid artery with severe disease as shown in [Fig. 11(a)], and the
outer wall boundaries cannot be more clearly depicted while
suppressing the background tissues as shown in [Figs. 11(b)
and 11(c)]. Since the ICA outer wall boundary is closed with
the ECA outer wall boundaries near the carotid bifurcation
and usually results in weaker vessel wall signals between the
ICA and the ECA, the B-spline snake method sometimes fails
at the ICA outer wall boundary as shown in [Fig. 11(d)–
11(f)], but the proposed segmentation subnetwork overcomes
the shortcomings of these segmentations.
Therefore as shown in [Figs. 10 and 11], the proposed segmentation subnetwork improves the segmentation of the
lumen at the challenging positions with artifacts and also successfully detects the outer wall boundary of carotid artery
with severe disease. At the same time, even for the blurred
boundaries of the lumen and the outer wall, the proposed segmentation subnetwork can accurately segment the lumen and
the outer wall areas simultaneously, and it can provide a clear
description of the outer wall boundary when the ICA outer
wall boundary is close to the ECA outer wall boundary.
Unfortunately, compared with the learning-based methods,
the performance improvement of the proposed segmentation
subnetwork is not much better than the traditional U-Net
method as shown in Table I and II. However, the proposed
segmentation subnetwork has two notable advantages compared with the traditional U-Net method: (a) The proposed
segmentation subnetwork trains and tests a corresponding
pair of the lumen and the outer wall together in a single network to avoid more weights and processing time, while the
traditional U-Net method only segments the lumen or the
outer wall area, which means that two U-Net networks should
be trained separately to segment the lumen and the outer wall
areas. Thus it is necessary to train more weights and spend
more processing time in these two U-Net networks than that
in the proposed segmentation subnetwork. (b) The traditional
U-net method segments the lumen and the outer wall area
with two independent U-Net networks, where the relationship
between of the lumen and the outer wall areas cannot be utilized. In particular, for the segmentation of the lumen and the
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FIG. 10. (a–f) The segmentation results of the lumen obtained by B-spline snake (in red) and the proposed DeepMAD network (in green) and (g–l) the corresponding ground-truth segmented by the trained radiologists (in red). DeepMAD, deep morphology aided diagnosis. [Color figure can be viewed at wileyonline
library.com]
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(e)
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(k)

(l)

FIG. 11. (a–f) The segmentation results of the outer wall obtained by B-spline snake (in red) and the proposed DeepMAD network (in green) and (g–l) the corresponding ground-truth segmented by the trained radiologists (in red). DeepMAD, deep morphology aided diagnosis. [Color figure can be viewed at wileyonline
library.com]

outer wall, we should consider the key facts that the outer
wall area covers the lumen area and the outer wall area
excluded the lumen area forms a ring. Hence the traditional
U-Net method cannot segment the thin portion of vessel wall
area and causes an overlap of lumen and outer wall contours,
since the relationship between of lumen and outer wall area
is not considered.
Figure 12 shows several segmentation results of the carotid artery obtained by the traditional U-Net method and the
proposed segmentation subnetwork. In [Figs. 12(a)–12(f)],
the lumen boundary and the outer wall boundary identified
and outlined by the trained radiologists are shown in red or
green outlines, respectively. The corresponding segmentation
results of the vessel wall obtained by the traditional U-Net
method and the proposed segmentation subnetwork are plotted in [Figs. 12(g)–12(l)] and [Figs. 12(s)–12(x)], respectively, where the subtraction operation of the lumen and the
outer wall segmentation areas is completed to obtain more
intuitive comparison of the vessel wall segmentation. Unfortunately, the traditional U-Net method cannot segment the
Medical Physics, 46 (12), December 2019

