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ABSTRACT

This paper presents a simple and optimal approach for automatically iden-
tifying the location and size of plaque territories in IVUS images, thus
improving plaque territory classification. Unlike existing circular-based al-
gorithms, we leverage the anatomical structure of IVUS images to enhance
accuracy. The adventitia, which constitutes the largest part of the image,
serves as a landmark; however, its low contrast makes edge detection chal-
lenging. To address this issue, we enhance the brightness of the adventitia,
identify and remove intima blobs, and accurately determine the media
boundary. This aids in simplifying the calculation of plaque territory. To
locate the plaque territory, we employ a spiral random walk-based approach
that utilizes the concentration of entropy and gradient magnitude in the
target area. Our approach outperforms existing methods, contributing to
automated plaque analysis for cardiovascular disease diagnosis and treat-
ment. The results show that the proposed approach achieves an accuracy
of 0.89, precision of 0.81, recall of 0.77, and F1-Score of 0.83, respectively.
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1. INTRODUCTION

Arterial plaque is a leading contributor to heart
disease. If not addressed, it can precipitate heart at-
tacks and other life-threatening conditions. Blood
vessels, which are responsible for promoting blood
flow and supplying oxygen to the heart and other
tissues, play a critical role in sustaining life. How-
ever, untreated coronary artery disease, triggered by
the accumulation of calcium or fatty deposits on ar-
terial walls, can result in heart failure or other life-
threatening conditions.

In recent years, intravascular ultrasound (IVUS)
technology has emerged as an instrumental tool for
detecting and analyzing calcium and fatty deposits in
coronary arteries. IVUS images afford high-resolution
cross-sectional views of the coronary artery wall,
enabling accurate detection of fatty and calcified
plaques. By gauging the size and distribution of these
plaques, IVUS imaging can aid in predicting heart at-
tacks and strokes.

The implementation of IVUS technology has sig-
nificantly enhanced the accuracy and efficiency of

plaque analysis through the development of au-
tomated plaque detection and quantification algo-
rithms. This has reduced the time required for man-
ual measurements, and decreased variability. How-
ever, a key challenge lies in the low visual contrast
of IVUS images, which hampers the identification of
lumen and media areas and could lead to erroneous
results.

Recently, research has been conducted to inves-
tigate this issue, leading to the proposal of various
solutions. For example, IVUS-Net, developed by Ji
Yang et al. [1], accurately segments the lumen and
media areas of human arteries in IVUS images us-
ing an FCN architecture and contour extraction, all
within a mere 0.15 seconds per frame. Juhwan Lee et
al. [2] utilized a deep belief network to classify dense
calcium tissues in grayscale intravascular ultrasound
images. In another study, Lucas Lo et al. [3] put
forth a decoupled method for automatic IVUS blood
vessel segmentation using Support Vector Machines
(SVMs) and Random Forest (RF) for pixel classifi-
cation and morphological feature recognition. Janya
Onpans et al. [4] proposed an approach to segment
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the components of intravascular ultrasound (IVUS)
images using ensemble Gabor-spatial features and a
support vector machine (SVM) classification model.
The proposed approach achieved promising results re-
garding the Jaccard Index, Hausdorff Distance, and
Percentage Area Difference for segmenting the com-
ponents of IVUS images. The classification model
also demonstrated high accuracy, precision, and recall
in identifying the components of IVUS images. How-
ever, the results from segmentation require further
edge refinement methods to enhance the performance
of the mentioned evaluation metrics. It is important
to note that the proposed method only segments the
IVUS’s components consisting of lumen, media, and
adventitia. Other components, such as plaque, are
not segmented. Simone Balocco et al. [5] introduced
a standardized evaluation methodology and reference
database for evaluating IVUS image segmentation al-
gorithms. The study assessed eight algorithms using
this framework. Among them, four were fully auto-
matic, and the other four were semi-automatic, re-
quiring manual initialization by an expert. The eval-
uation results showed that several methods for lu-
men segmentation were as accurate as inter-observer
variability. However, media segmentation posed more
challenges. Lumen segmentation errors were mainly
influenced by the presence of catheter shadow, stent,
and similarity with soft plaque texture. For me-
dia segmentation, calcium and catheter shadow were
major obstacles. The study identified limitations of
the evaluated methods: semi-automatic algorithms
showed potential for better performance but required
manual interaction, while 3D algorithms exhibited
greater robustness but might need more processing
memory. A supervised approach based on classifica-
tion required less tuning and facilitated generalization
to different datasets, yet creating a training set could
be time-consuming. Xinze Li et al. [6] suggested em-
ploying a multi-stage deep classifier cascade to clas-
sify coronary plaque from grayscale IVUS images.
Their framework comprises one segmentation module
and four classification modules, which are trained and
evaluated successively. The pre-segmentation module
aims to delineate potential plaque territories, and a
multi-level classification strategy has been designed
based on plaque histological composition and mor-
phology. The effectiveness of these multi-stage classi-
fiers is evaluated using IVUS images labeled by clin-
ical cardiologists.

