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A B S T R A C T

Purpose: This study sought to determine the feasibility of using Simultaneous Non-contrast Angiography and
intraPlaque Hemorrhage (SNAP) to detect the lipid-rich/necrotic core (LRNC), and develop a machine learning
based algorithm to segment plaque components on SNAP images.
Methods: Sixty-eight patients (age: 58±9 years, 24 males) with carotid artery atherosclerotic plaque were
imaged on a 3 T MR scanner with both traditional multi-contrast vessel wall MR sequences (TOF, T1W, and
T2W) and 3D SNAP sequence. The manual segmentations of carotid plaque components including LRNC, in-
traplaque hemorrhage (IPH), calcification (CA) and fibrous tissue (FT) on traditional multi-contrast images were
used as reference. By utilizing the intensity and morphological information from SNAP, a machine learning
based two steps algorithm was developed to firstly identify LRNC (with or without IPH), CA and FT, and then
segmented IPH from LRNC. Ten-fold cross-validation was used to evaluate the performance of proposed method.
The overall pixel-wise accuracy, the slice-wise sensitivity & specificity & Youden's index, and the Pearson's
correlation coefficient of the component area between the proposed method and the manual segmentation were
reported.
Results: In the first step, all tested classifiers (Naive Bayes (NB), Support Vector Machine (SVM), Random Forest
(RF), Gradient Boosting Decision Tree (GBDT) and Artificial Neural Network (ANN)) had overall pixel-wise
accuracy higher than 0.88. For RF, GBDT and ANN classifiers, the correlation coefficients of areas were all higher
than 0.82 (p < 0.001) for LRNC and 0.79 for CA (p < 0.001), and the Youden's indexes were all higher than
0.79 for LRNC and 0.76 for CA, which were better than that of NB and SVM. In the second step, the overall pixel-
wise accuracy was higher than 0.78 for the five classifiers, and RF achieved the highest Youden's index (0.69)
with the correlation coefficients as 0.63 (p < 0.001).
Conclusions: The RF is the overall best classifier for our proposed method, and the feasibility of using SNAP to
identify plaque components, including LRNC, IPH, CA, and FT has been validated. The proposed segmentation
method using a single SNAP sequence might be a promising tool for atherosclerotic plaque components as-
sessment.

1. Introduction

Stroke is one of the leading causes of death and disability in the

world [1], and is commonly associated with unstable carotid athero-
sclerotic plaques. The intraplaque hemorrhage can be used to predict
recurrent ischemia and stroke [2], large necrotic core is related to
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plaque structural weakness [3], and calcification is related to vulner-
ability of plaques [4]. The compositional characteristics of athero-
sclerotic plaque have been demonstrated to be related to clinical events
[3,5].

Morphology and composition of atherosclerotic plaques can be
characterized and identified on traditional multi-contrast MR images
using established criteria [6–8]. Some machine learning based auto-
matic algorithms have been proposed for plaque components segmen-
tation, including the minimum distance classifier algorithm [9,10] and
the cluster algorithm [11] based on image intensity. Liu et al. [12]
proposed a method that employed the local wall morphological features
as well as the image intensity, and successfully improved the segmen-
tation performance.

However, traditional multi-contrast MR images require long scan
time, and the possible misregistration among different weightings poses
a challenge on the image analysis. Recently, a 3D Simultaneous Non-
contrast Angiography and Intraplaque Hemorrhage (SNAP) sequence
[13] has been proposed for carotid plaque imaging with large coverage.
This sequence consists of an inversion pulse followed by two gradient
echo acquisitions: an inversion recovery acquisition (IR), which is
highly T1 weighted, and a reference acquisition (REF), which is proton
density (PD) weighted. The REF is used to correct the background phase
of the IR acquisition in the original SNAP to generate a phase-sensitive
reconstruction (CR) image [13], in which intraplaque hemorrhage
(IPH) shows hyper-intensity signal and the artery lumen shows negative
value. Moreover, angiographic images can be generated by applying
minimum intensity projection to the CR images. Recently, a new con-
trast (SNAP2 [14]), which can be calculated from IR and REF of SNAP,
was proposed for calcification detection. Previous studies have de-
monstrated that SNAP can be used to detect intraplaque hemorrhage
[13], artery surface characteristics (including juxtaluminal calcification
and ulceration) [15] and calcification [16]. In addition, a recent study
[17] has reported that heavily T1 weighted sequence (MPRAGE) can be
used to identify LRNC. Since SNAP is also heavily T1 weighted, the
SNAP may also be used to identify LRNC. However, plaque components
identification in these studies are all done manually by experienced
radiologists, which is time consuming and limits the usage of SNAP in
clinical practice.

