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Background: The high mortality rate associated with coronary heart disease has led to state-of-the-art non-

invasive methods for cardiac diagnosis including computed tomography and magnetic resonance imaging. 
However, stenosis computation and clinical assessment of non-calcified plaques has been very challenging due 
to their ambiguous intensity response in CT i.e. a significant overlap with surrounding muscle tissues and blood. 
Accordingly, this research presents an approach for computation of coronary stenosis by investigating cross-

sectional lumen behaviour along the length of 3D coronary segments.

Methods: Non-calcified plaques are characterized by comparatively lower-intensity values with respect to the 
surrounding. Accordingly, segment-wise orthogonal volume was reconstructed in 3D space using the segmented 
coronary tree. Subsequently, the cross sectional volumetric data was investigated using proposed CNN-based 
plaque quantification model and subsequent stenosis grading in clinical context was performed. In the last step, 
plaque-affected orthogonal volume was further investigated by comparing vessel-wall thickness and lumen area 
obstruction w.r.t. expert-based annotations to validate the stenosis grading performance of model.

Results: The experimental data consists of clinical CT images obtained from the Rotterdam CT repository leading 
to 600 coronary segments and subsequent 15786 cross-sectional images. According to the results, the proposed 
method quantified coronary vessel stenosis i.e. severity of the non-calcified plaque with an overall accuracy 
of 83%. Moreover, for individual grading, the proposed model show promising results with accuracy equal 
to 86%, 90% and 79% respectively for severe, moderate and mild stenosis. The stenosis grading performance 
of the proposed model was further validated by performing lumen-area versus wall-thickness analysis as per 
annotations of manual experts. The statistical results for lumen area analysis precisely correlates with the 
quantification performance of the model with a mean deviation of 5% only.

Conclusion: The overall results demonstrates capability of the proposed model to grade the vessel stenosis with 
reasonable accuracy and precision equivalent to human experts.
1. Introduction

In a clinical context, the term Coronary Heart Disease (CHD) refers 
to deposition of cholesterol and related fatty materials (plaque) at dif-

ferent locations inside coronary tree. Gradually with the pessage of 
time, this plaque buildup starts causing obstruction (stenosis) to the 
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blood flow towards heart muscles. As a result, oxygen-starved heart 
muscles result in adverse cardiac events including Congestive Heart 
Failure, Angina and Arrhythmias. According to the global heart dis-

eases fact-sheet released by British Heart Foundation [1], a substantial 
number of around 620 million people are suffering with coronary and 
circulatory diseases around the globe and this number is continuously 
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increasing due to changing lifestyles. As per statistics, there were an es-

timated 285 million affected people globally, which rose to 350 million 
in 2000, 430 million in 2010 and subsequently 550 million in 2019. 
Moreover, approximately 60 million people across the world develop 
coronary related disease annually i.e. equivalent to the entire popu-

lation of the UK. The growing clinical threat related with CHD has 
resulted in revolutionary developments in medical imaging arena in-

cluding sub-millimeter CT and MRI scanning. Based on high temporal 
and spatial resolution, these advancements are being used practically 
in health facilities and have overall improved the diagnostic accuracy 
[2]. These imaging protocols can certainly help clinicians in precise and 
early detection of arterial anomalies helping them to control and nor-

malize the clinical threat [3].

Modern CT apparatus captures internal details with sub-millimeter 
accuracy and serves as a feasible alternative to complex catheteriz-

ing process for detecting obstruction [4]; however, the nature of the 
coronary plaques pose a formidable challenge in the precise diagno-

sis. The hard plaques or calcified plaques are easily traceable in CT 
due to the intensity response of Calcium and a number of works [5–8]

have been reported in literature with a reasonable computation accu-

racy. On the other hand, cholesterol-based non-calcified plaques (NCP) 
exhibits comparatively lower intensity values (quite close to surround-

ing tissues) making quantification a challenging problem for research 
community.

It is important to mention that from clinical perspective, the vul-

nerable nature of the non-calcified plaques make them vital indicator 
of fatal coronary syndromes [9] as they are prone to sudden rupture 
as well as positive remodelling of vessels keep patient asymptomatic. 
The positive remodelling refers to the expansion of vessel-wall outwards 
i.e. the plaque present does not cause any narrowing symptoms. From 
clinical perspective, positive remodelling is very threatening as patient 
remain asymptomatic till sudden fatal event. Consequently, research 
community is interested to devise methods for early detection and over-

all plaque burden quantification i.e. computing degree of vessel stenosis 
to avoid worst cardiac events [10].

