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ABSTRACT Quantitative analysis of blood vessel wall structures is important to study atherosclerotic
diseases and assess cardiovascular event risks. To achieve this, accurate identification of vessel luminal and
outer wall contours is needed. Computer-assisted tools exist, but manual preprocessing steps, such as region
of interest identification and/or boundary initialization, are still needed. In addition, prior knowledge of the
ring shape of vessel walls has not been fully explored in designing segmentation methods. In this work,
a fully automated artery localization and vessel wall segmentation system is proposed. A tracklet refinement
algorithmwas adapted to robustly identify the artery of interest from a neural network-based artery centerline
identification architecture. Image patches were extracted from the centerlines and converted in a polar
coordinate system for vessel wall segmentation. The segmentation method used 3D polar information
and overcame problems such as contour discontinuity, complex vessel geometry, and interference from
neighboring vessels. Verified by a large (>32000 images) carotid artery dataset collected frommultiple sites,
the proposed system was shown to better automatically segment the vessel wall than traditional vessel wall
segmentation methods or standard convolutional neural network approaches. In addition, a segmentation
uncertainty score was estimated to effectively identify slices likely to have errors and prompt manual
confirmation of the segmentation. This robust vessel wall segmentation system has applications in different
vascular beds and will facilitate vessel wall feature extraction and cardiovascular risk assessment.

INDEX TERMS Artery detection, artery localization, atherosclerosis, polar conversion, tracklet refinement,
vessel wall segmentation.

I. INTRODUCTION
Atherosclerotic cardiovascular disease is a leading cause of
death worldwide [1]. Angiographic techniques are commonly
used to depict luminal stenosis resulting from atherosclerosis
progression. However, they often under- or over-estimate the
underlying disease burden due to expansive or restrictive arte-
rial wall remodeling [2]. Black-blood vessel wall magnetic
resonance imaging (MRI) has allowed for direct visualiza-
tion of atherosclerotic lesions in major arterial beds [3], [4]
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without ionizing radiation or contrast media. Arterial wall
segmentation in vessel wall MRI provides a quantitative anal-
ysis of atherosclerotic burden, which can be exploited for
monitoring disease progression in serial studies and clinical
trials [5], [6].

Considering the anatomical variations of arteries, MRI
signal complexity, and flow artifacts, most previous stud-
ies, including quantitative analysis of the vessel wall, rely
on manual segmentation. In manual review, inner and outer
boundaries of arterial walls (lumen and outer wall) visible
in the axial planes on each slice of the MR images need to
be drawn on each slice [7], which is tedious and subject to
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reader variability [8]. Unlike brain tumors or larger human
organs, where locating the region of interest for segmentation
is relatively easy, the vessel wall is usually 1 millimeter in
thickness and takes less than 0.1% of space in the image.
In addition, the size of arteries may change along the slices,
and the artery might be tortuous with many bifurcations.
Correct identification of the region containing the artery of
interest is usually needed prior to vessel wall segmentation;
for example, zooming in to the region, including the common
carotid artery (CCA) or internal carotid artery (ICA) for
carotid vessel wall analysis facilitates segmenting the thin
vessel wall region. Semi-automated or automated methods
have been proposed to segment vessel walls, such as using
active contourmodels byYuan et al. [9] andAdams et al. [10],
an active shape model by Underhill et al. [11], or using graph
cut by Arias-Lorza et. al. [12]–[14]. Another category of
methods segment the vessel wall area by classifying pixels
into vessel wall regions and non-vessel wall regions using
machine learning models [15], [16]. Manually locating the
artery of interest is required for most segmentation methods,
but somemethods try to automatically locate arteries by refer-
ring to registered MR angiography, in which lumen areas are
better visualized [17]. In addition, Hough circle detection has
been attempted to detect arterial centers, under the assump-
tion that arteries are circular in shape [18]. These methods
reduce somemanual steps and show reasonable agreement for
images with high vessel wall contrast. However, three major
problems remain for existing methods: 1) extensive human
input is still needed for most methods, including contour
initialization [9], [10], seed point initialization [11]–[13],
[15], [16], and registration of image sequences [17]; 2) feed-
back from the automated segmentation models, for example,
the level of confidence in the segmentation, which might be
useful for clinicians to check problematic slices to ensure the
segmentation quality, is usually not available; and 3) due to
the limited number of annotated samples in a specific vascular
region, the robustness of the algorithm has not been fully
explored in previous studies.

Recently, deep learning-based methods have shown supe-
rior performance in cardiovascular applications when com-
pared to traditional methods, including retinal blood vessel
segmentation [19] and coronary artery segmentation [20].
In our previous works, the convolutional auto-encoder (CAE)
demonstrates a high agreement with manual contours of the
lumen [21] and outer wall [22]. However, several major obsta-
cles exist, preventing our deep learning-based algorithms
from being effectively used: (1) the target artery cannot be
automatically identified in the presence of multiple arteries;
(2) some prior knowledge, for example, vessel wall contours
should be closed rings, is not used (see Figure 1 for a prob-
lematic case); and (3) information from neighboring slices is
not well used to refine the segmentation results.

In this study, we overcame the above challengeswith a two-
step fully automated vessel wall analysis workflow. A local-
ization approach using tracklet refinement was developed

FIGURE 1. Exemplary problems encountered previously in CAE [22].
(a) Original vessel wall image with flow artifacts and external carotid
artery (ECA) co-existing with the ICA. (b) Probability map from prediction.
The ECA is visible in the region of interest for the ICA (the target artery)
vessel wall segmentation, leading to both arteries having a high
probability. (c) Broken vessel wall segmentation due to weak signal in a
portion of the vessel wall region. (d) Human labeling.

to first robustly identify the lumen center of arteries along
image slices to provide regions of interest for the subsequent
vessel wall segmentation. Unlike the commonly used Carte-
sian coordinate-based segmentation methods, we proposed
to transform the ring-shaped vessel wall to a polar coordi-
nate system to ensure the continuity and accuracy of vessel
wall boundaries. From the consistency of predictions from
different rotations, an uncertainty score can be derived to
effectively estimate the segmentation performance.

In summary, the major contributions of this work are in
three areas:

1)We proposed a fully automated vessel wall segmentation
workflow for black blood vessel wall MRI without any man-
ual intervention. The use of an artery localization architecture
to identify artery centerlines before vessel wall segmentation
avoids the step of selecting the region of interests for arteries.
The use of the convolutional neural network (CNN)model for
segmentation does not require wall boundary initialization.

2) We proposed to segment the vessel wall by boundary
regression in the polar coordinate system. We extensively
explored different polar regression architectures and com-
pared them with the state-of-the-art Cartesian segmentation
methods. Polar regression provided unique benefits, includ-
ing better vessel wall continuity and improved segmentation,
which is especially needed in challenging slices near arterial
bifurcations where the artery shape is no longer circular.

3) By predicting boundary coordinates from rotated polar
patches, sub-pixel level segmentation is available. More
importantly, by combining boundary regression results from
rotated patches, our method can also yield uncertainty scores
to inform users of possible mistakes.

The rest of this paper is organized as follows: in Section II,
we give a detailed description of the methodologies contained
in our proposed localization and segmentation system. The
experimental data setup and simulation results are given in
Section III, followed by the Discussion in Section IV. The
conclusion is drawn in Section V.

II. PROPOSED LOCALIZATION AND SEGMENTATION
METHODOLOGIES
The workflow for the proposed localization and segmentation
methodologies is shown in Figure 2.
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FIGURE 2. Workflow for proposed localization and segmentation methodologies.

A. LUMEN CENTER LOCALIZATION
The purpose of the localization task is to automatically iden-
tify the lumen center of each image slice to provide the
region of interest for the subsequent vessel wall segmentation.
Tracking the artery across consecutive images spatially is a
similar task to temporal object tracking in a video. There-
fore, a tracking-by-detection approach was adopted in our
localization scheme, which included three steps: region of
interest identification, lumen center detection, and tracklet
refinement.

