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2
Cross-sectional angle prediction of lipid-rich

and calcified tissue on computed tomography

angiography images

This chapter was adapted from:

Zhang, X., Broersen, A., Sokooti, H., Ramasamy, A., Kitslaar, P., Parasa, R., Karaduman,
M., Mohammed, A.S.A.J., Bourantas, C.V. and Dijkstra, J., Cross-sectional angle
prediction of lipid-rich and calcified tissue on computed tomography angiography
images. (2024) International Journal of Computer Assisted Radiology and Surgery,
19(5), pp.971-981, 2024.
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Abstract

The assessment of vulnerable plaque characteristics and distribution is important to
stratify cardiovascular risk in a patient. Computed tomography angiography (CTA)
offer a promising alternative to invasive imaging but is limited by the fact that the
range of Hounsfield units (HU) in lipid-rich areas overlap with the HU range in fibrotic
tissue and that the HU range of calcified plaques overlap with the contrast within the
contrast filled lumen. This chapter is to investigate if lipid-rich and calcified plaques
can be detected more accurately on cross-sectional CTA images using deep learning
methodology. Two deep learning (DL) approaches are proposed, a 2.5D Dense U-Net
and 2.5D Mask-RCNN, which separately perform the cross-sectional plaque detection
in the Cartesian and polar domain. The spread-out view is used to evaluate and show
the prediction result of the plaque regions. The accuracy and F1-score are calculated
on a lesion level for the DL and conventional plaque detection methods. For the
lipid-rich plaques, the median and mean values of the F1-score calculated by the
two proposed DL methods on 91 lesions were approximately 6 and 3 times higher
than those of the conventional method. For the calcified plaques, the F1-score of
the proposed methods were comparable to those of the conventional method. The
median F1-score of the Dense U-Net based method was 3% higher than that of the
conventional method. The two methods proposed in this paper contribute to finer
cross-sectional predictions of lipid-rich and calcified plaques compared to studies
focusing only on longitudinal prediction. The angular prediction performance of the
proposed methods outperforms the convincing conventional method for lipid-rich
plaque and is comparable for calcified plaque.
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2.1 Introduction

Coronary artery disease (CAD) is one of the primary causes of death in the world.
Recent studies have demonstrated that outcomes in patients with CAD depends not
only on lesion severity but also on its composition. Lesion with a lipid rich phenotype
are at a higher risk to progress and cause major adverse cardiovascular events such as
death or an acute coronary syndrome (ACS)[1, 2, 3, 4]. In order to accurately diagnose
the severity of CAD and characterize plaque phenotype, image processing techniques
used for atherosclerotic plaque detection should have the capacity to describe plaque
composition and location in as much detail as possible.

In general, invasive imaging modalities, such as intravascular ultrasound (IVUS)[5],
optical coherence tomography (OCT)[6] and near-infrared spectroscopy (NIRS)[7],
are considered as the gold standard for characterizing plaque composition which
closely matches the histopathology of the plaque. However, these approaches are
invasive, are associated with risk and can be used only in patients with symptomatic
obstructive CAD. Non-invasive modalities such as computed tomography angiography
(CTA) have been widely used for atherosclerotic plaque detection as they enable
complete assessment of the coronary artery tree and can assess coronary artery
pathology[8, 9]. However, due to the significant attenuation overlap between lipid-
rich plaques and fibrotic or even the surrounding myocardial tissue, it is a challenging
task for the cardiologist to distinguish lipid-rich plaques from normal tissue and mixed
plaques from calcified plaques on CTA images solely based on the Hounsfield units
(HU) range[10].

To avoid tedious manually crafted and complex feature extractions, many[3, 8, 11,
12] deep learning (DL)-based methods have been proposed to classify atherosclerotic
plaques on IVUS, OCT and CTA images. For the CTA-based methods, Zreik et
al.[11] proposed a method that has a recurrent convolutional neural network (CNN)
architecture to classify calcified and non-calcified plaques and evaluate stenosis degree
on multi-planar reformatted (MPR) images . Liu et al.[12] utilized the straightened
MPR volume as the input of a 3D CNN and predicted calcified, non-calcified and mixed
plaque regions on a 3D CT volume. However, both methods provide a coarse plaque
range prediction on the axial direction of vessel instead of a detailed prediction on the
cross-sectional view.