In context of paper organization, we start with a brief introduction 
followed by relevant literature in Section 2. In the subsequent section, 
we provide details about the CT dataset and ground truth construc-

tion to validate the outcomes of the proposed method. The next section 
presents an “inter-observer” variability analysis to demonstrate the fact 
that non-calcified plaque assessment is very challenging manually and 
there occurs significant “difference” among three experts evaluating 
same patient. This is followed by the methodology explaining segment-

wise cross-sectional volume extraction followed by CNN application 
for stenosis grading computation. The result section then discusses the 
performance of classification model and validation of stenosis grading 
model by investigating lumen-area versus vessel-wall thickness graphi-

cal plots.

2. Related work

CTA-based Non-calcified plaque quantification and associated steno-

sis grading has been challenging problem; hence, a limited number of 
clinical studies have been reported in this context [11–14] mainly em-

ploying anomaly detection approach. The plaque quantification frame-

work proposed by Clouse et al. [11] investigated manually selected 49 
coronary segments (41 normal, 8 abnormal) to validate the proposed 
quantification method but the main motivation was to quantify the 
plaque amount from pre-extracted image planes. An extended version 
of this work was subsequently reported by [15] to correlate quantifi-

cation capabilities of CT-imagery with intra-vascular ultrasound (IVUS) 
using 20 affected segments for comparative quantification. However, a 
notable limitation of this work was the manual identification of plaque 
lesions, hindering the implementation of an automated detection solu-
2

tion.
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An interesting work employing Linear discriminant analysis (LDA) 
to detect non-calcified plaque was reported by Wei et al. [12]; how-

ever, the main focus was reduction of false-positive candidates in a 
set of 120 pre-selected soft plaque candidates. In an overall context, 
this work was focused on the detection of the non-calcified plaques 
rather than the precise quantification with reported detection accuracy 
of 92.5%. Likewise, Tessman et al. [14] proposed a method to quan-

tify calcified and non-calcified plaques by extracting cylindrical volume 
around centreline but it lead to high false positives due to inclusion of 
surrounding muscles in the cylindrical space. Method proposed by Zulu-

aga et al. [16] employed machine learning for anomaly detection using 
manual intensity definitions and SVM. Although the accuracy 79.62% 
was reported for 9 clinical CTAs but conceptually quantification and 
grading was not performed. An interesting work in this context was 
reported by Athanasiou et al. i.e. [17] based upon 4-class Gaussian 
Mixture Model. The plaque labelled voxels were quantified and plaque 
volume was compared with IVUS segmentation for validation. The in-

teresting finding of the work is that calcified plaque was quantified with 
good precision whereas blooming affect associated with non-calcified 
plaque led to decreased performance. In addition, a number of studies 
[18,19,15,20–23] have been reported However, these studies primar-

ily aimed to showcase CTA imaging capabilities instead of automated 
stenosis computation. Hence, non-calcified plaque lesions were initially 
manually selected and the results of plaque quantification were then 
compared to intra-vascular ultrasound analysis to establish a correla-

tion between the two imaging modalities.

More recent works based upon Deep learning have been reported by 
Han et al. [24], Paul et al. [25] and Jin et al. [26] in this context;how-

ever, there have been associated limitations with reported literature 
respectively. For instance, propose method in [24] CCTA-AI facilitates 
plaque-associated images generation using a series of 2D CT images; 
however, this approach performs well for detecting regions where the 
stenosis goes beyond 50% and smaller instances are frequently missed. 
Similarly, [25] employs curved planer reformation to construct 2-D im-

ages from 3D CT which often leads to missing important information 
regarding vessel remodelling. Moreover, this work focused over occur-

rences of calcified plaques which has been reported quite frequently in 
literature. An interesting study by Jin et al. i.e. [26] employed 127,763 
retrospective CT images for 505 patients from 5 medical centres. A CNN 
based methodology was used to perform coronary artery segmentation 
and subsequently perform plaque detection; however, it depends upon 
manually defined radiomics for precise plaque quantification and steno-

sis grading.

Our contribution in this work is an efficient method for coronary tree 
investigation and vessel stenosis grading with a human level of accu-

racy. Based on automated coronary segmentation method [27] vascular 
tree was extracted, followed by automated localization of non-calcified 
plaque in coronary segments. The 3D segmented coronary tree was then 
transformed into segment-wise cross-sectional volume followed by ap-

plication of the customised CNN model for stenosis grading in respective 
segments. In the final step, we present an efficient method for the ves-

sel wall analysis i.e. computation of vessel lumen area and plaque-relate 
wall thickness to validate the results of stenosis classification.