For region of interest identification, a Yolo V2 detec-
tor [23] based on CNN was used to predict bounding boxes
(minimum encompassing rectangles covering whole artery
regions) of arteries in each image slice. The original weights
of the Yolo detector were used to further train the model
in artery detection. Yolo V2 was selected because it is time
efficient and generally accurate [23]. Other detectors might
also be suitable for this purpose and we did not optimize this
step for this project.

Accurate patch extraction from the lumen center is impor-
tant for polar conversion. However, the center of bounding
boxes from the Yolo detector may not be the same as the geo-
metric lumen center when the arterial shape is not a perfect
circle (Figure 3B shows an example). Instead, we predicted
centers of the lumen near the bounding boxes using the
following steps. First, a 2D U-net [24] was trained to predict
the minimum distance to the nearest non-lumen area for each
pixel. Then, the predicted minimum distance map was thresh-
olded using Otsu’s method [25] and divided into connected
components based on pixel connectivity. Components having
no overlap with the bounding box were removed, and the
centers of the remaining components were used to represent
each possible lumen. The value of the minimum distance
map at each lumen center was used as the confidence score
for the centers. 2D U-net was selected as a popular model
for image-to-image conversion, and Otsu’s method was used
as a conventional method for thresholding. Other competing
methods may also serve the same purpose.

When no, or multiple, lumen centers were identified
for some slices, a tracking method (tracklet refinement

algorithm) was used to infer the missing centers or remove
centers corresponding to veins/arteries not of interest. First,
a series of closely matching (based on intensities along the
path between centers) neighboring centers were defined as
a short tracklet. All short tracklets formed a collection of
K = {T1,T2, . . . ,Ti. Tracklet Ti with zt,i − zh,i + 1 neigh-
boring centers was represented with head and tail centers
Ti = (hi, t i) = (

[
xh,i, yh,i, zh,i

]
,
[
xt,i, yt,i, zt,i

]
). Short track-

lets were then merged for longer tracklets by a connection
loss L

(
Ti,Tj

)
defined as the feature distance between head

and tail of each pair of tracklets,

L
(
Ti,Tj

)
=

{
∞, zh,i > zh,j∣∣∣∣F (C(t i))− F (C (hj))∣∣∣∣2 , zh,i ≤ zh,j

(1)

C is a function to crop the in-plane image patch of 128∗128 at
the center of h or t. F is a CNN feature extraction network
with 5 convolution layers, 5 max pooling layers, and a fully
connected layer of 64 nodes as the output. Triplet loss [26]
Lt (A,P,N ) was used to train the feature extraction network,
where the anchor and positive patches were extracted from
ground truth lumen centers at the head and tail of the tracklets,
and the negative patch was extracted from the same slice as
the positive patch but at (one of) the center(s) of connected
component(s) not encompassing lumen centers (an example
is shown in Figure 4).

Lt (A,P,N ) = max
(
||F (A)− F (P)||2

− ||F (A)− F (N )||2+ ∝, 0
)
. (2)

∝ is the margin between positive and negative pairs. The
default value of 0.4 was used for ∝ in this study.

Tracklets were pairwise calculated for connection losses,
and the pair (i, j) with mutual minimum loss among all
merge options were connected. mini

{
L
(
Ti,Tj

)
|Tj ∈ K

}
=

minj|L
(
Ti,Tj

)
|Ti ∈ K . During tracklet merging, missing

lumen centers between slice zh,i and zh,j were linearly inter-
polated by Ti,Tj. Center confidence scores within the tracklet
were summed up, and the tracklets with the top score on
each side of the carotid artery were considered as the target

VOLUME 8, 2020 217605



L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

FIGURE 3. A, B: Bounding boxes detected by Yolo V2 at slices 10 and
11 to identify rough artery locations. C, D: Minimum distance map
predictions. E, F: Connected regions showing overlap with bounding
boxes after threshold of C and D. G: Patch from the connected region
center (as lumen centers) of E. H, I: Patches from two connected region
centers from F. J: Lumen centers of all slices form tracklets (x position vs z
position). K: Tracklets after refinement. The longest tracklet (blue) on
each side of the carotid artery is used as the centerline for segmentation.

centerline. An example of using tracklet refinement to find
the centerline when there are multiple centers for connection
is shown in Figure 3.

Image patches P̂[y, x] of h∗w (128∗128 in this study) were
cropped along the centerline and enlarged 4 times (manual
vessel wall review standard) using bilinear interpolation for
subsequent vessel wall segmentation.

B. MOTIVATION FOR USING THE POLAR COORDINATE
SYSTEM FOR VESSEL WALL SEGMENTATION
Vessel walls are typically ring shapes with two contours
in each axial slice, with the lumen contour always inside
the outer wall contour. Two problems exist using traditional
Cartesian based CNN methods for segmentation (Figure 1 as
an example). 1) Complete contours of vessel walls cannot be
continuously segmented if part of the vessel wall does not
have strong enough prediction results. 2) Nearby arteries or
veins are also segmented due to their similar signal patterns.

These two problems can be easily solved if images are con-
verted to a polar coordinate system for boundary regression.
1) Compared with pixel wise segmentation in a 2D Cartesian
space (degree of freedom: 16∗h ∗ w), contour identification
in the polar system only needs to predict the polar boundary
coordinates, which are distances from the lumen center to
N points along the lumen and outer wall contours (degree
of freedom: 2 ∗ N ). The segmentation task becomes easier
after polar conversion. In addition, contour continuity can be
easily ensured as long as the predicted outer wall distance is
larger than the lumen distance for each point. 2) Neighboring
arteries or veins appear very different from the target artery

FIGURE 4. Feature extraction network and triplet loss for identifying pairs
of tracklets to merge. Number of kernels are shown in each convolution
layer.

after polar conversion, and therefore they can be more easily
discriminated by the CNN.

Polar boundary coordinates predicted from the polar image
can be converted back to Cartesian coordinates and the final
segmentation mask can be acquired by filling the region
between two contours.

C. POLAR REGRESSION CNN ARCHITECTURE
The polar image patches P[t, r] with the size of 2h∗ 2w were
converted fromCartesian image patches P̂[y, x] with the polar
center at [2h, 2w], using the polar transformation relation of
P [t, r] = f

(
P̂ [y, x]

)
. The polar conversion equations used

in this study are in the supplementary material.
Considering the patch size, available training sample size,

and the difficulty of the regression task, a CNN architecture
(Polar-Reg) with 14 convolutional layers and 6 max pooling
layers was used for polar regression (architecture is shown
in Figure 5). The last fully connected layer had 2t nodes,
which were the polar boundary coordinates Rl (P), Ro(P) in t
directions. Then the boundary coordinates were converted to
the Cartesian system R̂l,o (y, x) = f −1(Rl,o (P)). The regions
between boundaries R̂l,o (y, x)were filled with 1 as the binary
segmentation mask ˆSM r (P).

The Polar IoU loss [27], an IoU loss [28] in the polar coor-
dinate systemwas used as the loss function for the regression.

Loss = log

∑n
i=1 dmin∑n
i=1 dmax

, (3)

dmin and dmax are the smaller and larger boundary coordinates
along one of the n directions from the ground truth and
prediction.

The Adam optimizer [29] was used to control the learning
rate.
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FIGURE 5. CNN architecture for polar regression. Number of kernels are shown in each convolution layer. Each convolution layer was followed by a batch
normalization layer and a rectified linear unit. The depth channel is not drawn for simplicity. Each rotated polar patch regresses boundary coordinates in
t = 256 directions. The predicted coordinates from different angles were averaged for smoothness, and their standard deviation was used to estimate
boundary consistency, as the segmentation confidence score. Finally, the polar boundary coordinates were converted back to the Cartesian coordinate
system and the regions between lumen and outer wall contours were used as the segmentation result.