Considering the limitations of existing methods[3, 8, 11, 12] for atherosclerosis
plaque classification and the need to accurately classify plaque phenotypes we intro-
duce alternative DL approaches for the prediction of plaque types, that were trained
and tested using NIRS-IVUS pull-backs as the gold standard that were matched with
CTA images. In the following part of the paper, we use the term plaque to represent
the lipid-rich or calcified tissue.
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Inspired by the classical architectures of the 2.5D U-Net[13], DenseNet[14] and the
Mask R-CNN[15], two different methods for CT cross-sectional plaque classification
are presented in this paper. This paper mainly contributes to three points. 1) The
method is independent of the EEM detection. 2) Plaque angle prediction: this study
focuses on the cross-sectional plaque distribution instead of longitudinal detection. 3)
Refined visualization: the spread-out view from NIRS is used to evaluate and visualize
the angle-wise plaque distribution.

2.2 Materials

2.2.1 Data acquisition

We analyzed 176 cardiac vessels from 64 patients who were prospectively recruited in
the study, which aimed to examine the efficacy of CTA in assessing plaque pathology
and physiology using NIRS-IVUS imaging as reference standard. In total 64 patients
with obstructive CAD and typical angina symptoms were recruited and underwent CTA
before being listed for percutaneous coronary intervention or functional assessment -
depending on the clinical indication - and NIRS-IVUS imaging. The CTA was obtained
by a dual-source CT scanner (Somatom Force, Siemens Healthineers, Forchheim,
Germany). CTA images were reconstructed by highest strength model-based iterative
reconstruction (ADMIRE 5) with a slice thickness of 0.50 mm and increments of
0.30 mm. NIRS-IVUS was performed in the major epicardial vessels and their large
side branches with a diameter of more than 2 mm by a 2.4F MakotoTM NIRS-IVUS
35-65MHz Imaging System (Infraredx, Burlington, USA), that was withdrawn at a
constant pull back speed 0.5 mm/s.

2.2.2 Ground truth

To train and test the DL methods using NIRS-IVUS images we co-registered this data
with the CTA images; the registration process[16] shown in Fig. 2.1 and the plaque
estimations of NIRS-IVUS were matched to the CT domain. The accuracy of the
registration is closely related to the quality of the training labels, which affect the
model performance directly. Several anatomical information that is seen in both
modalities was used for this process including the origin of the side branches, location
of the plaque and the presence of large calcific spots that are clearly visible in both
datasets.

The plaque locations on IVUS were represented as pie-shaped labels as shown
in Fig. 2.1, since NIRS only provides the angles with a high lipid plaque probability
and calcium plaques block the ultrasound signal so the actual depth of calcium is not
defined precisely.

The regions with probability larger than 0.6[17] on the original NIRS chemogram
are considered as lipid-rich plaque. According to this threshold, pie-shaped binary
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masks originated from catheter center are generated. However, in most occasions the
catheter center does not match to the lumen center, hence translations and rotations
are required when co-registering the catheter centered mask from the IVUS domain to
the CTA image domain. The calcium masks were drawn manually by a clinical expert.
The registered binary mask labels of lipid-rich and calcified plaques on CTA image are
shown in Fig. 2.2(d) and Fig. 2.2(e) respectively.

Registered masks are transformed to boxes in the polar view to fit the architecture
of Mask R-CNN shown in Fig. 2.4.

The widely used semi-automated plaque analysis software (QAngioCT Research
Edition 3.1, Medis Medical Imaging Systems BV, the Netherlands)[18] was used to seg-
ment the CTA data and classify plaque composition in the conventional approach. CTA
analysis was performed by an experienced operator with an established reproducibility
blindly to the NIRS-IVUS images. We will use conventional method to indicate QAngio
CT in the following part.

2.2.3 Data distribution

After excluding the vessels with metal stents, there are 49 patients (44 for training
and 5 for validation) in the training set and 15 patients in the independent test set.
In the 2.5D Dense U-Net experiment, 18468 (lipid:1931, calcified:3297, mixed:1979,
normal:11261), 2290 (lipid:392, calcified:247, mixed:171, normal:1480) and 7839
(lipid:851, calcified:1240, mixed:670, normal:5078) CTA frames separately from 44, 5
and 15 patients were used for training, validation and testing.