The goal of this study was to develop a segmentation method for
plaque components using a single SNAP sequence. In this study, using
the manual segmentation which delineated from traditional carotid
artery multi-contrast images as reference, both the intensities of mul-
tiple contrast SNAP images and the morphological information were
extracted as features, and five machine learning classifiers were used
for plaque components segmentation.

2. Materials and methods

2.1. Study data

In this retrospective study, a total of 68 patients (age: 58± 9 years,
24 males) were included in which all patients underwent recent stroke
or transient ischemic attack within 2 weeks and carotid artery athero-
sclerotic plaque in at least one carotid artery determined by ultrasound
(intima-media thickness ≥ 1.5mm). The exclusion criteria included:
(1) patients with evidence of cardiogenic stroke; (2) patients with he-
morrhagic stroke; (3) history of radiation therapy in the neck; (4)
claustrophobia and (5) contraindication to MRI examination. All the
patients were imaged with both traditional multi-contrast and SNAP
sequences on a whole body 3.0 Tesla MR scanner (Achieva TX, Philips
Healthcare, Best, The Netherlands) with a custom-designed 36-channel
neurovascular coil [18] in Tsinghua University. The traditional multi-
contrast imaging protocol included three-dimensional time-of-flight
(3D-TOF), 2D quadruple inversion-recovery T1-weighted imaging
(T1W-QIR) [19] and 2D double inversion-recovery T2-weighted ima-
ging (T2W-DIR) [20]. For the traditional multi-contrast imaging, all the

acquisitions were centered at the bifurcation of the index-side carotid
artery and perpendicular to the longitudinal direction of index-side
carotid artery. The index-side was the symptomatic side if there was
only one symptomatic side, otherwise, the left side. The SNAP images
were acquired coronally along the artery. The traditional multi-contrast
acquisition covered about 48mm of carotid artery in head-feet direc-
tion with about 12min scan, and the 3D SNAP acquisition covered the
whole carotid artery and part of intracranial arteries (250mm in head-
feet direction) with about 7min scan. The scan parameters were sum-
marized in Table 1. The study protocol was approved by the Institution
Review Board of Tsinghua University School of Medicine prior to the
initiation of this study and the written informed consent was obtained
from each subject before participating the original study.

2.2. Multiple contrast SNAP images generation

In SNAP sequence, the inversion recovery (IR) and reference (REF)
images were directly acquired from two successive gradient echo ac-
quisitions [13]. After the phase-sensitive reconstruction (CR) image was
generated [13], the SNAP2 image [14] was then derived as: IR ∙ REF∗/
‖IR‖, where ∗ represented complex conjugation. Thus, one SNAP ac-
quisition can generate four images, including IR, REF, CR and SNAP2.
Notably, all these images were inherently co-registered because they
were generated from one acquisition. Six image sets, including the
magnitude, the real part and imaginary part of the IR, the magnitude of
REF and CR and the real part of SNAP2 were used as the intensity
features of each pixel for further analysis, and the exemplary images
were shown in Fig. 1.