Based on the literature reviews, researchers have
utilized a variety of techniques to address the chal-
lenges associated with low visual contrast in Intravas-
cular Ultrasound (IVUS) images. Among these ap-
proaches, deep learning has gained significant popu-
larity due to its ability to achieve high performance
and accuracy by automatically extracting important
features and producing accurate results [9][10][11].
However, it may involve higher complexity compared

to traditional machine learning methods, where re-
searchers are required to extract relevant features
prior to performing classification.

In this paper, the aim of this study is to introduce
a fundamental research approach that offers simplic-
ity and optimality for segmenting the constituents of
IVUS images, encompassing lumen, media, and ad-
ventitia, while simultaneously identifying attributes
relevant to plaque territory classification. We em-
ployed an integrated approach that involved tech-
niques ranging from contrast adjustment to the con-
centration of entropy and gradient magnitude via a
spiral random walk-based approach, in order to iden-
tify plaque territory in the target area. This method
automatically detects the location and size of the
plaque, with a lower problem-solving complexity than
deep learning methods. It differs from existing tech-
niques, which often use circular-like algorithms like
the Hough transform, Level-set methods, or k-means
algorithms to detect circular structures in the media.

2. PROBLEM ANALYSIS

The anatomical structure of an IVUS image is de-
picted in Figure 1. From the outside in, the structure
comprises four parts: the adventitia, media, intima,
and lumen. We observe that the adventitia is the
largest and thickest part of the input image, which
can serve as an image landmark. Moreover, while
the adventitia reflects the most light compared to the
other parts, its reflection remains low contrast in re-
lation to the media, intima, and lumen.

Due to this low contrast in IVUS images, which
results in unclear edges that may necessitate addi-
tional time or computing resources to resolve, we have
made significant strides in this paper to accurately
calculate plaque territory. We propose that enhanc-
ing the brightness of the adventitia can aid in detect-
ing the other components of the IVUS image. Af-
ter this enhancement, the adventitia part is not only
brighter but also contains some blobs in the intima
part. Therefore, a blob analysis technique must be
deployed to detect and remove these blobs. As a re-
sult, the real boundary of the media will be detected,
which can be used to identify the region of interest
(ROI) when calculating the plaque territory.

In summary, the intriguing research problem ad-
dressed in this paper encompasses three components:

1. Applying the Gamma Correction technique to

enhance image quality. By utilizing different
gamma levels for adjustments in gamma up or
gamma down, we can focus on specific regions
of interest. For example, in cases where our
interest lies in the media, applying gamma up
adjustments enables us to effectively eliminate
the intervening region between the media and
lumen, as illustrated in Figure 2.C or Figure
2.D. It is worth noting that the threshold val-
ues in Figure 2 are determined based on the



422 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY Vol.17, No.3 September 2023

Adventitia

Adventitia

Fig.1: Anatomy of IVUS image.

| Connected Region

0

Original Image

Gamma correction enhancement !

Fig.2: Formulation of the research problem.

histogram of brightness values from the IVUS
image.

2. Calculating the boundary of the media part
based on the brightness of the adventitia. This
step also requires a blob analysis technique to
detect and remove blobs.

3. Calculating the size and position of the plaque
in the image.

Firstly, image normalization is employed to adjust
the brightness levels and reduce the variation in light
intensity values within the image. This step aims
to ensure consistent illumination across different im-
ages, allowing for more reliable and accurate analy-
sis and processing. By normalizing the brightness,
the method mitigates the potential impact of uneven
lighting conditions that could distort or obscure im-
portant image features.

Secondly, image enhancement and blob analysis
techniques are utilized to further improve the visi-
bility of the media boundary. By applying appropri-
ate image enhancement algorithms, the method en-
hances the details of the media/adventitia boundary
regions, enabling more precise identification and anal-
ysis. Blob analysis helps in detecting and character-
izing distinct regions in the image, which contributes
to better contour results.