3. Clinical dataset acquisition

The clinical data investigated in this work consists of 20 CT volumes 
obtained from public resource i.e. anonymized CT dataset from Rotter-

dam Coronary Artery Evaluation framework [28,29]. The main reason 
for selecting Rotterdam CT dataset is provision of lumen reference-

annotations for individual segments of coronary tree i.e. along with the 
CT image data for respective patients, human expert-based 3D boundary 
contours (both normal and plaque affected segments) are also provided 
for validation of results as shown in Fig. 1.

It is important to mention that 17-segment AHA coronary model is 

a standard reference model for clinical reporting and naturally there 
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Fig. 1. Boundary counters provided by manual experts of the Rotterdam coronary artery dataset for validation of results. (a-b) reflects the lumen contours i.e. 
manual annotation for two different plaque affected segments.
Table 1

Stenosis specifications for plaque affected segments.

Segment ID Coronary Segment Specification

Segment Grading Length Location Stenosis(%)

DS1 seg6 Major Mild 58 3-12 23

DS2 seg6 Major Mild 67 25-42 25

DS4 seg1 Major Severe 72 8-29 93

DS4 seg2 Major Moderate 68 19-28 61

DS5 seg2 Major Moderate 73 9-35 57

DS5 seg8 Minor Moderate 42 2-22 55

DS7 seg2 Major Severe 76 7-17 81

DS7 seg3 Major Moderate 57 17-22 62

DS9 seg2 Major Moderate 61 1-28 65

DS10 seg8 Minor Moderate 42 13-56 55

DS11 seg7 Major Mild 58 13-35 32

DS11 seg12 Minor Mild 26 2-10 22

DS15 seg2 Major Moderate 75 16-24 53

DS15 seg3 Major Mild 59 8-15 35

DS15 seg14 Minor Moderate 43 26-57 55

exists a wide inter-patient variability i.e. certain coronary segments do 
not exist for a specific patient. Moreover, out of the existing segments of 
the coronary tree, major/proximal segments are considered significant 
whereas minor/distal segments are given less importance. This is based 
on the fact that occlusion in a major segment can cause obstruction 
onwards to multiple branches leading to fatal consequences whereas 
minor segments will not cause hierarchical branch damage onwards. 
Accordingly, we identified the target segments from the Rotterdam 
CTA data i.e. the non-calcified plaque affected segments with associ-

ated lumen boundary demarcations (in terms of 3D discrete contours) 
as defined in the Table 1. Although the plaque position is precisely 
specified by manual experts in terms of compressed vessel boundary in-

side segment; however, it was observed visually that the presence of 
plaque leads to intensity drop phenomena throughout the length of the 
segment. Hence, all cross sections of plaque affected segment are con-

sidered as abnormal to compensate the intensity variations associate 
with internal obstruction.

In order to ensure that the meaningful training of the model, data 
augmentation was performed for non-calcified plaque associate cross 
sections. Accordingly, rotation, scale-variations, flip and shear opera-

tions were performed to create 8 copies for every affected image leading 
to a total sum of 7893 cross-sections. In addition to abnormal-cross 
sections, we also obtained “normal” cross sectional slices from healthy 
segments of coronary tree to ensure that CNN model should learn char-

acteristics of healthy lumen while computing stenosis. Accordingly, 
same number of healthy cross-sections i.e. 7893 was selected to avoid 
3

any class-imbalance issues in later stage.
4. Vessel segmentation and ground truth formulation

4.1. Coronary tree segmentation

The first step towards vessel stenosis computation is precise seg-

mentation of the coronary tree from the 3D CTA volume. Accordingly, 
automated coronary segmentation was performed to extract 3D coro-

nary tree using hybrid energy methodology of [27]. Subsequently, we 
investigated respective coronary tree(s) for positioning plaques using 
method proposed in [30]. For reference, the extracted coronary tree for 
a particular patient is presented in Fig. 2a, with individual segments 
represented using three different colours.

4.2. Ground truth construction

In clinical practice, non-calcified plaque computation is done by 
computing shrinkage/deformation in vessel lumen indirectly [29] i.e. 
an approximation is made by comparing plaque region with healthy 
vessel behaviour as demonstrated in Fig. 1. For instance, the lumen di-

ameter variations can be observed in the mid of the vessel from Fig. 1a 
- 1b indicating the presence of non-calcified plaque at respective loca-

tions. The conventional way of computing lumen stenosis percentage is 
to compute the cross-sectional diameter of vessel just before the begin-

ning of the plaque and compare values with the plaque-affected cross 
sectional diameter. However, this leads to over estimation often by ig-

noring the fact that overall vessel diameter decreases along the length 
of the segment. Instead, we proposed to represent the complete seg-

ment using with a mathematical model 𝑇𝑚𝑜𝑑𝑒𝑙 in first instance followed 
by precise computation of stenosis.