2.3. SNAP training set

The pre-processing procedures to generate the ground truth of SNAP
training set were shown in Fig. 2. Firstly (Step 1 in Fig. 2), on the
traditional multi-contrast images, the boundaries of lumen and the
outer wall were manually delineated, and the calcification (CA), lipid-
rich/necrotic core (LRNC) and intraplaque hemorrhage (IPH) were
manually delineated by two radiologists with consensus agreement
based on an established review criteria [8] using a custom-designed
software (CASCADE [21]). Notably, IPH was identified to be part of
LRNC, as previous studies [6,22–25]. The two radiologists (B.S. and
X.Z.) had>5 years' experience in vascular imaging. The rest part of the
vessel wall (the region inside the contour of outer wall and outside the
contour of the lumen) was considered as the fibrous tissue (FT). Sec-
ondly (Step 2 in Fig. 2), the original SNAP images were resliced ac-
cording to the thickness and spatial location of the traditional multi-
contrast images. Thirdly (Step 3 in Fig. 2), for each artery, the manually
delineated component contours from the multi-contrast images were
mapped to the resliced SNAP images allowing manual adjustment. The
contour mapping was done by another reviewer (H.Q.) blinded to pa-
tient information. The traditional multi-contrast images were scored
using an established four-level criteria [26]. The resliced SNAP image

Table 1
The scan parameters for the traditional multi-contrast sequences (T1W, T2W,
and TOF) and SNAP.

T1W T2W TOF SNAP

Sequence T1W-QIR T2W-DIR 3D TOF 3D SNAP
TE (ms) 10 50 5 5
TR (ms) 800 4800 20 10
Matrix size 268×260 268×260 268×267 312×312
Number of slices 16 16 48 100
Slice thickness (mm) 2 2 1 0.8
In-plane FOV (mm2) 160×160 160×160 160×160 250×250
In-plane resolution (mm2) 0.6×0.6 0.6×0.6 0.6×0.6 0.8×0.8
Acquisition plane Axial Axial Axial Coronal
Scan time 6min 11s 3min 50s 2min 4s 7min 1s
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was scored as good image quality if the CR image showed good lumen
delineation in which less than half of the lumen boundary was obscure
or invisible, otherwise the image was scored as poor quality. The re-
gistration quality of mapping the contour was scored as good/poor
according to whether the contours could match the resliced SNAP
image. The slices with poor image quality for both traditional multi-
contrast and the resliced SNAP images were excluded from this study,
and the resliced SNAP images with poor registration to the traditional
multi-contrast images due to patient motion were excluded from the
analysis. In this way, each pixel on the resliced SNAP images can be
labeled as CA, IPH, LRNC or FT. All the images were interpolated to an
in-plane spatial resolution of 0.31×0.31mm2.

2.4. Feature calculation and pre-processing

For each pixel of the vessel wall, intensity and morphological fea-
tures were calculated. For the intensity features, each SNAP image was
divided by its median signal intensity within the 4 cm diameter circular

ROI centering at the carotid artery to normalize the absolute intensity
of each pixel [12,27]. There were six intensity features, including the
real/imaginary/magnitude part of IR, the magnitude part of REF and
CR and the real part of SNAP2. As for the morphological features, the
Delaunay triangulation algorithm [28] was used to determine the local
thickness of the vessel wall and the distance from the pixel to lumen
[12].

Notably, the CR and SNAP2, which can be used to detect the plaque
components by experienced reviewers [13,14], can be calculated from
the imaginary/real part of IR and REF. However, it was unclear whether
the machine learning methods can automatically utilize this informa-
tion. Thus, this study also tested the performance of classifiers using
morphological features plus all six intensity features, four intensity
features (imaginary/real part of IR and REF), and two intensity features
(CR and SNAP2).

Fig. 1. Multiple contrast images derived from a single
SNAP acquisition of the left carotid artery of a patient
(male, 51 years old) with calcification (the yellow arrow),
including the inversion recovery acquisition (IR), re-
ference acquisition (REF), phase-sensitive reconstruction
(CR), SNAP2 image. In the bracket, M indicated magni-
tude, R indicated real, I indicated imaginary. (For inter-
pretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Fig. 2. The process of generating the SNAP training set. 1) Step1: Manually segment components in traditional multi-contrast images using an established review
protocol [8]; 2) Step 2: Resliced SNAP images according to the thickness and spatial location of the traditional multi-contrast images; 3) Step 3: Map the manually
segmented contours from the multi-contrast images to the resliced SNAP images.
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2.5. Machine learning methods