In the 2.5D Mask R-CNN experiment, CTA frames with plaque angle less than
10 degrees were excluded, and CTA frames without lipid or calcified tissue were
also excluded in the training. 6640 (lipid:1768, calcified:3019, mixed:1853), 789
(lipid:372, calcified:246, mixed:171) and 7818 (lipid:833, calcified:1237, mixed:667,
normal:5081) CTA frames separately from 44, 5 and 15 patients were used for training,
validation and testing.

2.3 Methods

The 2.5D Dense U-Net-based method and the 2.5D Mask R-CNN-based method have
different advantages in plaque prediction. The cross-sectional CTA images can be used
directly as input for the Dense U-Net to learn global features to distinguish plaques but
with a separate post-processing step shown in Fig. 2.3 for angular analysis. The Mask
R-CNN does not need the post-processing because it is performed in polar view and
the angular information can be obtained directly.
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Figure 2.2: Binary labels and sample weights used for 2.5D Dense U-Net. (a)(b):
pixel-wise gradient sample weights for lipid-rich plaques and calcified plaques; (d)(e):
binary pie-shaped labels for lipid-rich and calcified plaques; (c)(f) cross-sectional CT
image.

2.3.1 Prediction workflow

Dense U-Net

The pipeline of the 2.5D Dense U-Net is shown in Fig. 2.3. At the end of the pipeline
of the U-Net, the prediction of lipid-rich and calcified plaques is obtained from two
individual branches. A pixel-wise gradient sample weight is used to restrict the loss
function during the training process. A special post-processing is applied to generate a
spread-out plot to evaluate the model performance for the prediction of the plaque
distribution.

Weighted binary cross entropy loss is defined in Eq.(2.1) to optimize separated
branches in the 2.5D Dense U-Net. In Eq.(2.1), predict represents the predicted
segmentation shown in Fig. 2.3, target represents the pie-shaped binary label shown
in Fig. 2.2. wei g htsampl e represents the pixel-wise gradient sample weight shown in
Fig. 2.2. The pixel value on the sample weight map is inversely proportional to the
distance between this pixel and the lumen center. Regker nel is a l2 norm regularization
term which be used as a penalty term of the convolutional kernel to avoid overfitting
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during the training.

LossDenseU Net =BC E(pr edi ct , t ar g et )×wei g htsampl e +Regker nel

wei g htsampl e ∝ lumendi st ance
(2.1)

Mask R-CNN

The pipeline of the 2.5D Mask R-CNN is shown in Fig. 2.4. In this study, we adopt
the classical Mask R-CNN architecture with a ResNet50[19] as a backbone. To
take advantage of the context information along the longitudinal direction of the
vessels, 2.5D polar CT images are used as the input to the network. The loss is
losscl assi f i cati on + lossr eg r essi on + lossseg ment ati on in the classical Mask R-CNN. There
are no specific segmentation labels for plaques. Therefore, the segmentation branch in
the classical Mask R-CNN[15] architecture is discarded in our architecture.

The loss function of 2.5D Mask R-CNN is a multi-task loss, combining a binary
cross entropy loss with a l1 loss, shown as Eq.(2.2). losscl sb f

and lossr egb f represents
the classification loss and angle regression loss for distinguishing foreground and back-
ground, losscl s and lossr eg represents further classification and regression loss used
to separate different kinds of plaques. pr edi ct cl ass

b f , pr edi ct ang le
b f , pr edi ct cl ass and

pr edi ct ang le are the predicted category and regressed angle. t ar g et cl ass
b f , t ar g et ang le

b f ,

t ar g et cl ass and t ar g et ang le are the target category and target angle.

LossM askRC N N = losscl sb f
+ lossr egb f + losscl s + lossr eg

= BC E(pr edi ct cl ass
b f , t ar g et cl ass

b f )

+L1(pr edi ct ang le
b f , t ar g et ang le

b f )

+BC E(pr edi ct cl ass , t ar g et cl ass )

+L1(pr edi ct ang le , t ar g et ang le )

(2.2)

2.3.2 Training of the networks

All the experiments in this study used Adam optimizer with a learning rate of 0.0001
to train 50 epochs with a batch size of 32. The 2.5D data block for the dense U-Net
was randomly rotated from 0 to 359 degrees around the image center which could
increase the variation in plaque occurring angle. The size of the input data block is
128×128×7 for the 2.5D Dense U-Net and 45×360×7 for the 2.5D Mask R-CNN.