The method also involves media boundary estima-
tion, which is crucial for accurately identifying the

boundaries of the media layer. By estimating the
media boundaries, the method can precisely localize
the plaque within the arterial wall. This information
is then utilized in subsequent steps for more accurate
plaque detection and quantification.

Additionally, the spiral random walk technique is
employed to systematically explore the IVUS image
and estimate the contaminated area within the me-
dia layer. This approach allows for a comprehensive
analysis of the plaque distribution within the artery,
enabling clinicians to visualize the accumulation of
plaque in different quadrants of the media layer. This
information is vital for making rapid medical deci-
sions and developing effective treatment plans.

By incorporating these steps, the proposed method
addresses the challenges associated with low visual
contrast in IVUS images. It streamlines the analy-
sis process, reduces computational complexity, and
provides clinicians with a valuable tool for efficiently
assessing plaque accumulation. This improved effi-
ciency and accuracy support timely medical inter-
ventions and ultimately contribute to better patient
outcomes in the diagnosis and treatment of coronary
artery disease.

3. MATERIALS AND METHODS

A. Intravascular Ultrasound Image

Intravascular ultrasound (IVUS) is a medical
imaging technique used to visualize the inside of coro-
nary arteries. The cross-sectional images produced by
IVUS can be mathematically represented as a stack
of circular layers, with each layer representing a dif-
ferent depth within the artery. The thickness of each
layer is determined by the transducer frequency and
the speed of sound in the tissue.

Figure 1. shows the components of an IVUS image,
which include the lumen, intima, media, and adven-
titia. The lumen refers to the innermost layer of the
vessel, where blood flows. The intima is the layer
that lines the lumen and is composed of endothelial
cells and connective tissue. The media is the mid-
dle layer and consists of smooth muscle cells, elastic
fibers, and connective tissue. The adventitia is the
outermost layer and is composed of connective tis-
sue, nerves, and blood vessels. When plaque devel-
ops in the vessel wall, the structure and composition
of the vessel wall can change, resulting in thickening
or hardening of the intima or media layer. This can
narrow the lumen and reduce blood flow, potentially
leading to a heart attack or stroke.

In healthy arteries, the layers of the IVUS image
show a uniform thickness and a smooth luminal bor-
der. However, in the case of atherosclerosis, plaque
accumulation can cause the layers to become uneven
and the lumen to become irregularly shaped. This
can result in reduced blood flow and an increased risk
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Fig.3: Components of IVUS Images and the Effects
of Plaque.

B. Concentration of Entropy

Entropy provides a measure of the amount of in-
formation or uncertainty present in an image. It is
calculated using the histogram of an image, which
represents the distribution of pixel intensities. The
entropy equation is given as

H == (p:logs(p)) (1)

Where H represents the entropy value, p; is the
probability of occurrence of each intensity value i,
and the summation is performed over all possible in-
tensity values. A high entropy value indicates that
the pixel intensities are evenly distributed across the
image, resulting in a more complex and information-
rich image. Conversely, a low entropy value suggests
that the pixel intensities are concentrated in a few
regions, resulting in a simpler and less informative
image.

C. Gradient Magnitude

Gradient magnitude (GM) is a measure of the
strength or intensity of the gradient of an image. In
image processing, the gradient refers to the change in
intensity or color values between adjacent pixels in an
image. The gradient magnitude is computed by tak-
ing the magnitude of the gradient vector, which is a
two-dimensional vector that represents the direction

and magnitude of the change in intensity between two
adjacent pixels.
Mathematically, it can be represented as:

GM = /(Gz)? + (Gy)? (2)

_ 0l(z,y) N Iz+1,y) —I(z—1,y)
G = or 2 (3)
Gyza‘[(xay)zI(xay+1)_I(xay_1) (4)

dy 2

Here, Gz and Gy represent the gradient values in
the = and y directions, respectively.

The gradient magnitude is a useful feature in im-
age processing tasks such as edge detection and image
segmentation. In edge detection, the gradient magni-
tude is used to identify regions in the image where the
intensity changes sharply, which corresponds to edges
or boundaries between different objects or regions. In
image segmentation, the gradient magnitude can be
used to identify regions with similar texture or color
by clustering pixels based on their gradient magni-
tudes.