The training of machine learning classifiers consisted of two steps.
Firstly, LRNC (with or without IPH), CA and FT were identified for all
images, and then the IPH was segmented from LRNC. Resampling was
carried out before the training, because the imbalanced sample sizes of
the training data may affect the performance of the machine learning
methods. In the first step, the CA was up-sampled to the data size of
LRNC, and the FT was down-sampled to the sum of CA and LRNC. In the
second step, the IPH was up-sampled to the data size of LRNC. All the
up-sampling was done by using MOTE algorithm [29], and all the
down-sampling was done by randomly selecting pixels from the original
data.

Five classifiers were compared for segmentation of plaque compo-
nents, including Naive Bayes (NB) [30], Support Vector Machine (SVM)
[31], Random Forest (RF) [32], Gradient Boosting Decision Tree
(GBDT) [33], and Artificial Neural Network (ANN) [34]. The input was
the features extracted in Section 2.4, the output was the probability that
the pixel belong to each component, and the parameters used in the
classifiers were shown in the Supporting Information.

2.6. Contour generation

Once the probabilities for each pixel were calculated by the classi-
fiers, the final step was to classify each pixel as a given component. We
utilized the level set method [35] on the probability map generated
from the machine learning classifiers to define the final contours of CA,
IPH and LRNC. This step of contour generation was necessary con-
sidering its two benefits: 1) it helps to eliminate isolated pixels and
convoluted regions caused by noise; 2) the contour generation proce-
dure provides the flexibility for users to manually adjust the segmen-
tation if necessary.

2.7. Evaluation

In this study, the artery-wise and slice-wise 10-fold cross validations
were used to test the segmentation performance for the first step and
second step, respectively. All arteries were partitioned into 10 sub-
samples for the first step, and the slices containing LRNC were parti-
tioned into 10 subsamples for the second step, then the pixels of nine
subsamples of data were used as the training data. For the remaining
data, all pixels were used as the test data for the first step, and the pixels
which were predicted as LRNC in the first step were used as the test
data for the second step.

The overall pixel-wise accuracy of each classifier in the test was
reported. The Pearson's correlation coefficients of the areas of plaque
components between the manual and the proposed segmentation were
calculated since the area was the fundamental marker in plaque com-
ponents quantification [36,37]. Then, the sensitivities & specificities
and Youden's indexes [38] of presence of LRNC and CA in all slices (first
step) and of IPH for the slices containing LRNC (second step) were
evaluated because the presence of components was an important in-
dicator for plaque stability [2,39,40].

3. Results

There were 177 slices with poor traditional multi-contrast quality
and 277 slices with poor resliced SNAP quality because of the motion
artifact and flow artifact, and 227 slices with poor registration quality
between the resliced SNAP and traditional multi-contrast image. After
excluding those slices, 1436 slices of carotid artery were included for
further analysis. The details of these slices were shown in Table 2, in-
cluding stenosis, American Heart Association (AHA) type [8] and
number of plaques. Finally, the number of pixels was 7435 for CA,
25365 for LRNC and 443,146 for FT, and there were 2298 pixels of IPH
among LRNC.

In the first step that segmented LRNC (with or without IPH), CA and
FT, the quantified LRNC, CA and FT areas of all the tested classifiers
were significantly correlated with manual segmentations (Table 3).
Correlation coefficients of RF, GBDT, and ANN using six intensity fea-
tures were higher than using fewer intensity features, and the correla-
tion coefficients were all higher than 0.80 for LRNC and 0.79 for CA.
The overall pixel-wise accuracy using six intensity features was: 0.91
(NB), 0.90 (SVM), 0.91 (RF), 0.89 (GBDT) and 0.89 (ANN). Table 4
showed the sensitivity & specificity and Youden's index to detect LRNC
and CA for all analyzed slices. The Youden's indexes of RF, GBDT and
ANN were all higher than 0.79 for LRNC and 0.76 for CA, and were
better than NB and SVM.