thin portion of vessel wall area and results in an overlap of
lumen and outer wall contours as shown in [Figs. 12(g)–
12(l)], while we can find that the proposed segmentation subnetwork can improve the automated segmentation in the same
part as shown in [Figs. 12(s)–12(x)].
Furthermore, [Figs. 12(m)–12(r)] show the segmentation
results of the vessel wall obtained by the proposed segmentation subnetwork without the vessel wall loss given in Eq. (7),
that is, only the losses given in Eqs. (5) and (6) are used in
Eq. (4). Obviously, the proposed segmentation subnetwork
without the vessel wall loss does not ensure that the vessel
wall is a ring as shown in [Figs. 12(m)–12(n)], while the segmentation of lumen contours is exacerbated at the challenging locations with artifacts as shown in [Figs. 12(o)–12(p)],
and the obtained rough outer wall contours suppress the background tissues as shown in [Figs. 12(q)–12(r)]. However, as
described above, the proposed segmentation subnetwork
establishes the relationship between the lumen and the outer
wall areas by the proposed triple Dice loss defined in Eq. (4),
where the vessel wall loss defined in Eq. (7) is added as a
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FIG. 12. The segmentation results of the lumen and the outer wall obtained by (a–f) the trained radiologists, (g–l) the traditional U-Net method, (m–r) the proposed segmentation subnetwork without the vessel wall loss, and (s–r) the proposed segmentation subnetwork. [Color figure can be viewed at wileyonlinelibra
ry.com]

constraint by considering the relationship that the outer wall
area excluding the lumen area should form a ring. Obviously
we can find that the proposed segmentation subnetwork can
improve the automated segmentation in the same part as
shown in [Figs. 12(s)–12(x)].
On the other hand, the diagnosis subnetwork was proposed by using a combination of the morphological and
image information to distinguish the atherosclerotic and the
normal carotid arteries. Unlike traditional clinical indexes of
the carotid atherosclerosis, the diagnosis subnetwork is
trained under the supervision of the modified AHA lesion
Types. In the diagnosis subnetwork, the unreliable mark was
prevented for the diagnosis of carotid atherosclerosis, and the
morphological information and image information are combined to improve the diagnosis performance. The validity of
the diagnosis subnetwork was evaluated on two datasets and
compared with other methods in Tables III and IV. The visual
features have more potential image representations and more
discriminating information than clinical parameters, and it
can be used to diagnose atherosclerosis without the need to
extract the clinical parameters (e.g., the vessel wall thickness
and the remodeling index), where the clinical parameters are
based on information currently observed by the clinician,
while the visual features are a deep representation of a
Medical Physics, 46 (12), December 2019

broader set of image attributes, and some of which may be
unrelated to what the clinician explicitly defines. Since the
morphology stream and the image stream are fused in the feature layer and the deep supervision is used to “guide” early
stream feature learning to improve significantly the diagnosis
performance of carotid atherosclerosis, the proposed diagnosis subnetwork is superior to the morphology stream, the
image stream and the similar network without deep supervision, and it has better diagnosis performance on the “CAREII
test” dataset (0.9503 AUC and 0.8916 Accuracy) and the
“AIM-HIGH Trail test” dataset (0.9227 AUC and 0.8679
Accuracy) as shown in Tables III and IV.
In addition, the proposed DeepMAD network also has
some limitations. Firstly, the extraction processing of the ROI
(80 9 80 pixel square image) was manually performed from
each T1-weighted MRI slice, where the ROI is located at the
manual center point of the carotid artery lumen, and the datasets “CAREII test” and “AIM-HIGH Trail test” include the
lumen center points provided by the trained radiologists.
However, the center point can be located easily and automatically, and the elaborate method for automated centerline
detection58,59 is currently being studied. Secondly, many segmentation methods have been proposed from different perspectives in the literature. Due to the limited paper space, we
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will compare the proposed DeepMAD network with other
methods in future work.
7. CONCLUSIONS
In this paper, we proposed an ensemble and end-to-end
network named DeepMAD network for the segmentation of
2D carotid artery vessel wall area and the diagnosis of
atherosclerotic carotid artery slices, where the CNN was used
to segment the lumen and the outer wall areas together and to
automatically diagnose carotid atherosclerosis. The DeepMAD network was evaluated on two test datasets, and it was
shown that the experimental results were consistent with the
manual marking of the wall boundaries (the lumen and the
outer wall borders) and the manual labeling for the diagnosis
of carotid atherosclerosis. In addition, it was found that the
trained DeepMAD network from one test data set could be
successfully transferred to another test dataset. The proposed
DeepMAD network can be used in clinical trials to help the
radiologists perform cumbersome reading tasks such as
screening for the normal carotid and the vessel wall contours
from atherosclerotic arteries.
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