Accordingly, we used an elliptical tube model 𝑇𝑚𝑜𝑑𝑒𝑙
[
𝐶𝑃 ,𝜃′

𝑐𝑠

]
for 

segment approximation as it allows blood-flow and intra-lumen de-

formations. Here, 𝐶𝑃 denotes the centreline of the segment and 𝜃′
𝑐𝑠

defines the corresponding cross-section based boundary information for 
respective points of the centreline. Accordingly, the complete segment 
is approximated by 

[
𝑁𝑠

]
by [𝑚] array as shown in Fig. 2b, where 𝑁𝑠

represent the total number of points in the segment centreline and 𝑚
denotes cross-section related parameters. For the 𝑖𝑡ℎ point of the centre-

line 𝐶𝑃 , we define the parameter vector 𝜃′
𝑐𝑠
(𝑖) using an ellipse model 

as 
[{
𝑎(𝑖), 𝑏(𝑖),𝐶𝑥𝑦𝑧(𝑖),𝑅𝑥𝑦𝑧(𝑖)

}
≈𝐸𝑥𝑦𝑧(𝑖)

]
, where 𝑎(𝑖) and 𝑏(𝑖) represent 

the lengths of the major and minor axes of the current ellipse, 𝐶𝑥𝑦𝑧(𝑖)
denotes the centre of the 𝑖𝑡ℎ ellipse of segment, and 𝑅𝑥𝑦𝑧(𝑖) defines ori-

entation information for 𝑖𝑡ℎ ellipse in 3D space.

The mathematical formulation (parametric representation) for a 3-

dimensional ellipse is expressed by Eq. (1), where 𝐸𝑥𝑦𝑧 denotes circum-

ference of the ellipse, 𝐶𝑥𝑦𝑧 is the centre of the ellipse, 𝑎, 𝑏 represent 
the lengths of the major and minor axes, respectively, 𝑅𝑥𝑦𝑧 denotes the 

orientation information of the ellipse in 3D space and 𝑡′ is the angular 
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Fig. 2. Coronary tree (LCA and RCA) with overlaid skeleton and cross sectional planes. The centre-line is displayed in black colour whereas blue, red and green 
represents boundary contours for segments numbered 2, 7 and 8 respectively. (b) illustrates tubular model of the coronary segment. The successive boundary 
contours along the length of the segment are defined using elliptical approximations.
parameter varying between 0 to 2𝜋. Moreover, the minimum distance 
of an arbitrary point, 𝑃 = [𝑃𝑥, 𝑃𝑦, 𝑃𝑧]𝑇 to the circumference of the el-

lipse can be found using Eq. (2).

𝐸𝑥𝑦𝑧 =
⎡⎢⎢⎣
𝐶𝑥

𝐶𝑦

𝐶𝑧

⎤⎥⎥⎦
+𝑅𝑥𝑦𝑧.

⎡⎢⎢⎣
𝑎.𝑐𝑜𝑠(𝑡′)
𝑏.𝑠𝑖𝑛(𝑡′)

0

⎤⎥⎥⎦
, 𝑤ℎ𝑒𝑟𝑒,𝑅𝑥𝑦𝑧 =𝑅1𝑅2𝑅3. (1)

𝑅1 =
⎡⎢⎢⎣
𝑐𝑜𝑠(𝛼) 𝑠𝑖𝑛(𝛼) 0
−𝑠𝑖𝑛(𝛼) 𝑐𝑜𝑠(𝛼) 0

0 0 1

⎤⎥⎥⎦
, 𝑅2 =

⎡⎢⎢⎣
1 0 0
0 𝑐𝑜𝑠(𝛽) 𝑠𝑖𝑛(𝛽)
0 −𝑠𝑖𝑛(𝛽) 𝑐𝑜𝑠(𝛽)

⎤⎥⎥⎦
,

𝑅3 =
⎡⎢⎢⎣
𝑐𝑜𝑠(𝛾) 𝑠𝑖𝑛(𝛾) 0
−𝑠𝑖𝑛(𝛾) 𝑐𝑜𝑠(𝛾) 0

0 0 1

⎤⎥⎥⎦
.

𝑑𝑖𝑠𝑡𝑡 =min
𝑡

∣ 𝑃 −𝐸𝑥𝑦𝑧 ∣2=
|||||||

⎛⎜⎜⎝
𝑃𝑥
𝑃𝑦
𝑃𝑧

⎞⎟⎟⎠
−
⎛⎜⎜⎝
𝐶𝑥

𝐶𝑦

𝐶𝑧

⎞⎟⎟⎠
−𝑅𝑥𝑦𝑧

⎛⎜⎜⎝
𝑎𝑐𝑜𝑠(𝑡′)
𝑏𝑠𝑖𝑛(𝑡′)

0

⎞⎟⎟⎠

|||||||

2

. (2)

For elliptical representation of the segment, we approximated man-

ual demarcations using best fitting ellipses using non-linear least square 
fitting for respective cross sections of the coronary segment.