To avoid overfitting, a 50% random dropout was applied to the final layer of the
encoder and a l2 norm regularization was introduced to each convolutional layer in
the 2.5D Dense U-Net. A data ratio of l i pi d : cal ci um : mi xed : nor mal tissue was set
as 3 : 1 : 1 : 5 per batch.

The masking branch in the classical Mask R-CNN network was discarded since
accurate segmentation labels of different plaque types do not exist, and only the
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branches for classification and regression were maintained. Bounding box initialization
was performed just on the angle direction (x-axis of the polar image) because no
ground truth information along the depth direction (y-axis of the polar image) exists.

2.3.3 Evaluation method

In this patient level study, a lesion is defined as a certain region in the vessel that
contains an elevated (≥ 40%) plaque burden. 91 lesions were extracted from the
total 48 test vessels of 15 patients according to the expert’s knowledge and all the
metrics were calculated on the lesion-level. Accuracy and F1-score , calculated from the
spread-out view, are used to evaluate the prediction. IOU, Dice and Hausdorff distance,
which are commonly used in the pixel-based segmentation, are not applicable in this
study. Because these metrics are calculated in the image domain but there are no
pixel-level segmentation labels. The spread-out view shows the plaque distribution
on the cross-sectional CTA images and can give a comprehensive overview about the
continuity of the plaques in a vessel. The spread-out view generation process is shown
on the left-bottom part in Fig. 2.3. If the coordinate of one element on the spread-out
view is (α,n), then the value of this element represents the probability that there is a
plaque at α degree on CT image n.

Violin plots combined with box plots are used to show the distribution of spread-
out view-based accuracy and F1-score of the lesions. The spread-out view based
accuracy and F1-score are defined by Accur ac y(Spr eadOutpr ed ,Spr eadOutg t ) and
F 1(Spr eadOutpr ed ,Spr eadOutg t ) that the inputs are predicted spread-out view and
ground truth spread-out view derived from NIRS-IVUS estimations.

2.4 Results and evaluations

2.4.1 Plaque localization

The first and second row in Fig.2.5 show the gradient-weighted class activation
mapping (Grad-CAM)[20] generated with the 2.5D Dense U-Net predictions and the
corresponding pie-shaped label for two cross-sections located in a LCx (left circumflex
artery) and a LAD (left anterior descending artery) respectively. Fig.2.6 shows the
bounding boxes generated with the 2.5D Mask R-CNN predictions.

The 2.5D Mask R-CNN uses bounding boxes to localize the plaque regions as
shown in Fig.2.6. The blue boxes represent calcified plaques and the yellow boxes
represent lipid-rich plaques. We show two different views in Fig.2.6, a polar view and
the Cartesian view. For the polar view, the x-axis shows the angle coordinate from
0 degree to 359 degrees and y-axis shows the radius from 0 mm to 5.625 mm. The
plaque detection is performed on the polar CT images and the predicted rectangular
bounding boxes are mapped on the Cartesian view as pie-shaped bounding boxes for
a more comprehensive visualization. The x-coordinate of left and right side of the
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Lipid CAM Lipid label Calcium CAM Calcium label CT

Figure 2.5: Cross-sectional plaque localization predicted by 2.5D Dense U-Net. From
left to right there is the Grad-CAM view of the lipid-rich plaque, pie-shaped label of
the lipid-rich plaque, Grad-CAM view of the calcified plaque, and pie-shaped label of
calcified plaque as well as the CT image from the LCx (1st row) and from the LAD
(2nd row).

rectangular bounding box directly represent the start and end angle, hence there is no
need to perform a post-processing step as for the 2.5D Dense U-Net.

In the following section, we show the spread-out views based on the predicted
cross-sectional plaque distributions and use these spread-out views to calculate metrics
for the evaluation of the trained model.

2.4.2 Tissue-type distribution

Spread-out views of four arteries are shown in Fig.2.7 and Fig.2.8. In the 2.5D Dense
U-Net experiment, prediction thresholds for both lipid-rich and calcified plaques were
0.6. This means that only predictions with a probability higher than 0.6 are used in
the final results. In the 2.5D Mask R-CNN experiment, the threshold of the lipid-rich
plaques is 0.3 and that of calcified plaque is 0.5 which means that the predicted
bounding boxes with a higher probability are used in the results during the evaluation.
These thresholds are empirically determined and a trade-off between spread-out
view based FN and FP. If the threshold is high, the predicted results with moderate
probability will be rejected. The FN will increase and the FP will decrease. On the
other hand, a low threshold allows more predicted results with low confidence which
may underestimate predictions.