To incorporate neighboring slice information, patches cen-
tered at [x, y, z±1] were concatenated in the depth dimension
in the CNN architecture. If slice z±1 did not exist, the current
slice would be repeated. For simplicity, the depth channel is
not drawn in Figure 5.

D. PATCH ROTATION
A polar patch rotation method was proposed for both data
augmentation and prediction combinations.

Data augmentation is needed for better training with lim-
ited samples. Traditional augmentation methods, such as
rotation and offsetting, are not suitable for polar patches.
Considering the boundless property of polar patch along the
angle directions, we proposed to augment polar patches as

P′α [t, r] =

{
P [2 ∗ h− α + t, r] , t < α

P [t − α, r] , t ≥ α,
(4)

where α is a random integer from 0 to 2 ∗ h. Combined with
vertical flipping, 4 ∗ h times samples can be acquired for
training.

During the prediction stage, multiple rotated polar patches
were combined to ensure boundary smoothness. Rotated
patches with αi = i ∗ G, i = 1, 2, . . . , b2 ∗ h/Gc were
generated and their prediction results were averaged to be
the final probability map and boundary coordinates. G is
the predefined step size for predictions (10 was empirically
selected in this study, see supplementary material).

Final lumen and outer wall boundary coordinates from the
regression Bl and Bw were calculated as

Bl,o [t] = Rl,o (P [t]) =
1

2 ∗ h
G

∑
i

Rl,o
(
P′αi [g (t − αi)]

)
.

(5)

where g (x) =
{
x + 2 ∗ h, x < 0

x, x ≥ 0
.

Vessel wall contours in Cartesian coordinate system were

B̂l,o (x, y) = f −1
(
Bl,o (t)

)
. (6)

E. QUANTIFYING THE UNCERTAINTY IN SEGMENTATION
We observed that our vessel wall segmentation, with good
agreement with manual labels, demonstrated clear bound-
aries and a simple ring shape on MR images, and thus the
segmentation neural network reliably generated consistent
vessel wall boundaries from rotated patches with any αi; in
other words, Rl,o

(
P′αi [g (t − αi)]

)
should be constants with

all possible αi.
Based on this, we proposed lumen and wall consistency

scores Cst l,o (P) to quantify segmentation uncertainty.

Cst l,o (P)

= 1−
1

2 ∗ h

∑
t

(
1√
1
12

√
1

2∗ hG

∑
α

(
Rl,o(P′α[t])−Bl,o[t]

2∗w

)2)
.

(7)

Boundary coordinates were normalized between 0 to 1,
and the variation of predictions from different patches was
evaluated by the ratio of the standard deviation of boundaries
predicted from different patches, to the worst case when all
the predictions were random (

√
1/12). The range of consis-

tency was between 0 (random) to 1 (perfectly consistent). The
worst case scenario is unlikely to happen, which means the
score is usually high.

F. ITERATIVE CENTERLINE REFINEMENT FROM
SEGMENTATION
Polar patches used for training were converted from perfect
lumen centers, whichwas not the case for testing data, leading
to inferior segmentations in prediction. Even refined from
the localization module, the centerline can still be further
improved from the center deviations calculated from the pre-
dicted polar boundaries. The center deviations can be reduced
iteratively from the angle of 360◦

2h ∅with the largest differences
of polar coordinates from opposite directions.

∅ = argmax (|Bl [∅]− Bl [∅ + h]|)
1x = cos (Bl [∅]− Bl [∅ + h])
1y = sin (Bl [∅]− Bl [∅ + h])

(8)

By adjusting the x1 = x0+1x, y1 = y0+1y, a new P̂ [y, x]
with a better polar center can be extracted for another round
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of segmentation. The process was iterated until the deviations
were below the imaging resolution or the max iteration was
reached.

III. EXPERIMENTAL DATA SETUP AND RESULTS
A. MR IMAGES
Data were collected following institutional review board
guidelines. Informed consents were obtained from all study
participants.

The carotid dataset included T1-weighted (T1W) carotid
artery images from 954 subjects with recent ischemic stroke
or transient ischemic attack, which were collected from the
CARE-II study from multiple sites [30], and 203 asymp-
tomatic subjects from a clinical trial (NCT00851500) from
the Kowa Research Institute [31], [32].

Detailed imaging parameters are shown in the supplemen-
tary material.

B. HUMAN LABELING
Lumen and outer walls were delineated manually by trained
reviewers with 3+ years’ experience in cardiovascular MR
imaging using a custom-designed software package (CAS-
CADE) [33]. Image slices with poor image quality were
excluded from review and all the labeled slices were also
peer reviewed to ensure labeling quality. Each image slice
was rated with an image quality level of adequate, good,
or excellent. A human reviewer required about one hour to
annotate a single subject’s carotid artery scan.

The CARE-II and Kowa datasets were pooled and ran-
domly divided into 925 subjects (80%; 26008 image slices)
as the training set, 116 subjects (10%; 3215 image slices) as
the validation set, and 116 subjects (10%; 3406 image slices)
as the testing set. The test set was not used in any way until
the model design was finalized.

C. FEASIBILITY ANALYSIS OF POLAR REGRESSION FOR
VESSEL WALL SEGMENTATION
As a proof of concept that vessel wall segmentation by
polar regression is feasible without much loss of accuracy
during the polar conversion, we analyzed the upper limit
of Dice Similarity Coefficient (DSC) [34] between segmen-
tation from converted polar boundary coordinates and the
ground truth segmentation. In addition, DSC with different
choices of t was evaluated. We used t = 256 in our models
with the mean DSC of 0.9630, indicating the loss of informa-
tion by polar conversion was not our concern considering our
current performance in segmentation. More discussions were
presented in the supplementary material.

D. ABLATION STUDY AND COMPARISON METHODS
To evaluate the model complexity on segmentation perfor-
mance, a deeper regression model with Resnet 101 [35] was
evaluated for performance improvements. The model (Polar-
Res-Reg) was built by connecting the last two layers of the

Polar-Reg to the last fully connected layer from a Resnet
trained with initial weights on the ImageNet dataset [36].

To evaluate the contribution of neighboring slices to seg-
mentation improvements, P [t, r] were repeated three times
(Polar-Res-Reg-Single) as the input to train the same segmen-
tation neural network as Polar-Res-Reg.

The proposed Polar-Reg model used polar patches to
regress polar boundary coordinates. To evaluate the contribu-
tions of polar inputs and outputs, we designed the Cart-Reg
model which predicted polar boundary coordinates from
Cartesian patches, and Cart-Cart-Reg model which predicted
Cartesian coordinates from Cartesian patches.

To evaluate the effect of accurate polar centers on the per-
formance of vessel wall segmentation, the Polar-Reg model
was tested directly on bounding box centers (without tracklet
refinement). To evaluate the effectiveness of the iterative cen-
ter adjustment from segmentation, Polar-Reg-Once allowed
only one segmentation per vessel wall.

Cartesian based segmentation methods (existing methods
are usually in this category) were also compared, including
the popular neural network models 3D U-net [24] (previously
adopted in vessel wall segmentation [22]), Mask-RCNN [37]
(Resnet 101 backbone, pretrained on the ImageNet [36]
dataset). These methods were trained and tested using the
same datasets and settings as our polar models.

We also compared the performance with a state-of-the-art
non-CNN vessel wall segmentation method, Optimal front
segmentation (Opfront) [14], which is based on the graph cut
algorithm.

E. EVALUATION METRICS
To better reflect the performance of each module, we first
used the ground truth lumen centers to evaluate the vessel
wall segmentation, thenwe used the lumen center localization
module to generate centerlines for vessel wall segmentation,
and evaluated both the localization and segmentation.