In the second step that segmented IPH from LRNC, the overall pixel-
wise accuracy of classification for each method was: 0.78 (NB), 0.88
(SVM), 0.80 (RF), 0.82 (GBDT) and 0.84 (ANN). The quantified IPH
areas of all the tested classifiers were significantly correlated with
manual segmentation (Table 5). The correlation coefficients of RF,
GBDT and ANN were all higher than 0.62. On the other hand, the NB
and SVM classifiers had relative low correlation coefficients. Table 5
also showed the sensitivity & specificity and Youden's index, and the RF
classifier achieved the highest Youden's index (0.69).

Table 2
Information of slices.

Variable Number. (%) or Mean± SD

Stenosis (%) 11.9± 25.5
Number of image slices of AHA type (N=1436)
Type I-II 814 (56.7%)
Type III 214 (14.9%)
Type IV-V 299 (20.8%)
Type VI 34 (2.4%)
Type VII 72 (5.0%)
Type VIII 3 (0.2%)
Number of image slices containing different plaque components (N=1436)
IPH 37 (2.6%)
CA 156 (10.9%)
LRNC 331 (23.1%)
Number of arteries containing different plaque components (N=136)
IPH 10 (7.4%)
CA 49 (36.0%)
LRNC 90 (66.2%)

AHA: American Heart Association [8], IPH: intraplaque hemorrhage, CA: cal-
cification, LRNC: lipid-rich/necrotic core.

Table 3
Correlation coefficients of areas of LRNC (with or without IPH), CA and FT using morphological and three kinds of intensity features: all six intensity features, four
intensity features (imaginary/real part of IR and REF) and two intensity features (CR and SNAP2).

NB SVM RF GBDT ANN

LRNC (***) 0.73/0.72/0.76 0.64/0.70/0.71 0.83/0.81/0.79 0.82/0.80/0.79 0.83/0.78/0.76
CA (***) 0.71/0.66/0.65 0.78/0.69/0.63 0.80/0.72/0.65 0.79/0.73/0.65 0.80/0.72/0.62
FT (***) 0.89/0.93/0.90 0.88/0.90/0.86 0.89/0.87/0.85 0.84/0.84/0.85 0.83/0.82/0.84

IR: inversion recovery acquisition, REF: reference acquisition, CR: phase sensitive reconstruction, ***: p < 0.001 for three kinds of intensity features and five
classifiers, LRNC: lipid-rich/necrotic core, CA: calcification, FT: fibrous tissue, NB: Naive Bayes, SVM: Support Vector Machine, RF: Random Forest, GBDT: Gradient
Boosting Decision Tree, ANN: Artificial Neural Network.
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Fig. 3 showed the examples of segmentations of five classifiers for
the first step (Case 1–3) and the second step (Case 3). In the segmen-
tation of CA and LRNC (without IPH), the RF, GBDT and ANN all
generated similar results as manual segmentations (Fig. 3, Case 1 & 2).
In the segmentation of LRNC with IPH (Fig. 3, Case 3), the SVM failed to

segment LRNC and NB segment less LRNC, while RF, GBDT and ANN
yielded similar segmentations as manual results. In the segmentation of
IPH from LRNC in the second step (Fig. 3, Case 3), the NB failed to
segment IPH from LRNC, and the segmented IPH of RF & GBDT was
more similar with manual segmentation than that of ANN.

Table 4
Sensitivities & specificities and Youden's indexes of presence of LRNC (with or without IPH) and CA for all analyzed slices.

NB SVM RF GBDT ANN

LRNC 0.83/0.88/0.70 0.83/0.86/0.69 0.91/0.89/0.79 0.95/0.85/0.80 0.95/0.85/0.80
CA 0.68/0.93/0.61 0.73/0.92/0.65 0.83/0.93/0.77 0.86/0.91/0.77 0.90/0.88/0.77

LRNC: lipid-rich/necrotic core, CA: calcification, NB: Naive Bayes, SVM: Support Vector Machine, RF: Random Forest, GBDT: Gradient Boosting Decision Tree, ANN:
Artificial Neural Network.

Table 5
The correlation coefficients of the areas of IPH between manual and proposed segmentation and sensitivity & specificity & Youden's index of presence of IPH.