D. Proposed Methods

Diagram of the proposed method for detecting
plaque territory in the IVUS Images presented in Fig-
ure 4. The Methodology section should take into
account the observed characteristics of Intravascular
Ultrasound (IVUS) images, as previously mentioned.
These images consist of four main components: the
lumen, intima, media, and adventitia, which vary in
size, texture, contrast, and brightness. IVUS im-
ages are typically low in brightness, and the lumen is
situated within the media. Additionally, the lumen
and media have low and high gradients, respectively.
Plaque is located within the media area and has a
non-geometric shape. The proposed framework for
identifying plaque territory is classified into five steps:
1) Image Normalization, 2) Image Enhancement &
Blob Analysis, 3) Media Boundary Estimation, 4)
Random Spiral Walk, and 5) Identifying Plaque lo-
cation & Estimating Plaque size, respectively.

D.1 Image Normalization

To reduce the variation in light intensity values
within the image used in the experiment, image nor-
malization is performed using the equation:

I(xz,y)—min(I
O(l‘, y) = (m(ax(yI))—min((I))) X (omax - Omin) + Omin (5)

where: O(z,y) is the normalized output pixel value
at position (z,y). I(z,y) is the original input pixel
value at the same position. min(7) is the minimum
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Fig.4: Flow diagram of our proposed framework.

pixel value in the original image. max([I) is the max-
imum pixel value in the original image. opni, is the
minimum value of the desired output range. ompax is
the maximum value of the desired output range.

By applying eq. (5) to each pixel in the image, the
intensity values are normalized to the desired range,
enabling better visualization or further processing of
the image. Then the normalized image is used to
identify the component using gamma correction ap-
proach.

D.2 Gamma Correction

The power gamma equation is a mathematical rep-
resentation of the gamma correction technique used
in image processing. It is defined as follows:

Loata) = (22E20) (©)

Imam

where:

I;n(z,y) is the input image pixel intensity at loca-
tion (x,y).

Iae is the maximum pixel intensity value in the
input image.

v is the gamma value specified for gamma correc-
tion.

Tout(2,y) is the output pixel intensity value after
gamma correction.

Gamma correction is a technique used to adjust
the brightness levels of an image by applying a non-
linear transformation to its pixel values. This tech-
nique uses a gamma value as an exponent to adjust
the brightness levels of the image.

In the eq. (6), the input pixel intensity value
I;n(x,y) is normalized by dividing it by the maxi-

mum pixel intensity value I,,q.. This ensures that
the pixel values are within the range of [0,1]. The
gamma value -y is then applied as an exponent to this
normalized pixel value, resulting in the output pixel
intensity value Iy (x,y).

Gamma Correction Curve
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—— Gamma=1.0
—— Gamma=2.0
—— Gamma=4.0

200 1
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=
&
]

,_.
15
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Input Intensity

Fig.5: Gamma Correction Curve.

Figure 5 demonstrates the relationship between in-
put and output intensity after gamma correction. In-
creasing the gamma value leads to a flatter curve, in-
dicating darker images, while decreasing the gamma
value creates a steeper curve, resulting in brighter
images. Gamma correction is beneficial for enhanc-
ing contrast and brightness in low-contrast IVUS im-
ages. It addresses the uneven brightness increase
across different areas, facilitating the delineation of
media boundaries.

To accurately identify the media-adventitia bound-
ary, we utilize gamma correction to enhance image
clarity. We set the gamma value to 4.0 based on ex-
tensive observations, which helps determine the max-
imum radius for detecting potential plaque territory
or Region of Interest (ROI).

Figure 6 presents the original IVUS image and the
enhanced version with a gamma value of 4.0. The
media boundary is clearly emphasized, enabling ac-
curate differentiation from the adventitia.

Fig.6: Comparison of Original and Enhanced IVUS
Images with Gamma correction at 4.0.

The output from gamma correction step still has some
blob inside Lumen and Media area. The noise and
blob processing are accounted in the following steps.
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D.3 Blob Analysis
e Noise reduction

The Walsh-Hadamard transform is applied as a
low-pass filter to reduce high-frequency noise. The
Hadamard unitary matrix of order n is an N x N
matrix, N = 2n, defined by the recursive formula:

H, = H{H, — 1 where

w14 o

Eq. (7) represents the Kronecker product. After
the transformation, the filtered image demonstrates
improved clarity, enabling a distinct differentiation
between the Adventitia and Media layers.

e Blob Analysis

While the application of Gamma correction in
Section D.2 contributes to reducing the intervening
region between the media and lumen, performing
blob analysis remains advantageous for achieving en-
hanced contour results. In this process, elimination
of the occurred blob (Figure 2.D) can be achieved
through the utilization of the region’s properties [12]
after Gamma correction enhancement. The scattered
blob to be removed can be determined by utilizing
the measurements of the major axis and minor axis.