In Fig.2.7 and 2.8, the two DL-based methods and the conventional method are
compared with the NIRS-IVUS estimations treated as a ground truth in the third row.
The areas with lipid-rich plaques are scattered on the spread-out views from the Mask
R-CNN. The lipid-rich areas between neighboring CTA images on the spread-out views
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predicted by the Dense U-Net are more continuous than both the Mask R-CNN and
the conventional methods.

The lumen intensity of the vessel shown in Fig.2.8(b) is higher than the others.
Therefore, the threshold (350 HU) used to distinguish calcified plaques from the
lumen area in the conventional method is invalid and causes meaningless predictions
at the bottom-right spread-out view in Fig.2.8(b). The areas with calcified plaques
are visually similar among the predicted spread-out views, ground truth and the
conventional method, except the high lumen intensity case shown in Fig.2.8(b).

2.4.3 Prediction evaluation

To evaluate the similarity between predicted spread-out views and ground truth spread-
out views numerically, the accuracy and F1-score were calculated on the spread-out
views of the calcified and lipid-rich plaques. The results are shown in Fig.2.9. The blue,
yellow, green and red violin plots represent the different methods used for plaque
prediction, QAngioCT, 2.5D Dense U-Net, 2.5D Mask R-CNN and the classical 2.5D
U-Net.

The median value of the Accuracy of the calcified plaques in the box plot of Fig.2.9(a)
is similar among different methods. The distribution of values in the Dense U-Net and
Mask R-CNN is more aggregated than the conventional method and classical 2.5D
U-Net.

The Dense U-Net shows the highest median value in the F1-score distribution of
calcified plaques shown in Fig.2.9(c). The median of the conventional method and
Mask R-CNN is comparable to each other but higher than classical 2.5D U-Net.

Moreover, the Dense U-Net performs better in both median and density plots when
comparing the Accuracy metric distribution of lipid plaques as shown in Fig.2.9(b).

The median value of the F1-score is comparable between the Dense U-Net and
Mask R-CNN estimations for the lipid plaques and both are around 20% in Fig.2.9(d).
The Mask R-CNN has a more aggregated distribution.

The numerical evaluation, median and mean value of Accuracy and F1-score, are
shown in Table 2.1 and Table 2.2 for the lipid-rich and calcified plaques respectively, in
91 lesions.

For the prediction of lipid-rich plaques in Table 2.1, the 2.5D Dense U-Net had
the highest median (0.18) and mean (0.21) value for the F1-score among all studied
methods. The performance of the 2.5D Mask R-CNN was lower with a median and
mean value of 0.17 and 0.18 respectively. The F1-score of both methods proposed
in this paper exceeded the score of the conventional method and classical 2.5 U-Net,
with their median and mean values being around 6 and 3 times higher than those of
the conventional method.

In Table 2.2, the difference between the mean F1-score of the 2.5D Dense U-Net
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and the conventional method was only 0.01, but the median values of the F1-score
for the 2.5D Dense U-Net was 0.03 higher than that of the conventional method. The
results of the 2.5D Mask R-CNN were lower than the 2.5D Dense U-Net but comparable
with the conventional method. The median of the F1-score is still 0.14 higher than the
classical 2.5D U-Net. Compared to the ground truth, the characterization of calcified
plaque of the conventional method is accurate except for the cases with high intensity
lumen (HU>350) shown in Fig.2.8(b).

Table 2.1: Median and average of spread-out view based Accuracy and F1-score of
lipid-rich plaque predictions in 91 lesions. (* represents the proposed pipeline, †
represents the conventional method, the metrics of our proposed pipeline are in bold
type.)

Methods Accuracy F1-Score
median(mean) median(mean)

2.5D Dense U-Net (with grad-weight)* 0.88 (0.86) 0.18 (0.21)
2.5D Mask R-CNN (angle regression)* 0.82 (0.82) 0.17 (0.18)
2.5D U-Net[13] (with grad-weight) 0.90 (0.88) 0.02 (0.11)
QAngioCT†[18] 0.91 (0.86) 0.03 (0.08)

Table 2.2: Median and average of spread-out view based Accuracy and F1-score of
calcified plaque predictions in 91 lesions. (* represents the proposed pipeline, †
represents the conventional method, the metrics of our proposed pipeline are in bold
type.)