NB SVM RF GBDT ANN

Correlation coefficient 0.45 (p < 0.001) 0.58 (p < 0.001) 0.63 (p < 0.001) 0.62 (p < 0.001) 0.63 (p < 0.001)
Sensitivity 0.35 0.46 0.81 0.78 0.70
Specificity 0.93 0.95 0.87 0.86 0.87
Youden's index 0.28 0.41 0.69 0.65 0.57

IPH: intraplaque hemorrhage, NB: Naive Bayes, SVM: Support Vector Machine, RF: Random Forest, GBDT: Gradient Boosting Decision Tree, ANN: Artificial Neural
Network.

Fig. 3. The example cases (rows) of segmentation for CA (Case 1) and LRNC (Case 2) in the first step and IPH (Case 3) in the second step. (a, b) manual segmentation
on multi-contrast images and mapped segmentation on SNAP images. The contours indicated lumen (red), outer wall (cyan), CA (blue), IPH (dark red) and LRNC
(yellow); (c) the probability map and region contours generated from five classifiers: Naive Bayes (NB), Support Vector Machine (SVM), Random Forest (RF),
Gradient Boosting Decision Tree (GBDT), and Artificial Neural Network (ANN). The colors indicate the component with the highest probability: CA in blue, IPH in
red, LRNC in yellow and FT in gray, while the intensity represented the probability that the pixel being the component. The green contours indicated the final
segmentation after contour generation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Notably, the coronal SNAP image has a much larger coverage than
the traditional multi-contrast images. As the example shown in Fig. 4,
the proposed two steps method with GBDT classifier can successfully
segment not only the plaque components as the traditional multi-con-
trast images, but also the plaque components beyond the coverage of
traditional multi-contrast images.

4. Discussion

This study proposed a segmentation method for plaque components
using a single SNAP sequence. Different from previous studies to
identify intraplaque hemorrhage [13] and calcification [16] manually,
this study validates the feasibility of automatic plaque components
segmentation methods by using a two steps machine learning method.
Furthermore, by utilizing both the intensity and morphological fea-
tures, this study showed that machine learning method has the ability
to identify LRNC in carotid plaques on SNAP images. Traditionally,
LRNC was identified on contrast-enhanced double inversion recovery
T1 weighted images [41] or T2 weighted images [42]. A recent study
[17] found that LRNC can be identified on a heavily T1 weighted se-
quence (MPRAGE), on which the small T1 difference between LRNC
and FT [43] may be more obvious than on traditional double inversion
recovery T1 weighted images. The SNAP sequence used in this study is
also a heavily T1 weighted sequence, which may also provide similar
intensity difference to facilitate LRNC identification. In addition, mor-
phological features have been proven to be helpful in segmentation of
LRNC and other plaque components [12]. Furthermore, machine
learning method should be more effective than manual segmentation to
distinguish slight signal difference and integrate intensity and mor-
phological information together. These factors may explain the results
that LRNC can be detected by using machine learning method on SNAP
images.

Thus, with outlined lumen and outer wall boundary, the proposed
segmentation method by using SNAP sequence can be used to identify
important plaque features including IPH, LRNC and CA. Moreover, the
different contrast images calculated from SNAP were inherently co-re-
gistered. Thus, possible misregistration among traditional multi-con-
trast images, which was caused by non-rigid motion in carotid, can be

avoided. Furthermore, compared with traditional multi-contrast pro-
tocol, the SNAP is a 3D sequence with much larger coverage (48mm vs.
250mm) and shorter scan time (12min vs. 7 min). As shown in Fig. 4,
the proposed two steps segmentation method using SNAP can quantify
plaque components of carotid artery in a much larger coverage. Thus,
the proposed segmentation method using one single SNAP may be a
promising tool for carotid atherosclerotic plaque assessment.