In cases where small blobs, representing isolated
connected areas, are encountered and labeled, they
are removed before advancing to the subsequent anal-
ysis steps.

D.4 Media Boundary Estimation

In order to retrieve the media boundary, we first
identified the circular-like shape in the middle of the
image using contouring techniques, as shown in Fig-
ure 7. We then applied morphological operations,
specifically erosion and dilation, to refine and enhance
the boundary of the media. The erosion operation
helps to shrink the boundary, while the dilation op-
eration expands it.

After acquiring the contour boundary, we will be
sampling the points within the area using the Spiral
Walk approach.

D.5 Random Spiral Walk
e Center Estimation
To identify the maximum diameter and its mid-

point in an asymmetrical circular shape, we follow
these three steps:

(;MI Filtered Contours with Bounding Boxes (Red)

50 4

100

150 1

200 A

250 4

300 A

350 4

0 50 100 150 200 250 300 350

Fig.7: Contoured object (media,).

—step 1: Calculate the distances (dist;) and angles
(0) for each point relative to the centroid by using the
following formulas:

Let (x;,y;) represent the coordinates of each point i.
The centroid is calculated using eq. (8) and (9) as
the average of all point coordinates:

1
centroid, = Nsum(xl) (8)

1
centroid, = ﬁsum(yz) (9)

where N is the total number of points. Calculate the
distances (dist;) from each point to the centroid using

eq. (10).

dist; = \/(z; — centroid,)? + (y; — centroidy,)? (10)

Calculate the angles () for each point relative to the
centroid using eq. (11):

0; = arctan®(y; — centroid,, ; — centroid,) (11)

—step 2: step2: Identify the combination with the
longest total length. For each point %, calculate the
sum of the distances between the point at angle 6; and
the centroid, and also the point at angle (—180 + 6;)
and the centroid using eq. (12):

total_length; = dist; + dist; (12)

where j is the index corresponding to (-180+6;).

—step 3: Identify the combination (i,5) using eq.
(13), and (14) with the longest total_length;

midpoint, = MT% (13)
madpoint, = vitys (14)

2
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where (z;,y;) and (z;,y;) are the coordinates of the
two points that form the maximum diameter.

Fig.8: The result of center estimation.

Figure 8 provides a visual representation of the mid-
point. The midpoint is of crucial importance as it
serves as the central point to initiate the subsequent
spiral walk. This deliberate choice ensures that the
spiral trajectory covers the entire area of the media
comprehensively. By utilizing the midpoint as the
starting position, the media can be thoroughly ex-
plored, enabling a comprehensive examination of the
underlying content.

e Random Spiral Walk

Fig.9: Random Indices on Random Spiral Walk.

To identify plaque territory, we propose a random
spiral walker algorithm that generates a spiral trajec-
tory within a defined region. The algorithm is initial-
ized with a seed point (z,yo) and iteratively extends
the trajectory as shown in figure 9, using the eq. (15),
and (16). Polar to Cartesian conversion:

x =1 *cos(f) (15)
y = r xsin(f) (16)

Update of polar coordinates:
r=7r+ Stepsize (]-7)

0=0+ anglez’ncrement

The algorithm continues this process until a ter-
mination condition is met, typically based on the dis-
tance from the starting point exceeding a predefined
threshold.

In our study, we enhance the analysis by intro-
ducing a Markov chain-based approach for generat-
ing random indices. This approach can be framed
within the context of a Probabilistic Model, where
we consider the transition matrix, P, as the proba-
bility distribution function.

The transition matrix, denoted as P(i,j), repre-
sents the probability of transitioning from point i to
point j in the trajectory. This can be expressed math-
ematically as

P(i,j) = P(X = j|X =) (19)

where P(X = j|X = i) denotes the probability of
transitioning from point ¢ to point j.

To construct the transition matrix P, we consider
specific criteria and considerations relevant to our ap-
plication. Factors such as the relative positions of
points, the local structure of the object, and the de-
sired characteristics of the random walk are taken
into account when assigning probabilities to the tran-
sitions between points.

During the random walk, at each step, the walker
selects the next point based on the probabilities de-
fined by the transition matrix P. This can be repre-
sented mathematically as:

X(t+1)=4j, wherej ~ P(X =jlX =14) (20)
where X (t+1) represents the state or point at time ¢+
1, and j is sampled from the probability distribution
defined by the transition matrix P.