Methods Accuracy F1-Score
median(mean) median(mean)

2.5D Dense U-Net (with grad-weight)* 0.88 (0.87) 0.44 (0.38)
2.5D Mask R-CNN (angle regression)* 0.83 (0.83) 0.41 (0.37)
2.5D U-Net[13] (with grad-weight) 0.86 (0.84) 0.27 (0.24)
QAngioCT†[18] 0.88 (0.85) 0.41 (0.37)

2.5 Discussion and conclusion

Two different methods for plaque angle prediction on cross-sectional CT images are
proposed. We first propose to use NIRS-IVUS plaque labels to train the network to
predict the cross-sectional distribution of lipid and calcified plaques in the coronary
CTA arteries. It is an angle-level multi-target classification instead of an image-level
binary classification in this study.

The 2.5D Mask R-CNN pipeline has fewer steps than the 2.5D Dense U-Net, but the
metrics of the predicted results shown in Table 2.1 and Table 2.2 indicate that Dense
U-Net has a slight advantage for the prediction of both lipid-rich plaques and calcified
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Figure 2.9: Distribution of the spread-out view based accuracy and F1-scores for 91
lesions. Blue, yellow, green and red violin plots represent the distribution of the
conventional method, 2.5D Dense U-Net, 2.5D Mask R-CNN and classical 2.5D U-Net.

plaques.

Except for the high intensity lumen case shown in Fig.2.8(b), the conventional
method can generate confident calcium spread-out views based on fixed HU thresholds
(<350 HU for calcified plaques). Small calcified regions cannot be detected if the
intensity of the lumen is higher.

The calcified areas with a high probability are clustered on the calcium spots in
Fig.2.5. The Dense U-Net based method tends to over-estimate the angle range of the
calcium plaques compared to the Mask R-CNN as shown in Fig.2.7(a).

The comparison between the different methods indicates that the proposed meth-
ods have capabilities to improve the detection performance of lipid-rich plaques. The
median values of the F1-score of the proposed methods are 6 times higher than that of
a conventional method which needs the EEM detection.
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The high confidence areas of lipid-rich plaques are distributed around calcium
spots. The difference between the Grad-CAM of the lipid-rich plaques and calcified
plaques demonstrates that although the predicted plaque regions overlap, the focal
areas of the network are different for different kinds of plaques.

The results in this paper suggest that it is promising to distinguish different kinds
of plaques on CT images based on deep learning networks. However, it is uncertain
whether all the lipid-rich areas can be detected on the cross-sectional CTA images
using DL methods. The overlap between the lipid-rich tissue and normal tissue makes
it difficult for DL models to identify the lipid-rich features on CTA images. The
predictions of calcified plaques by the 2.5D Dense U-Net resemble the ground truth,
which indicates that the registrations are accurate to guide the network to extract
useful features. Moreover, comparing the violin plots that belong to the different
methods, it is clear that the Dense U-Net and Mask R-CNN based predictions of
calcified plaques are similar or better than a conventional method.

The main limitation in this paper is that the dataset used for training is relative
small, only 176 arteries from 64 patients are involved in this study. Another limitation
is that some areas with lipid-rich tissue are hard to distinguish from surrounding
tissues and normal vessel wall. Furthermore, the resolution of CT images is relatively
low compared to NIRS-IVUS and blooming artifacts caused by calcified plaques make
it hard to distinguish calcified plaques from the contrast in the lumen. The next
generation CT scanners such as photon-counting CT may overcome these limitations
by its higher resolution and stronger artifact suppression.

In conclusion, this study presents two methods to predict lipid-rich and calcified
plaques on the cross-sectional CT images using DL approaches. To the best of our
knowledge, this is the first study to explore the mapping relationship between lipid-rich
plaques on CT images and that on NIRS-IVUS images. Though the plaque detection
is a challenging topic based on the currently used CT technology, the two methods
proposed in this paper contribute to finer predictions of lipid-rich and calcified plaques.
Especially for the lipid-rich plaques, the metrics calculated on the spread-out views
are improved compared to the conventional method.
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