This study tested different combinations of intensity features gen-
erated from SNAP sequence in the first step to segment LRNC (with or
without IPH), CA and FT. The results showed that using all the six in-
tensity features could benefit the plaque components segmentation
performance other than using four or two intensity features (Table 3),
although some intensity features can be calculated from other intensity
features. We believed that the reason was that the limited sample size of
training data used in this study was not enough to train the classifiers
from the four/two intensity features. Furthermore, this study also tested
five different classifiers in plaque components segmentation. The RF,
GBDT and ANN all showed similar high correlation coefficients and
Youden's indexes in segmenting LRNC (with or without IPH) and CA in
the first step, but RF classifier showed the highest Youden's index in the
second step to segment IPH from LRNC. Although the overall pixel-wise
accuracy is not very low in the first and second step, the NB and SVM
classifiers showed lower correlation coefficients and the Youden's in-
dexes than the other three classifiers. Thus, we believed that the RF
classifiers was the overall best classifier for plaque components seg-
mentation in our proposed two steps method.

In the population of this study, the prevalence of IPH was relative
low compared with previous studies [2,44,45]. The reason may be that
the stenosis degree of the patients included in this study was not as high
as those studies since a recent study [46] reported a much lower IPH
presence in symptomatic arteries with mild stenosis than that with se-
vere stenosis. Moreover, this study also included the asymptomatic
arteries, which further lower the prevalence of IPH. The limited sample
size of IPH poses a challenge to accurately segment IPH for machine
learning methods. Thus, we utilized a two steps segmentation method
and sample size adjusting method to overcome this challenge. Although
the performance of the second step to identify IPH from LRNC is not as
good as the first step, the feasibility to do so was validated. Thus, future

Fig. 4. One example of segmentation results from the 3D
SNAP data using our proposed two steps method. (a) The
surface rendering of lumen (red), outer wall (cyan), CA
(blue), LRNC (yellow) of an example artery. The red dotted
lines indicate the coverage of traditional multi-contrast
images. The yellow dotted lines indicate one cross-sectional
plane inside the coverage of traditional multi-contrast
images (b, c) and one cross-sectional plane imaged by SNAP
but not imaged by traditional multi-contrast images (d). (b)
The manual segmentation on traditional multi-contrast
images, the contours indicated lumen (red), outer wall
(cyan), IPH (dark red) and LRNC (yellow). (c) The seg-
mentation result of the same slice in (b) using proposed
method. (d) The proposed method with GBDT successfully
segment a slice with CA and LRNC outside the coverage of
traditional multi-contrast images. The colour in (c) and (d)
indicate the component with the highest probability CA in
blue, IPH in red, LRNC in yellow and FT in gray, while the
intensity represents the probability that the pixel was clas-
sified to the component. (For interpretation of the refer-
ences to colour in this figure legend, the reader is referred to
the web version of this article.)
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studies with larger sample size are still needed to further validate the
proposed method.

This study also suffered from some limitations. First, this study used
the manual segmentation of plaque components on non-contrast multi-
weighting MR images as the reference because the data used in this
retrospective study did not include contrast enhanced MRI. Although
this non-contrast multi-weighting MR protocol have been validated
with histology [8,42,47] in identify plaque components, histological
ground truth should be included in future studies to further validate the
proposed method. Second, the predefined lumen and outer wall were
still needed, and the contours transferring from traditional protocol to
SNAP image may introduce some bias to the segmentation result be-
cause of the mis-registration between the SNAP and multi-contrast
images caused by patient motion. Deep learning method could be fur-
ther investigated to automatically segment lumen and outer wall in
SNAP images [48]. Third, the low presence of fibrotic plaque (type VIII,
0.2%) made it difficult to validate the performance of our proposed
method to images containing type VIII plaque. Larger populations with
enough type VIII plaque are needed in future studies. Lastly, the relative
long scan time (7min) and low spatial resolution of SNAP sequence
effect the segmentation results. Fast imaging methods, such as Goal-
SNAP [49] or fSNAP [50] could be used to further improve the our
proposed method.

5. Conclusions

The feasibility of using SNAP to identify plaque components, in-
cluding LRNC, IPH, CA and FT has been validated by using the proposed
method. Thus, the proposed segmentation method using a single SNAP
might be a promising tool for atherosclerotic plaque components as-
sessment.
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