By utilizing this Markov chain-based approach
within the framework of a Probabilistic Model, we can
select random indices that provide additional insights
into the object’s characteristics, such as the gradient
magnitude and entropy. These random indices serve
as samples from the underlying probability distribu-
tion defined by the transition matrix, enabling us to
explore different points within the region of interest
(ROI) and gain a deeper understanding of the under-
lying object.

Fig.10: ROI quadrant separation.
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Figure 10 demonstrates that ROI is divided into
four quadrants, labeled Q1, Q2, Q3, and Q4 accord-
ingly. Each quadrant provides a coarse estimate of
the plaque’s size.

90°
Py
0
62 /7 =
180° . \ 0°
/I 91
Il
A Pz.
270°
Fig.11:  Demonstration of random point in each
quadrant.

Figure 11 shows the demonstration of the random
point P1 has an angle (61) between 0 and 90 degrees;
it is in the Q1. More than 90 but fewer than 180 are
contained in Q2. More than 180 but less than 270, it
falls into the third quarter. It is greater than 270 in
Q4.

The square area surrounding each random point
(A1, A2,..., An) is then used to determine the area
within ROIL.

Fig.12: Area of 8x8 around the random point.

Through our observation, we have noticed that re-
gions corresponding to the lumen tend to exhibit sig-
nificantly lower gradient values compared to areas oc-
cupied by plaque, as illustrated in Figure 12. Lever-
aging this characteristic, we can employ a Markov
chain-based approach using random indices to esti-
mate potential plaque regions within the defined ROI.
By selecting indices associated with gradient magni-
tudes higher than 2.0 times the standard deviation or
approximately 5% of the values, we can identify re-
gions that are more likely to represent plaque areas.
Figure 13. illustrates the density graph of the gra-
dient magnitude within the ROI. This methodology
enhances the accuracy and effectiveness of our analy-
sis in identifying and characterizing plaque territories
within the ROL.

Density Graph of Gradient Magnitudes within the Circular Region

EE Density
2%SD Range
—— Normal Distribution

0.014

0.012

0.010

0.008

Density

0.006

0.004

0.002

0.000
0 200 400 600 800 1000 1200
Gradient Magnitude

Fig.13: Density of gradient magnitude in the ran-
dom area.

In addition, based on the observation, the lu-
men region tends to be more stable. Therefore,
the entropy value is used to determine the loca-
tion of plaques in each quadrant. In Figure 14,
the entropy is calculated using the rectangle’s area
(A1, A2,..., An). Areas with a lower entropy are de-
picted by smaller circles. The area represented by the
larger circle has a greater entropy.

B,

Lower Entropy

Higher Entropy

Fig.14: Bubble plot of concentration of entropy in
each area.

Then, the regions with the lowest entropy are elim-
inated, as shown in Figure 15. To determine the
plaque area, every intended region with a higher en-
tropy value is maintained.

After filtering

Before filtering

Fig.15: The result of entropy filtering process.

The calculated entropy is then summed in each quad-
rant of ROI. The area with the highest sum of entropy
value is the target for plaque occurrence.
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Figure 16 depicts the consequence of adding the val-
ues of entropy in each quadrant. In this instance, the
quadrant with the greatest entropy value is quadrant
4 (Q4). It means that clinicians can concentrate on
the Q4 region. In contrast, the Q2 region has the
lowest entropy. Then, we can disregard the area to
reduce computational effort in subsequent considera-
tions. The plaque territory identification can be de-
scribed in the following algorithm.

Algorithm:
Input:
Begin
Foreach processor Pi(S) , j<4
For i « 0 to number of sets ng
Compute area A; around the point §;
Compute entropy E; and gradient G; of area A4;
If E; and G; reach threshold, T then
Determine the plaque area K;
End If
End for

Plaque territory identification
Set of random points §

Nou s WwN e

Output: Set of plaque area from each processor Kp,Kp, K, Kp,

The result from the proposed approach will be dis-
cussed in the next section.

4. EXPERIMENTAL RESULT AND DIS-
CUSSION

A. Dataset

To substantiate the proposed methodology, we em-
ploy a set of 203 Intravascular Ultrasound (IVUS)
dataset that is openly accessible to the wider pop-
ulation [5]. This specific investigation solely exam-
ined dataset B. The resolution of the system is 384
x 384 pixels, while the ultrasonic frequencies utilized
range up to 20 MHz. For the purpose of this study,
we exclusively utilize the training data acquired from
dataset B. This study employs a framework, as shown
in Figure 4 to accurately ascertain the area of plaques
in the given images.