After obtaining the elliptical model of the vessel segment, we em-

ployed two “normal” ellipses adjacent to the lesion region i.e. (imme-

diately before and after the plaque region) to derive the contours for 
ideal boundary i.e. stenosis-free vessel through the affected region as 
illustrated in Fig. 3. It is important to mention that “ideal” vessel bound-

ary at “ith” point of the centreline was derived using local orientation 
information to precisely follow the progression of vessel in 3D space. 
However, the major-minor axis lengths for ideal ellipse were derived 
from two “normal” cross sections (immediately before and after the 
plaque region) using a decreasing factor to encompass vessel-narrowing 
along the segment length. The approximated ideal vessel boundary 
i.e. “stenosis-free” for the affected region is plotted in red contours of 
Fig. 3a - 3b. In the subsequent step, the annotated lumen (black con-

tour) are subtracted from the ideal vessel (black contour) to compute 
stenosis grading precisely at particular location.

It is also important to mention here that the clinical threat associate 
with coronary stenosis is categorized into four levels depending upon 
the amount of plaque inside vessel and corresponding obstruction in the 
lumen. The four levels/grades for stenosis computation includes normal 
(minor plaque build-up with no significant impact on blood flow), mild, 
4

moderate and severe as detailed in Table 2. The table also defines total 
Table 2

Cross Sectional dataset obtained from segmented coronary vasculature.

Plaque Type Shrinkage % Grading Label Cross-sectional slices

Non-calcified ≤ 20% Normal 0 7893

Non-calcified 20 - 49% Mild 1 2412

Non-calcified 50 - 69% Moderate 2 4149

Non-calcified 70 - 94% Severe 3 1332

Non-calcified ≥ 95% Occluded 3 0

Total affected cross-sectional segments 15786

number of cross-sectional slices extracted in this research for respective 
grades. In general, severe and occluded categories are used in combina-

tion as there are rare annotations making obstruction greater than 94% 
and less than 100% explicitly.

4.3. Inter-observer variability

The performance of the stenosis grading algorithm is determined 
by comparing predicted stenosis grade with the manual expert based 
ground truth. To avoid biasing, the Rotterdam database provides ves-

sel boundary demarcations from three independent. The vessel bound-

ary demarcations were performed using exactly same environment to 
avoid any bias as the ultimate motive is to provide consistent reference 
contours to the end user for stenosis grading. Considering that lumen 
annotations were carried out by three different observers, a degree of 
inherent variability is anticipated. Thus, in this section, we conducted 
an analysis of inter-observer agreement to comprehend the discrepan-

cies among observers.

An insight investigation of expert demarcations reveals that mutual 
agreement among three observers significantly relies on the importance 
of the segment. (proximal versus distal) and amount of plaque-buildup 
(mild versus severe) present. Typically, proximal segments exhibit in-

creased brightness attributed to a higher concentration of the contrast 
medium in the blood, facilitating clear demarcations of the lumen 
boundary for human observers. Conversely, the distal segments present 
a more ambiguous appearance, making accurate demarcation of the 
lumen challenging. Additionally, the amount of the plaque (stenosis 
grade) also influences demarcations i.e. a severe plaque results in a 
substantial reduction of the lumen requiring greater effort of expert in 
demarcation, whereas a mild plaque induces a less pronounced com-
pression of the lumen. This inter-observer disagreement is graphically 
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Fig. 3. Expert based lumen contours for two different segments. Manual expert-based vessel boundary contours are plotted using (black) whereas red contours define 
the “ideal” (plaque-free) boundary in the affected region constructed by contour interpolation in 3D space.

Fig. 4. Vessel demarcation for coronary segments by three manual experts. (a-c) reflects the lumen contours for segment having mild plaque with (d) showing a good 
mutual-agreement among three observers for lumen area. Likewise, (e-g) reflects lumen contours for segment having severe plaque with (d) showing substantial 
dis-agreement among three observers for lumen area.
demonstrated in Fig. 4, showing two cases i.e. a segment having a mild 
plaque (top row) versus a segment having a severe plaque (bottom row).