For the localization evaluation, mean absolute dis-
tance (MAD) between predicted lumen centers with ground
truth centers, number of false negatives (no lumen center in
a slice) and false positives (more than one center in a slice)
were calculated before and after the tracklet refinement.

Performance of the segmentation was evaluated by the
DSC, and Degree of Similarity (DoS) [38], both of which
ranged from 0 (mismatch) to 1 (perfect match). Detailed def-
initions are in the supplementary material. DSC > 0.7 indi-
cates excellent agreement [39]. DSC for lumen (DSCInner:
area within the lumen contour), complete vessel (DSCOuter:
area within the outer wall contour) and vessel wall (DSCVW:
area between the lumen and outer wall contours) were evalu-
ated separately. DoS for lumen and outer walls were also eval-
uated separately as DoSLumen, DoSWall. In addition, vascular
features from predicted and ground truth contours were calcu-
lated and compared. Representative and clinically important
vascular features were selected, including max wall thick-
ness, mean wall thickness, lumen area, and wall area. Abso-
lute mean difference and intraclass correlation coefficient
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TABLE 1. Carotid vessel wall segmentation performance compared with other methods.

TABLE 2. Carotid Vessel wall features quantified from segmentation compared with other methods.

between predicted and ground truth vascular features were
calculated.

F. VALIDATION ON CONSISTENCY SCORES
Independent associations between consistency scores and
DSCVW were evaluated using Spearman’s partial rank corre-
lation coefficients. The correlation between a combination of
scores and DSCVW was summarized using R-squared from a
linear model with rank-transformed scores as predictor vari-
ables and DSCVW as the outcome variable. These analyses
were conducted at the slice level, so generalized estimating
equations (GEEs) were used to test associations and com-
pare models while accounting for non-independence between
slices from the same subject. Please also refer to the sup-
plementary material for sensitivity evaluation of consistency
scores.

G. HARDWARE AND SOFTWARE SETUP
Model training and evaluation were performed on worksta-
tions (Intel R©Xeon R©CPU E5-1650 v4 @3.6GHz 6 cores,
64 GB Memory) with an NVIDIA Titan Xp (evaluation) /
V (training) GPU. Tensorflow [40] and Keras were used as
the deep learning platform in this study.

H. PERFORMANCE ON TEST SET
For the segmentation based on ground truth lumen centers,
the superior performance of polar regression models com-
pared with other models in vessel wall segmentation and
vascular feature quantification is shown in TABLE 1 and
TABLE 2. As an example, the segmentation results by each
method on two image slices are shown in Figure 6. Polar
regression models had better performance than the segmenta-
tion models (U-Net, Mask-RCNN), in both lumen and outer
walls, indicating segmentation from boundary regression was
more effective than predicting probability maps. The deeper
regression network (Polar-Res-Reg with 45.0M parameters)
had slightly better performance than the shallower regression
model (Polar-Reg model with 4.6M parameters). Network
architectures with neighboring slices as inputs were better
than single slice inputs. The traditional method (Opfront)
cannot handle vessel walls with weak signal contrasts, and
in most cases cannot ensure ring shapes, so DoS was not
evaluated.

The localization evaluation results are shown in TABLE 5,
after tracklet refinement, 31 (0.9%) FN centers and 211
(6.2%) FP centers from the carotid dataset were all corrected.
The MAD improved from 2.60 to 1.58 pixels.

VOLUME 8, 2020 217609



L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

FIGURE 6. Examples of vessel wall segmentations at slices near the
carotid bifurcation. Original Cartesian patches were converted to polar
patches (first column) for prediction of boundary coordinates in the polar
coordinate system (middle bottom plot). Coordinates were converted
back to Cartesian system and the region between the two contours was
filled as the segmentation (middle top plot). To better display the
segmentation difference with manual labels (second column), regions
were displayed as blue (TP, correct segmentation region), green
(FP, wrong segmented region), and red (FN, not segmented region).
Segmentation from two Cartesian methods (U-Net [24] and Mask
R-CNN [40]) were compared in the last two columns. Cartesian
segmentations might have segmented the wrong artery (top) or a broken
vessel wall (bottom). For patches with low contrast (bottom),
the consistency scores from the polar model (Polar-Seg- Reg is used as an
example) were relatively low, indicating possible lower segmentation
performance, so manual checking might be required.

The joint localization and segmentation results are shown
in Table 4. Polar regression based on refined centerlines had
better performance thanwhen based directly on bounding box
centers. Polar-Reg achieved the best performance in terms
of MAD and most other segmentation metrics compared to
the other methods. Generally, performance was worse than
predictions based on perfect lumen centers.

TABLE 3. DSC-vw from slices with different image qualities of Carotid
arteries.

The number of slices and the mean DSC-VW in each
of the image quality levels are shown in TABLE 3. Better
image quality led to higher DSC-VW, but even for slices with
only adequate image quality, the polar regression models still
generated contours with DSC-VW over 0.694.

Lastly, the uncertainty of segmentation was quantified
using the consistency scores. Lumen and wall consis-
tency scores had a mean value of 0.99195±0.00813 and

0.98757±0.01222 for the Polar-Reg model. Both consistency
scores, except wall consistency for Polar-Res-Reg, showed
significant contributions in predicting DSCVW, indicating
lower scores were likely to generate a worse segmentation
mask compared with the ground truth. Wall consistency had
strong relations with lumen consistency, so its partial corre-
lation was lower in the regression model. Quantitative results
between models are shown in TABLE 6.

IV. DISCUSSION
In this study, fully automated vessel wall segmentation was
achieved with high accuracy by effectively using a local-
ization model to detect lumen centers using a tracking-
by-detection approach and a regression model to segment
vessel wall in the polar coordinate system. The step of
artery localization avoids the manual procedure to select
the region for artery analysis so that the vessel wall can be
analyzed without human intervention. Traditional vessel wall
segmentation methods are susceptible to poor image qual-
ity, only providing reasonable results when both lumen and
outer wall boundaries have high contrast. Our proposed deep
learning-based method extracted useful boundary informa-
tion from more than 32,000 slices of manually drawn vessel
wall contours with various levels of image quality.We believe
our dataset encompasses a wide spectrum of atherosclerosis
as well as healthy arteries and is capable of training a robust
deep learning model with good generalizability. The use of
the polar regression CNN architecture is an ideal approach,
incorporating the prior knowledge of vessel wall structures
(e.g., ring shape, lumen in the center), and outperforms our
previous deep learning segmentation method [22] based on
the Cartesian coordinate system. The use of multiple CNN
models sequentially (predicting minimum distance map by
CNN, merging tracklets with CNN features, then CNN based
regression on polar patches along the artery centerlines) mim-
ics the human behavior in vessel wall review, thus this CNN
analysis system is not a black box and easily understandable.
However, if the CNN model is trained end-to-end directly
for classification of vascular diseases from images [41], [42],
prediction results are not easily explainable and errors are not
clearly identifiable, especially for challenging images. In this
paper, we focused on determining whether accurate and fully
automated vessel wall analysis based on polar regression
was feasible as a proof-of-concept. The choice of specific
algorithms or models needs to be further explored to fully
optimize vessel wall segmentation performance.

Both consistency scores were shown to provide indepen-
dent and critical information in identifying problematic slices
in segmentation, which can be useful in guiding humans to
examine only the slices with higher likelihoods of possible
errors and ensure high segmentation quality.

The method proposed to segment carotid arteries is also
applicable to other vascular beds. One example was the
popliteal arteries [43].We used a publicly accessible popliteal
artery dataset [44] to test the generalizability of our model on
a large popliteal artery dataset in which there are challenging

217610 VOLUME 8, 2020



L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

TABLE 4. Joint vessel wall localization and segmentation performance compared with other methods.