The dataset is at full pullback 3D context multi-
frame datasets. The end-diastolic cardiac pullback
yields 20-50 gated frames. Each frame has four DI-
COM pictures.

The pullback volumetric analysis dataset has
enough frames. The cardiac contraction swings IVUS

Table 1: Window size selection using its accuracy.
Window Size Accuracy Precision Recall
3%3 px 0.58 0.57 0.57
4x4 px 0.65 0.67 0.66
6X6 px 0.79 0.71 0.74
8x8 px 0.8 0.81 0.81
10x10 px 0.81 0.8 0.83
12x12 px 0.85 0.85 0.83
14x14 px 0.82 0.85 0.85

pullbacks. The catheter oscillates transversely (axi-
ally, back and forth the vessel) due to this artefact,
resulting in numerous vascular position samples. Ex-
tracting pullback frames from a specific cardiac phase
(using ECG or image-based gating) yields a coher-
ent spatial scan of the vessel’s shape in 3D. Any
other pullback frame corresponds to a different car-
diac phase, therefore the artery diameter may have
expanded and the IVUS frame’s position along the
vascular morphology is unclear. The swinging causes
the IVUS frame that spatially proceeds to be the pre-
vious gated frame. Given this, a volumetric pullback
evaluation should only use gated frames (manually
labelled frames).

The previous and succeeding gated frames, not the
neighboring frames, offer spatial context for segmen-
tation. However, certain algorithms may need frames
that are temporally nearby in the pullback acquisition
to use the blood scatterer de-correlation for lumen
segmentation. For this reason, five chronologically
neighboring frames (two before and two after) have
been included. More than two frames ahead (and
backward) in time may not align consecutive IVUS
frames. IVUS pullbacks include rotating artefacts,
and the vessel may start pulsing, changing its di-
ameter. These two occurrences prevented algorithms
from exploiting frame correlation.

B. Performance Evaluation Metrics

To assess the performance of the proposed plaque
localization method, several evaluation metrics are
computed, including accuracy, precision, recall, and
Fl-score. These metrics provide quantitative mea-
sures of the method’s ability to detect and localize
plaque regions in IVUS images accurately.

The utilization of the confusion matrix is prevalent
in the assessment of performance for diverse machine
learning endeavors, encompassing picture segmenta-
tion. The nature of the image segmentation problem
makes it particularly relevant for evaluation purposes.

The confusion matrix is an adaptable evaluation
tool that offers useful insights into the performance
of picture segmentation models. The utilization of
this approach facilitates a thorough examination of
the model’s merits and drawbacks, hence assisting in
the identification of areas for development to optimise
the segmentation task’s overall efficacy.

In the evaluation of entropy concentration, the 8x8
pixel region surrounding the random point is chosen,
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Table 2: Performance of the proposed method using
confusion matrix.

Accuracy Precision Recall F1-
Score

Entropy Method 0.71 0.81 069 091
Gradient
Magnitude Method 0.78 0.72 0.62 0.69
Proposed Method
(Entropy+
Gradient 0.89 0.81 0.77 0.83
Magnitude)

as illustrated in Figure 17. The precision comparison
for each size is presented in Table 1. Additionally, the
performance of the proposed method using a confu-
sion matrix is displayed in Table 2.

Window size vs Performance

A Accuracy * Precision Recall

075 . =

050

Selected Window size

33 px axd px 66 px BxBpx  10xi10px  12x12px  1axidpx

Fig.17: area size selection graph.

Moreover, U-net architecture is employed to com-
pare the features with 10-fold validation. For classify-
ing IVUS images, the U-Net architecture works as fol-
lows: The contracting path uses convolutional layers
with down-sampling operations (e.g., max-pooling) to
capture relevant features at multiple scales. This en-
ables the model to grasp both local and global context
information from the IVUS images, crucial for accu-
rate classification. Subsequently, the expanding path
employs convolutional layers with up-sampling oper-
ations (e.g., transposed convolutions) to generate a
segmentation mask highlighting regions of interest in
the IVUS image.

In summary, neither traditional image classifica-
tion methods nor deep learning methods are categor-
ically better than the other. Traditional methods can
be useful in specific contexts, especially when deal-
ing with smaller datasets, limited computational re-
sources, or when interpretability is critical. On the
other hand, deep learning excels in large-scale image
classification tasks, where automatic feature learning
and scalability are significant advantages. The choice
of method depends on the task requirements, data
availability, and computational resources.