Fig. 4a - 4d represent the lumen contours for one proximal segment 
(DS1, segment 6) which has graded as “Mild” stenosis by manual ex-

perts. The top row shows tree lumen contours in black with colour

annotations for plaque region by three independent observers respec-

tively. Visually, it can be observed that all three observers exhibit a 
consistent trend, with no unexpected or abrupt deviations in the lumen 
boundary across the entire segment. Moreover, the mild nature of the 
plaque does not lead to any significant variation in observer’s reading; 
5

hence, the coloured contours (red, blue and green) shows a reasonable 
overlap. This correlation of three observers is further investigated by 
investigating cross-sectional area (see Fig. 4d). It can be observed from 
Fig. 4d that the cross-sectional lumen area remains static and close to 
each other for three observers through out the length of the segment. In 
contrast, Fig. 4e - 4h represent the lumen demarcations for a segment 
suffering through severe stenosis. Accordingly, a significant variation in 
observer’s reading can be observed. One observer (red) annotates the lu-

men to a very narrow passage due to the severe plaque and difficulty to 
witness vessel in CT, whereas observer 2 and observer 3 have shown a 
reasonable lumen through the affected region of same patient. This dis-
agreement also becomes apparent in the cross-section based area plot 
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Fig. 5. Extraction of cross-sectional slices for individual segments. (a) shows cross sectional slices being extracted from 3D CT volume whereas (b-d) represents three 
respective cross-sections for normal moderate and severe plaque resulting in reduced lumen. It can be observed (b) that Normal cross section does have significant 
lumen surrounded by thin vessel-wall, (c) shows reduction in the lumen and (d) shows thick vessel-wall with very less lumen area.
Table 3

Jaccard overlap-based inter observer mutual agree-

ment for two types of segment.

Jaccard Measure

Mild Plaqued Severe Plaqued

Expert (1) vs (2) 70.29 40.41

Expert (1) vs (3) 76.74 43.92

Expert (2) vs (3) 84.92 53.29

(see Fig. 4h) in which observer 1 based lumen area touches almost 𝑧𝑒𝑟𝑜
for the plaque-affected sections. In such cases, classification label is as-

signed to the segments using majority opinion of the experts as it is 
less likely for two individual experts to make mistake while performing 
lumen annotations.

This inter-observer variability allows a certain degree of freedom for 
the proposed stenosis-grading algorithm allowing results validation in a 
greater interval. From a statistical point of view, inter-observer mutual 
agreement for these coronary segments is presented in Table 3, which 
shows Jaccard overlap measure among three experts individually.

4.4. Cross section based stenosis grading

The extracted coronary tree as shown in Fig. 1a has been skele-

tonized using Fast marching method of [31] so that orthogonal cross 
section could be extracted for every segment of the coronary tree. The 
skeleton or the centreline (medial axis) is very important as it allows 
to track the true progression of the vessel in 3D space. Using centre 
line, orthogonal (“normal”) slices have been constructed throughout the 
length of the segment as demonstrated in Fig. 5a. Respective cross sec-

tions are also displayed in Fig. 5b - Fig. 5d for visual interpretation of 
normal, mild, moderate and severe plaque affected regions using cus-

tomized colormap. It can be seen that Normal cross section does have 
significant lumen area (red) surrounded by vessel wall whereas corre-

sponding degree of lumen reduction can be visualized in moderate and 
severe plaques respectively.

After obtaining the cross-sectional slices for respective segments of 
coronary tree, the subsequent step is to employ Convolutional Neural 
Network model for precise segregation of the plaque based on lumen 
reduction. Accordingly, we posed this as a four class problem as de-

fined in Table 2. The proposed CNN model strategically employs the 
VGG16 architecture for image classification, leveraging its deep and 
expressive features. The choice of VGG16 over other pre-trained mod-

els is often influenced by its balance between model complexity and 
performance. VGG16 is known for its simplicity with a consistent con-
6

volutional kernel size (3x3) and deep stacking of layers, making it a 
reliable choice for various computer vision tasks. The decision to use a 
pre-trained model i.e. VGG16, aligns with the concept of transfer learn-

ing i.e. using knowledge gained from solving one problem and applying 
it to a different but related problem. By leveraging pre-trained weights, 
the model has already learned hierarchical features using ImageNet, en-

abling it to recognize patterns, edges, and textures in images. This can 
significantly reduce the need for extensive labelled data and computa-

tional resources, making it practical for smaller datasets and research 
projects.