TABLE 5. Lumen center localization performance before and after
tracklet refinement.

TABLE 6. Quantitative comparison of carotid segmentation uncertainty
predicted by models.

cases where some vessel wall boundaries are unclear and
vein/branching artery co-exists near the artery of interest.
Comprehensive validation and feasibility assessment of our
method on popliteal vessel wall quantification was discussed
in [45].

There are existing automated tracking-based vessel center-
line extraction methods for coronary arteries from computed
tomography angiography data [46]–[48]. However, due to the
very different images and applications compared with MR
vessel wall image analysis in our study, no comparisons were
made.

The application of deep learning methods in vessel wall
segmentation might have a profound impact on MR vessel
wall image analysis. As a research tool, with accurately
segmented vessel wall areas from an automated method,
quantitative vessel wall features can be extracted to enhance
our understanding of atherosclerosis progression from large
population studies, for which time-consuming manual or

semi-automated methods are not achievable. Clinically, a fast
screening tool can be developed to automatically iden-
tify high-risk patients for further detailed examination in a
time-efficient manner. After choosing a proper threshold for
better sensitivity over specificity, the quantitative vessel wall
features along with the confidence scores can largely reduce
the burden for clinicians by prioritizing patients urgently
requiring medical care and giving initial evaluations for the
carotid scans.

A limitation of the polar methods is the extra calculation
time, mainly for polar conversions, compared with Carte-
sian methods. GPU acceleration for polar conversion may
be attempted in the future. Additionally, only the relatively
straight carotid and popliteal arteries were evaluated in this
study. However, the method has the potential to be adapted
to MRI data of more tortuous arteries (e.g., intracranial
arteries) with the combination of robust artery tracing and
cross-sectional slicing methods [49].

V. CONCLUSION
A deep learning system for vessel wall localization and seg-
mentation has been developed with tracklet refinement and
polar transformation. Compared with traditional methods,
the proposed system avoids human intervention and demon-
strates better performance in accurate segmentation of vessel
wall areas, as well as providing consistency scores to indicate
possible errors. It has the potential to facilitate research on
atherosclerosis and assist radiologists in image review.

ACKNOWLEDGMENT
The authors are grateful for the support of the NVIDIA Cor-
poration for their donation of the GPU. They acknowledge
the CARE-II and Kowa researchers for the imaging data.

The code for this work is available at https://github.com/
clatfd/PolarReg.

REFERENCES
[1] W.Herrington, B. Lacey, P. Sherliker, J. Armitage, and S. Lewington, ‘‘Epi-

demiology of atherosclerosis and the potential to reduce the global burden
of atherothrombotic disease,’’ Circulat. Res., vol. 118, no. 4, pp. 535–546,
Feb. 2016, doi: 10.1161/CIRCRESAHA.115.307611.

VOLUME 8, 2020 217611

http://dx.doi.org/10.1161/CIRCRESAHA.115.307611


L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

[2] H. Watase, J. Sun, D. S. Hippe, N. Balu, F. Li, X. Zhao, V. Mani,
Z. A. Fayad, V. Fuster, T. S. Hatsukami, and C. Yuan,
‘‘Carotid artery remodeling is segment specific,’’ Arteriosclerosis,
Thrombosis, Vascular Biol., vol. 38, no. 4, pp. 927–934, Apr. 2018,
doi: 10.1161/ATVBAHA.117.310296.

[3] N. Dieleman, ‘‘Imaging intracranial vessel wall pathology with magnetic
resonance imaging: Current prospects and future directions,’’ Circulation,
vol. 130, no. 2, pp. 192–201, Jul. 2014, doi: 10.1161/CIRCULATION-
AHA.113.006919.

[4] C. Yuan and D. L. Parker, ‘‘Three-dimensional carotid plaque MR imag-
ing,’’ Neuroimag. Clinics North Amer., vol. 26, no. 1, pp. 1–12, Feb. 2016,
doi: 10.1016/j.nic.2015.09.001.

[5] J. Sun, X.-Q. Zhao, N. Balu, D. S. Hippe, T. S. Hatsukami, D. A. Isquith,
K. Yamada, M. B. Neradilek, G. Cantón, Y. Xue, J. L. Fleg,
P. Desvigne-Nickens, M. T. Klimas, R. J. Padley, M. T. Vassileva,
B. T.Wyman, and C. Yuan, ‘‘Carotidmagnetic resonance imaging for mon-
itoring atherosclerotic plaque progression: A multicenter reproducibility
study,’’ Int. J. Cardiovascular Imag., vol. 31, no. 1, pp. 95–103, Jan. 2015,
doi: 10.1007/s10554-014-0532-7.

[6] R. P. Choudhury, J. S. Birks, V. Mani, L. Biasiolli, M. D. Rob-
son, P. L. L’Allier, M.-A. Gingras, N. Alie, M. A. McLaughlin,
C. T. Basson, A. D. Schecter, E. C. Svensson, Y. Zhang, D. Yates,
J.-C. Tardif, and Z. A. Fayad, ‘‘Arterial effects of canakinumab in
patients with atherosclerosis and type 2 diabetes or glucose intolerance,’’
J. Amer. College Cardiol., vol. 68, no. 16, pp. 1769–1780, Oct. 2016,
doi: 10.1016/j.jacc.2016.07.768.

[7] T. Kawahara, M. Nishikawa, C. Kawahara, T. Inazu, K. Sakai, and
G. Suzuki, ‘‘Atorvastatin, etidronate, or both in patients at high risk for
atherosclerotic aortic plaques: A randomized, controlled trial,’’ Circula-
tion, vol. 127, no. 23, pp. 2327–2335, Jun. 2013, doi: 10.1161/CIRCULA-
TIONAHA.113.001534.

[8] B. A. Wasserman, B. C. Astor, A. R. Sharrett, C. Swingen, and
D. Catellier, ‘‘MRI measurements of carotid plaque in the atherosclerosis
risk in communities (ARIC) study: Methods, reliability and descriptive
statistics,’’ J. Magn. Reson. Imag., vol. 31, no. 2, pp. 406–415, Feb. 2010,
doi: 10.1002/jmri.22043.

[9] C. Yuan, E. Lin, J. Millard, and J. N. Hwang, ‘‘Closed contour edge
detection of blood vessel lumen and outer wall boundaries in black-blood
MR images,’’ Magn. Reson. Imag., vol. 17, no. 2, pp. 257–266, 1999,
doi: 10.1016/S0730-725X(98)00162-3.

[10] G. Adams, G. W. Vick III, C. Bordelon, W. Insull, and J. Morrisett, ‘‘Algo-
rithm for quantifying advanced carotid artery atherosclerosis in humans
usingMRI and active contours,’’Proc. SPIE, vol. 4684, p. 1448,May 2002,
doi: 10.1117/12.467110.

[11] H. R. Underhill, W. S. Kerwin, T. S. Hatsukami, and C. Yuan, ‘‘Auto-
mated measurement of mean wall thickness in the common carotid artery
by MRI: A comparison to intima-media thickness by B-mode ultra-
sound,’’ J. Magn. Reson. Imag., vol. 24, no. 2, pp. 379–387, Aug. 2006,
doi: 10.1002/jmri.20636.

[12] A. M. Arias-Lorza, J. Petersen, A. van Engelen, M. Selwaness, A. van
der Lugt, W. J. Niessen, and M. de Bruijne, ‘‘Carotid artery wall
segmentation in multispectral MRI by coupled optimal surface graph
cuts,’’ IEEE Trans. Med. Imag., vol. 35, no. 3, pp. 901–911, Mar. 2016,
doi: 10.1109/TMI.2015.2501751.