In the proposed model of Fig. 6, VGG16-base is used as seminal 
image feature extractor allowing extraction of useful spatial informa-

tion from the convolutional layers. This freezing of pre-trained layers 
ensures that already learned features remain intact whereas the sub-

sequent fully-connected layers are added to customize the model for 
specific classification task, promoting effective knowledge transfer. The 
proposed model extends beyond feature extraction and includes dense 
layers for classification. The added dense layers are responsible for 
learning high-level patterns and relationships in the features extracted 
by VGG16. These dense layers are trainable and specific to the cus-

tom classification task. The additional dense layers in the proposed 
introduce non-linearities and complexities to the model, allowing it to 
capture more intricate patterns and relationships specific to the target 
classification task. This flexibility can enhance the model’s ability to dis-

criminate between different classes in the provided dataset. Moreover, 
these layers also allow for fine-tuning the model to the nuances of the 
custom dataset. The simulation has been performed for four-class lu-

men using “Adam” optimizer with custom-learning-rate=0.001, Batch 
size of 32 and “Categorical-crossentropy” loss function with “accuracy” 
used as optimization metric. Moreover, out of the total 15786 cross-

sectional images, a subset of 950 random images (belonging to all four 
classes) has been dedicated for test purpose whereas remaining images 
have been split into training/validation subsets using ratio of 80/20%.

Let 𝑋 be the input tensor of shape (224, 224, 3), and 𝑦 be the pre-

dicted output for each class. The layers in the model are defined as 
follows:

Input Layer:

𝑋 (Input tensor of shape (224,224,3))

VGG16 Feature Extraction:

VGG16 layers with pre-trained weights up to Global Average Pooling

Global Average Pooling:

Average pooling operation to reduce spatial dimensions
Dense Layer 1:
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Fig. 6. Customized CNN model for stenosis grading using customized 2D- cross sectional images from CT data. The appended fully-connected layers are used to 
captur and employ feature for stenosis quantification.

Fig. 7. Training performance and the confusion matrix statistics. The training for multi-class model shows that the accuracy improves with the passage of time 
whereas loss decreases as model keeps on learning. The confusion matrix overall represents the performance of stenosis grading model.
Dense layer with 256 units and ReLU activation

Dropout Layer:

Dropout layer with a dropout rate of 0.5

Dense Layer 2:

Dense layer with 128 units and ReLU activation

Output Layer:

𝑦 (Softmax activation with 4 units)

The complete model, denoted as 𝑓my_model, can be expressed as:

The

can

wit

dec

5. 

of c
seg

the

test

the
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𝑦 = 𝑓my_model(𝑋)
 Performance of the model is visually represented using Fig. 7. It 
 be observed that both training and validation accuracy improves 
h the passage of time whereas the loss function shows a consistent 
rease which validates the learning of the model.

Results

The performance of the proposed model has been evaluated in terms 
apability to assign true stenosis grading labels to different coronary 
ments as per experts annotations. After training and validation of 
 customized model, model testing has been carried out on unseen 
 dataset (943 images). The model’s predictions are generated for 
 test data subset, and the respective class labels are obtained us-
ing maximum probability prediction value. Subsequently, the predicted 
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Fig. 8. Class activation maps (CAM) for four different classes. Column (1) shows activation map for two normal cross sections with three subsequent columns 
representing mild, moderate and severe plaque instances. It can be observed that the trained model concentrate upon the blood region and is well-capable to detect 
and assign true label as per stenosis grading.
class labels are compared with human expert-based manual labels for 
computing class-wise statistical metrics. The overall performance of the 
model is presented using confusion matrix of Fig. 7b where proper la-

bels are assigned for comprehension. The grading performance of the 
model shows promising results with overall accuracy of 82.9%. More-

over, individual class-wise accuracy shows accuracy of 82% for Normal, 
79% for Mild, 90.6% for Moderate and 85.4% for Severe stenosis. It can 
be observed that model is performing well for respective classes with 
a slight mis-classification in between “Normal” and “Mild” grades. This 
is due to the fact that small plaques (less than 20%) are normally ig-

nored and segments are considered as normal manually whereas plaque 
in between 20% 49% is labelled as “Mild”. However, the model per-

forms computations and due to close similarities between two grades, 
a number of “mild” cases are marked as “Normal”. Similarly, there are 
few cases of “Severe” category identified as “Moderate” due to the cut-

off boundary between two classes. (Class activation map for respective 
classes is presented in Fig. 8.)

5.1. Vessel wall analysis

In order to validate the findings of our model i.e. whether true 
degree of the stenosis has been assigned, we manually performed in-

vestigation for lumen-area versus vessel-wall thickness for 2D cross 
sections. Accordingly, voxel-wise classification was performed in the 
segmented coronary tree using 3-class Gaussian Mixture Model (GMM) 
[32] to separate the background, vessel-wall and the lumen. The pro-

posed 3-class GMM is based on the assumption that low-intensity based 
non-calcified plaque will lead to reduced lumen and expanded vessel 
wall. Subsequently, GMM was followed by Bayesian Posterior proba-

bility computation to group voxels into three categories respectively 
as illustrated in Fig. 9. The first column represents two cross-sectional 
slices from segmented coronary tree with 6 mm expansion to ensure 
that maximum possible expansion could be captured, the second col-