[13] A. M. Arias Lorza, A. Van Engelen, J. Petersen, A. Van Der Lugt, and
M. De Bruijne, ‘‘Maximization of regional probabilities using Optimal
Surface Graphs: Application to carotid artery segmentation in MRI,’’Med.
Phys., vol. 45, no. 3, pp. 1159–1169, 2018, doi: 10.1002/mp.12771.

[14] J. Petersen, A. M. Arias-Lorza, R. Selvan, D. Bos, A. van der Lugt,
J. H. Pedersen, M. Nielsen, and M. de Bruijne, ‘‘Increasing accuracy of
optimal surfaces using min-marginal energies,’’ IEEE Trans. Med. Imag.,
vol. 38, no. 7, pp. 1559–1568, Jul. 2019, doi: 10.1109/TMI.2018.2890386.

[15] D. Vukadinovic, T. van Walsum, R. Manniesing, S. Rozie, R. Hameete-
man, T. T. de Weert, A. van der Lugt, and W. J. Niessen, ‘‘Seg-
mentation of the outer vessel wall of the common carotid artery in
CTA,’’ IEEE Trans. Med. Imag., vol. 29, no. 1, pp. 65–76, Jan. 2010,
doi: 10.1109/TMI.2009.2025702.

[16] K. Hameeteman, ‘‘Carotid wall volume quantification from magnetic res-
onance images using deformable model fitting and learning-based correc-
tion of systematic errors,’’ Phys. Med. Biol., vol. 58, no. 5, pp. 1605–1623,
2013, doi: 10.1088/0031-9155/58/5/1605.

[17] R. van ’t Klooster, P. J. H. de Koning, R. A. Dehnavi, J. T. Tamsma,
A. de Roos, J. H. C. Reiber, and R. J. van der Geest, ‘‘Auto-
matic lumen and outer wall segmentation of the carotid artery using
deformable three-dimensional models in MR angiography and vessel wall
images,’’ J. Magn. Reson. Imag., vol. 35, no. 1, pp. 156–165, Jan. 2012,
doi: 10.1002/jmri.22809.

[18] S. Gao, R. van ’t Klooster, A. Brandts, S. D. Roes, R. Alizadeh Dehnavi,
A. de Roos, J. J. M. Westenberg, and R. J. van der Geest, ‘‘Quantifica-
tion of common carotid artery and descending aorta vessel wall thick-
ness from MR vessel wall imaging using a fully automated processing
pipeline,’’ J. Magn. Reson. Imag., vol. 45, no. 1, pp. 215–228, Jan. 2017,
doi: 10.1002/jmri.25332.

[19] P. Liskowski and K. Krawiec, ‘‘Segmenting retinal blood vessels with deep
neural networks,’’ IEEE Trans. Med. Imag., vol. 35, no. 11, pp. 2369–2380,
Nov. 2016, doi: 10.1109/TMI.2016.2546227.

[20] E. Nasr-Esfahani, N. Karimi, M. H. Jafari, S. M. R. Soroush-
mehr, S. Samavi, B. K. Nallamothu, and K. Najarian, ‘‘Segmenta-
tion of vessels in angiograms using convolutional neural networks,’’
Biomed. Signal Process. Control, vol. 40, pp. 240–251, Feb. 2018,
doi: 10.1016/j.bspc.2017.09.012.

[21] L. Chen, Y. Xie, J. Sun, N. Balu, M. Mossa-Basha, K. Pimentel,
T. S. Hatsukami, J.-N. Hwang, and C. Yuan, ‘‘3D intracranial
artery segmentation using a convolutional autoencoder,’’ in Proc.
IEEE Int. Conf. Bioinf. Biomed. (BIBM), Nov. 2017, pp. 714–717,
doi: 10.1109/BIBM.2017.8217741.

[22] L. Chen, ‘‘Automatic segmentation of carotid vessel wall using convolu-
tional neural network,’’ in Proc. Annu. Meeting Int. Soc. Magn. Reson.
Med. Paris, France, Jun. 2018, pp. 1–3.

[23] J. Redmon and A. Farhadi, ‘‘YOLO9000: Better, faster, stronger,’’ in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017,
pp. 6517–6525, doi: 10.1109/CVPR.2017.690.

[24] O. Ronneberger, P. Fischer, and T. Brox, ‘‘U-Net: Convolutional networks
for biomedical image segmentation,’’ in Medical Image Computing and
Computer-Assisted Intervention (MICCAI). Cham, Switzerland: Springer,
2015, pp. 234–241, doi: 10.1007/978-3-319-24574-4_28.

[25] N. Otsu, ‘‘A threshold selection method from gray-level histograms,’’
IEEE Trans. Syst., Man, Cybern., vol. 9, no. 1, pp. 62–66, Jan. 1979,
doi: 10.1109/TSMC.1979.4310076.

[26] F. Schroff and J. Philbin. FaceNet: A Unified Embedding for Face
Recognition and Clustering. Accessed: Oct. 28, 2018. [Online]. Available:
https://www.cv-foundation.org/openaccess/content_cvpr_2015/app/1A_
089.pdf

[27] E. Xie, P. Sun, X. Song, W. Wang, D. Liang, C. Shen, and P. Luo, ‘‘Polar-
Mask: Single shot instance segmentation with polar representation,’’ 2019,
arXiv:1909.13226. [Online]. Available: http://arxiv.org/abs/1909.13226

[28] J. Yu, Y. Jiang, Z. Wang, Z. Cao, and T. Huang, ‘‘UnitBox: An advanced
object detection network,’’ in Proc. ACM Multimedia Conf. (MM), 2016,
pp. 516–520, doi: 10.1145/2964284.2967274.

[29] D. P. Kingma and J. Ba, ‘‘Adam: A method for stochastic optimization,’’
in Proc. 3rd Int. Conf. Learn. Represent. (ICLR), San Diego, CA, USA,
May 2015, pp. 1–15. [Online]. Available: http://doi.acm.org.ezproxy.
lib.ucf.edu/10.1145/1830483.1830503

[30] X. Zhao, R. Li, D. S. Hippe, T. S. Hatsukami, and C. Yuan, ‘‘Chinese
Atherosclerosis Risk Evaluation (CARE II) study: A novel cross-sectional,
multicentre study of the prevalence of high-risk atherosclerotic carotid
plaque in Chinese patients with ischaemic cerebrovascular events—Design
and rationale,’’ Stroke Vascular Neurol., vol. 2, no. 1, pp. 15–20, 2017,
doi: 10.1136/svn-2016-000053.

[31] J. Sun et al., ‘‘Subclinical carotid atherosclerosis: Short-term natural his-
tory of lipid-rich necrotic core—A multicenter study with MR imaging,’’
Radiol., vol. 268, no. 1, pp. 61–68, 2013, doi: 10.1148/radiol.13121702.

[32] T. Yoneyama et al., ‘‘In vivo semi-automatic segmentation of multicon-
trast cardiovascular magnetic resonance for prospective cohort studies on
plaque tissue composition: Initial experience,’’ Int. J. Cardiovasc. Imag.,
vol. 32, no. 1, pp. 73–81, Jan. 2016, doi: 10.1007/s10554-015-0704-0.

[33] D. Xu, W. S. Kerwin, T. Saam, M. Ferguson, and C. Yuan, ‘‘CASCADE:
Computer aided system for cardiovascular disease evaluation,’’ Magn.
Reson. Imag., vol. 11, no. 1, p. 1922, 2004.

[34] L. R. Dice, ‘‘Measures of the amount of ecologic association
between species,’’ Ecology, vol. 26, no. 3, pp. 297–302, Jul. 1945,
doi: 10.2307/1932409.

[35] K. He, X. Zhang, S. Ren, and J. Sun, ‘‘Deep residual learning
for image recognition,’’ 2015, arXiv:1512.03385. [Online]. Available:
http://arxiv.org/abs/1512.03385

[36] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei,
‘‘ImageNet: A large-scale hierarchical image database,’’ in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., Jun. 2009, pp. 248–255,
doi: 10.1109/CVPR.2009.5206848.

[37] K. He, G. Gkioxari, P. Dollar, and R. Girshick, ‘‘Mask R-CNN,’’ in
Proc. IEEE Int. Conf. Comput. Vis. (ICCV), Oct. 2017, pp. 2980–2988,
doi: 10.1109/ICCV.2017.322.

217612 VOLUME 8, 2020

http://dx.doi.org/10.1161/ATVBAHA.117.310296
http://dx.doi.org/10.1161/CIRCULATIONAHA.113.006919
http://dx.doi.org/10.1161/CIRCULATIONAHA.113.006919
http://dx.doi.org/10.1016/j.nic.2015.09.001
http://dx.doi.org/10.1007/s10554-014-0532-7
http://dx.doi.org/10.1016/j.jacc.2016.07.768
http://dx.doi.org/10.1161/CIRCULATIONAHA.113.001534
http://dx.doi.org/10.1161/CIRCULATIONAHA.113.001534
http://dx.doi.org/10.1002/jmri.22043
http://dx.doi.org/10.1016/S0730-725X(98)00162-3
http://dx.doi.org/10.1117/12.467110
http://dx.doi.org/10.1002/jmri.20636
http://dx.doi.org/10.1109/TMI.2015.2501751
http://dx.doi.org/10.1002/mp.12771
http://dx.doi.org/10.1109/TMI.2018.2890386
http://dx.doi.org/10.1109/TMI.2009.2025702
http://dx.doi.org/10.1088/0031-9155/58/5/1605
http://dx.doi.org/10.1002/jmri.22809
http://dx.doi.org/10.1002/jmri.25332
http://dx.doi.org/10.1109/TMI.2016.2546227
http://dx.doi.org/10.1016/j.bspc.2017.09.012
http://dx.doi.org/10.1109/BIBM.2017.8217741
http://dx.doi.org/10.1109/CVPR.2017.690
http://dx.doi.org/10.1007/978-3-319-24574-4_28
http://dx.doi.org/10.1109/TSMC.1979.4310076
http://dx.doi.org/10.1145/2964284.2967274
http://dx.doi.org/10.1136/svn-2016-000053
http://dx.doi.org/10.1148/radiol.13121702
http://dx.doi.org/10.1007/s10554-015-0704-0
http://dx.doi.org/10.2307/1932409
http://dx.doi.org/10.1109/CVPR.2009.5206848
http://dx.doi.org/10.1109/ICCV.2017.322


L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

[38] E. Angelié, E. R. Oost, D. Hendriksen, B. P. F. Lelieveldt, R. J. Van der
Geest, and J. H. C. Reiber, ‘‘Automated contour detection in cardiac MRI
using active appearance models,’’ Investigative Radiol., vol. 42, no. 10,
pp. 697–703, Oct. 2007, doi: 10.1097/rli.0b013e318070dc93.

[39] J. J. Bartko, ‘‘Measurement and reliability: Statistical think-
ing considerations,’’ Schizophrenia Bull., vol. 17, no. 3,
pp. 483–489, 1991, Accessed: Jun. 27, 2017. [Online]. Available:
http://www.ncbi.nlm.nih.gov/pubmed/1947873

[40] M. Abadi et al., ‘‘TensorFlow: Large-scale machine learning on hetero-
geneous distributed systems,’’ Mar. 2016, arXiv:1603.04467. [Online].
Available: http://arxiv.org/abs/1603.04467

[41] S. Candemir, R. D. White, M. Demirer, V. Gupta, M. T. Bigelow,
L. M. Prevedello, and B. S. Erdal, ‘‘Automated coronary artery atheroscle-
rosis detection and weakly supervised localization on coronary CT
angiography with a deep 3-dimensional convolutional neural network,’’
Computerized Med. Imag. Graph., vol. 83, Jul. 2020, Art. no. 101721,
doi: 10.1016/j.compmedimag.2020.101721.

[42] M. Zreik, R. W. van Hamersvelt, J. M. Wolterink, T. Leiner,
M. A. Viergever, and I. Isgum, ‘‘A recurrent CNN for automatic
detection and classification of coronary artery plaque and stenosis in
coronary CT angiography,’’ IEEE Trans. Med. Imag., vol. 38, no. 7,
pp. 1588–1598, Jul. 2019, doi: 10.1109/TMI.2018.2883807.

[43] W. Liu, ‘‘Understanding atherosclerosis through an osteoarthritis data set:
From knee to vessel,’’Arteriosclerosis, Thrombosis, Vascular Biol., vol. 39,
no. 6, pp. 1018–1025, 2019, doi: 10.1161/ATVBAHA.119.312513.

[44] A. Padua and J. Carrino, ‘‘3TMR imaging of cartilage using 3DDual Echo
Steady State (DESS),’’ inMAGNETOM Flash, 2011, pp. 33–36. [Online].
Available: http://www.healthcare.siemens.de/siemens_hwem-hwem_
ssxa_websites-context-root/wcm/idc/groups/public/@global/@imaging/
@mri/documents/download/mdaw/mdex/~edisp/3t_mr_imaging_of_
cartilage_using_3d_dual_echo_steady_state-00011808.pdf

[45] L. Chen, ‘‘Fully automated and robust analysis technique for popliteal
artery vessel wall evaluation (FRAPPE) using neural network models
from standardized knee MRI,’’ Magn. Reson. Med., vol. 84, no. 4,
pp. 2147–2160, Oct. 2020, doi: 10.1002/mrm.28237.

[46] Y. Zheng, H. Tek, and G. Funka-Lea, ‘‘Robust and accurate coronary artery
centerline extraction in CTA by combining model-driven and data-driven
approaches,’’ in Lecture Notes Computer Science (including Subseries
Lecture Notes Artifical Intelligent Lecture Notes Bioinformatics) (Lecture
Notes in Computer Science), vol. 8151. Berlin, Germany: Springer, 2013,
pp. 74–81, doi: 10.1007/978-3-642-40760-4_10.

[47] Y. Kitamura, Y. Li, and W. Ito, ‘‘Automatic coronary extraction by super-
vised detection and shape matching,’’ in Proc. 9th IEEE Int. Symp. Biomed.
Imag. (ISBI), May 2012, pp. 234–237, doi: 10.1109/ISBI.2012.6235527.

[48] G. Yang, P. Kitslaar, M. Frenay, A. Broersen, M. J. Boogers, J. J. Bax,
J. H. C. Reiber, and J. Dijkstra, ‘‘Automatic centerline extraction
of coronary arteries in coronary computed tomographic angiography,’’
Int. J. Cardiovascular Imag., vol. 28, no. 4, pp. 921–933, Apr. 2012,
doi: 10.1007/s10554-011-9894-2.

[49] L. Chen, ‘‘Development of a quantitative intracranial vascular features
extraction tool on 3 D MRA using semiautomated open-curve active
contour vessel tracing,’’Magn. Reson. Med., vol. 79, no. 6, pp. 3229–3238,
2018, doi: 10.1002/mrm.26961.

LI CHEN (Student Member, IEEE) received the
B.S. degree in electrical engineering from Fudan
University, in 2016. He is currently pursuing the
Ph.D. degreewith theDepartment of Electrical and
Computer Engineering, University of Washington.
His research interests include medical image pro-
cessing and machine learning.