umn represents the background included in 6 mm expansion whereas 
vessel wall and corresponding lumen are presented in third and fourth

column respectively. It can be observed from the second column of 
the Fig. 9 that low-intensity based surrounding/background included 
in segmented tree is well identified by “class-1”, the vessel-wall is very 
reasonable captured by “class-2” of GMM and cass-3 representing the 
8

lumen is shown in column 4.
In the instance of a cross-section affected by plaque (bottom row), 
the 3-class approximation precisely depicts abnormalities in both the 
lumen and the vessel wall. Given that non-calcified plaque typically 
exhibits intensity values lower than the blood lumen and much simi-

lar to myocardial tissues, the 3-class approximation designates “Plaque 
voxels” to “class-2”representing the expanded/thick vessel wall. Conse-

quently, an extra thick vessel-wall with reduced lumen is displayed for 
abnormal segment in the bottom row.

After extracting the vessel wall, the statistical thickness measure for 
vessel-wall was computed using ray-projection method as depicted in 
Fig. 10a - 10b. Starting from the centre of the lumen, we projected a 
total of 36 rays outward with an angular interval of 10 degrees. The 
thickness of the vessel wall was computed individually for each ray and 
then averaged to determine the overall wall thickness for the respec-

tive cross-section. The subsequent, wall thickness plots for two plaque 
affected segments as shown in Fig. 11a - 11b.

It can be observed that for both segments, the lumen area (black) 
starts with sharp decrement and becomes stable as we move away from 
the aorta. Similarly, the wall thickness (red) shows a stable thickness 
value for normal region of the segment. However, in the region affected 
by plaque, an unexpected reduction in lumen and an unanticipated 
increase in wall thickness can be observed. Along with the qualita-

tive analysis of Fig. 11, quantitative analysis performed for different 
segments also validates the performance of the proposed model as rep-

resented in Table 4.

6. Discussion

In this work, we proposed a method for computation of coronary 
stenosis and subsequent grading into four categories according to the 
severity of the problem. We started with segmentation of coronary tree 
from CT using [27]. Inthe subsequent step, non-calcified plaque was 
detected and localized using [30]. After validation of plaque position 
with the manual reference of Table 1, severity based plaque labelling 
was performed using clinical practice. According based upon lumen-

narrowing percent, four labels were derived namely Normal, Mild, Mod-

erate and Severe. In the subsequent stage, CNN model was employed to 
perform four-class classification and results were validated with respect 

to manual ground truth.



Medical Engineering and Physics 129 (2024) 104182M.M. Jawaid, S. Narejo, F. Riaz et al.

Fig. 9. Vessel-wall thickness using 3-class GMM for normal segment 9 (top row) and abnormal segment (bottom row). The first column represents maximum 
expansion for coronary using 6 mm surrounding, second column shows the background separation and last two columns shows wall and lumen respectively.

Fig. 10. Wall thickness using angular ray-projection for two cross-sectionals slices. (a) represents normal leading to normal vessel wall measurement, whereas 
abnormal cross section (b) lead to expansion of the vessel wall based on low density soft plaques.

Fig. 11. Lumen shrinkage versus vessel-wall expansion for abnormal segments. It can be observed graphically that non-calcified plaque based vessel wall expansion 
9

leads to compression of lumen at certain points along the length of the segment.
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Table 4

Segment wise stenosis computation.

Lumen reduction based Stenosis Reference Groundtruth

Ideal Area Actual Area Red% Stenosis grade Ref Red% Ref Grade

DS2 Seg6 4.5 3.2 29 Mild 25 Mild

DS4 Seg1 9 0.5 93 Severe 95 Severe

DS7 Seg3 2.9 0.5 82 Severe 81 Severe

DS9 Seg2 7.5 3.3 55 Moderate 65 Moderate

DS11 Seg7 4.2 3.1 25 Mild 32 Mild

DS15 Seg2 6.8 3.7 45 Mild 53 Moderate
It is important to mention that stenosis related to non-calcified 
plaques is always challenging due to ambiguous visual behaviour of 
plaques in CT. Accordingly, the proposed method employed a mix of 
classical image processing with machine learning to precisely detect 
and grade the threat with a good agreement to human experts. The 
CT data and respective manual annotations were obtained from Rot-

terdam Coronary Artery platform and the results are compared with 
expert annotations. The proposed method shows good agreement with 
human experts as well as inline with the Non-Calcified plaque assess-

ment methods work [33,34,24]. The qualitative and statistical results 
demonstrate the applicability of the proposed method and which can be 
further extended by involving clinical collaborator in future. Moreover, 
GMM-based findings for vessel-wall expansion and lumen reduction can 
be integrated in conventional ML methods for stenosis grading and per-

formance comparison with CNN approach.
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