JIE SUN received theM.D. degree from the Peking
Union Medical College, Beijing, China, in 2009.
He was a Postdoctoral Fellow and then an acting
Instructor with the Department of Radiology, Uni-
versity of Washington. Since 2019, he has been a
Research Assistant Professor with the Department
of Radiology. His research interests include devel-
opment, validation, and translation of cardiovascu-
lar imaging techniques and imaging-based clinical
research. He has authored more than 50 journal

articles and book chapters. His awards and honors include the Mentored
Clinical and Population Research Award (American Heart Association) and
the Translation Research Scholar Award (Institute of Translational Health
Sciences)

GADOR CANTON received the Ph.D. degree
in mechanical engineering from UC San Diego,
in 2004. She is currently a Mechanical Engineer
with extensive expertise in analyzing biomedical
problems from an engineering perspective (more
than ten years). Her specialties include Research
and Development, experimental flow mechan-
ics, computational fluid dynamics, magnetic res-
onance imaging, cardiovascular mechanics, and
biofluid mechanics.

NIRANJAN BALU is currently a Research Assis-
tant Professor with the Department of Radiology,
University of Washington. He currently leads the
Imaging Physics Group at the Dr. Chun Yuan’s
Vascular Imaging Lab, where he manages the MRI
aspect of large NIH sponsored multicenter studies
andmulticenter pharmaceutical trials. His research
interests includeMRpulse sequence design, image
processing, and their application to clinical car-
diovascular MRI. His current research is focused

on developing new MRI techniques to reduce quantitative measurement
variability in vessel wall MRI and development of fast sequences to facilitate
translation of vessel wall MRI to the clinic.

DANIEL S. HIPPE received the B.S. degree
in electrical engineering and the M.S. degree
in statistics from the University of Washing-
ton, in 2004 and 2011, respectively. He is cur-
rently a Statistician with the UW Department of
Radiology with numerous collaborations within
Radiology—including with the Vascular Imag-
ing Lab, the Quantitative Breasting Imaging Lab,
and with research groups and departments outside
Radiology, including I-LABS, the Nghiem Lab,

Radiation Oncology, Dermatology, Cardiology, and Pediatrics. He enjoys
working with investigators across a wide variety of disciplines and contin-
ually learning about different areas of medicine. The use of imaging is the
common theme which connects the wide range of projects he works on.

VOLUME 8, 2020 217613

http://dx.doi.org/10.1097/rli.0b013e318070dc93
http://dx.doi.org/10.1016/j.compmedimag.2020.101721
http://dx.doi.org/10.1109/TMI.2018.2883807
http://dx.doi.org/10.1161/ATVBAHA.119.312513
http://dx.doi.org/10.1002/mrm.28237
http://dx.doi.org/10.1007/978-3-642-40760-4_10
http://dx.doi.org/10.1109/ISBI.2012.6235527
http://dx.doi.org/10.1007/s10554-011-9894-2
http://dx.doi.org/10.1002/mrm.26961


L. Chen et al.: Automated Artery Localization and Vessel Wall Segmentation Using Tracklet Refinement and Polar Conversion

XIHAI ZHAO received the M.D. degree in med-
ical imaging from Harbin Medical University,
in 1999, the M.S. degree in radiology from the
School of Medicine, Shanghai Jiao Tong Uni-
versity, in 2004, and the Ph.D. degree in radiol-
ogy from the Chinese PLA Postgraduate Medical
School, in 2007. He devoted most of his time to
medical research in assessment of the cardiovascu-
lar risk of Chinese population by characterizing the
atherosclerosis disease in multiple vascular beds,

including intracranial artery, carotid artery, aortic arch, and femoral artery,
with state-of-the art MR vessel wall imaging techniques. In this field, he has
published over 110 research articles in the top peer-reviewed journals on
cardiovascular disease and imaging, including Stroke, ATVB, JCMR, JAHA,
Atherosclerosis, AJNR, European Radiology, MRM, and JMRI.

RUI LI received the B.S. and Ph.D. degrees
from the Department of Electronic Engineering,
Tsinghua University, China, in 2000 and 2005,
respectively. His research interest focuses on car-
diovascular magnetic resonance imaging tech-
nique development, including plaque imaging and
4D flow imaging.

THOMAS S. HATSUKAMI received the M.D.
degree fromUCLA.He is a board certified surgeon
at the Vascular Laboratories at Harborview and
UW Medical Center, the UW’s V. Paul Gavora
and Helen S. and John A. Schilling Endowed
Chair in Vascular Surgery and a UW professor
of Surgery. He strives to create active partner-
ships with his patients to achieve the best pos-
sible outcomes. He has an internationally recog-
nized research program using magnetic resonance

imaging techniques to characterize high-risk atherosclerotic plaque, identify
novel biomarkers for atherosclerosis and assess pharmacological therapy to
stabilize and reduce plaque in the arteries.

JENQ-NENG HWANG (Fellow, IEEE) received
the B.S. andM.S. degrees in electrical engineering
from National Taiwan University, Taipei, Taiwan,
in 1981 and 1983 separately, and the Ph.D. degree
from the University of Southern California. In the
summer of 1989, he joined the Department of
Electrical and Computer Engineering (ECE), Uni-
versity of Washington, Seattle, where he has been
promoted to Full Professor, since 1999. He served
as the Associate Chair for Research, from 2003 to

2005, and from 2011 to 2015. He also served as the Associate Chair for
Global Affairs, from 2015 to 2020. He is currently the International Pro-
grams Lead with the ECE Department. He is the founder and co-director
of the Information Processing Laboratory, which has won several AI City
Challenges awards in the past years. He has written more than 380 journal,
conference papers, and book chapters in the areas of machine learning,
multimedia signal processing, computer vision, and multimedia system
integration and networking, including an authored textbook on Multimedia
Networking: from Theory to Practice, (Cambridge University Press). He has
close working relationship with the industry on artificial intelligence and
machine learning.

Dr. Hwang received the 1995 IEEE Signal Processing Society’s Best
Journal Paper Award. He is a founding member of Multimedia Signal
Processing Technical Committee of IEEE Signal Processing Society and
was the Society’s representative to IEEE Neural Network Council, from
1996 to 2000. He is currently a member of Multimedia Technical Com-
mittee (MMTC) of IEEE Communication Society and also a member of
Multimedia Signal Processing Technical Committee (MMSP TC) of IEEE
Signal Processing Society. He served as an Associate Editor for IEEE T-SP,
T-NN and T-CSVT, T-IP and Signal Processing Magazine (SPM). He is
currently on the editorial board of ZTE Communications, ETRI, IJDMB and
JSPS journals. He served as the Program Co-Chair of IEEE ICME 2016 and
was the Program Co-Chairs of ICASSP 1998 and ISCAS 2009.

CHUN YUAN received the B.S. degree in physics
from Beijing Normal University and the Ph.D.
degree in biomedical physics from the University
of Utah. He became a Senior Research Ana-
lyst of GE Medical Systems immediately there-
after. He has pioneered multiple high-resolution
MRI techniques to detect vulnerable atheroscle-
rotic plaques and led numerousMRI studies exam-
ining carotid atherosclerosis. He is a member of
the editorial board for the following journals:

JACC CV Imaging, Journal of Cardiovascular MR, and the Journal of
Geriatric Cardiology. He also serves as manuscript reviewer for about
30 other peer-reviewed journals involving magnetic resonance, arterioscle-
rosis, stroke, and cardiovascular sciences. Through his stint in the University
of Washington, he has mentored 50 postdocs who have moved on to become
professors, chief research scientists, clinician-researchers, heads of depart-
ments and other positions of responsibility in both private and government
or public institutions in the USA, China, Germany, and around the world.
Because of his expertise in the field of cardiovascular imaging and magnetic
resonance, he has been an invited speaker or keynote speaker, lecturer,
moderator or faculty for many international and US meetings in the imaging
field. He has over 300 articles in peer-reviewed journals. His research is
supported by several NIH and private grants and currently supervises several
postdoctoral fellows, research scientists and graduate students, as well as
teaches courses in bioengineering and radiology.

217614 VOLUME 8, 2020