C. Quantitative Results

The proposed method is evaluated on the test set
comprising a diverse range of IVUS images. The re-
sults in Table 2. demonstrate the effectiveness of
the method in accurately identifying and localizing
plaque regions. The quantitative results obtained are
as follows:

Accuracy: The accuracy metric measures the over-
all correctness of the method in correctly classify-
ing plaque and non-plaque regions. The proposed
method achieves an accuracy of 0.89, indicating
its high level of accuracy in distinguishing between
plaque and non-plaque areas.

Precision: Precision quantifies the proportion of
correctly detected plaque regions among all the re-
gions classified as plaques. The proposed method
achieves a precision score of 0.81, indicating that the
majority of regions identified as plaques are indeed
true positive detections.

Recall: Recall, also known as sensitivity, measures
the ability of the method to identify all the true pos-
itive plaque regions. The proposed method achieves
a recall of 0.77, indicating its effectiveness in captur-
ing a substantial portion of the true positive plaques
present in the images.

Fl-score: The Fl-score is the harmonic mean
of precision and recall, providing an overall mea-
sure of the method’s performance. The proposed
method achieves an Fl-score of 0.83, indicating a
well-balanced trade-off between precision and recall.

D. Qualitative Results

In addition to the quantitative evaluation, a qual-
itative assessment of the proposed method is per-
formed by visually inspecting the localized plaque re-
gions in the IVUS images. A set of representative
images from the test set are selected, and the plaques
identified by the proposed method are overlaid on the
original images.

The qualitative analysis demonstrates the method’s
ability to accurately delineate the boundaries of
plaque regions, providing a clear visualization of
the areas affected by atherosclerosis. The localized
plaques align well with the annotations made by ex-
pert cardiologists, confirming the method’s accuracy
in identifying and localizing plaque regions within the
arterial walls.

Performance Evaluation

B Entropy Method [l Gradient
Proposed Method (Entropy + Gradient Magnitude)

Accuracy
Precision
Recall

F1-Score
0.00 0.25 0.50 0.75 1.00
Fig.18: Performance Evaluation Result.
The comparative analysis reveals in Figure 18 that

the proposed method outperforms the existing meth-
ods in terms of accuracy, precision, recall, and F1-
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score. The proposed method consistently achieves
higher scores across all evaluation metrics, indicat-
ing its superiority in accurately detecting and lo-
calizing plaque regions in IVUS images. Moreover,
the proposed method demonstrates robustness and
generalization capabilities across various IVUS image
datasets.

E. Computational Efficiency

The computational efficiency of the proposed
method is also evaluated to assess its feasibility for
real-time clinical applications. The experiments are
conducted on a standard workstation with an Apple
M1 processor and 8GB of RAM.

The proposed method demonstrates efficient per-
formance, with an average processing time of 0.2 sec-
onds per IVUS image. The real-time processing ca-
pabilities make it suitable for integration into clinical
workflows, facilitating quick and reliable plaque lo-
calization during diagnosis and treatment planning.

F. Comparison with Existing Methods

To further validate the effectiveness of the pro-
posed method, a comparative analysis is conducted
with existing plaque localization methods reported
in the literature. Several state-of-the-art techniques,
including method Faraji et. al., J. Onpans et. al.,
L. Verico et. al., and Ecarchos et. al., are selected
for comparison. The performance comparison results
can be presented in Table 3.

Table 3: Performance comparison of the proposed
approach and other recent methods.

Media Lumen
Method HD JM HD JM
Faraji et al.[6] 0.67 0.77 0.30 0.87
J. Onpans et al.[4] - - 0.10 0.82
L. Verico et al.[8] 0.57 0.83 0.32 0.88
Exarchos et al.[5]) 0.60 0.79 0.42 0.81
Proposed 0.51 0.88 0.31 0.89

In Table 3, we have the average performance scores
for estimating the media and lumen regions using
two evaluation metrics: Hausdorff (HD) and Jaccard
(JM). The comparative results show that, for the Lu-
men, [4] achieves the lowest HD scores, outperform-
ing our proposed method. However, when it comes
to JM, our proposed method demonstrates greater
reliability compared to alternative methods, whether
we're estimating the media and lumen or not. More-
over, when estimating the media region, our proposed
method performs exceptionally well, whether it’s in
terms of HD or JM.

5. DISCUSSION

From the experimental results, it is evident that
our proposed method performs well compared to
other benchmarks, as shown in Table 3. Additionally,
our method can efficiently scan and detect plaque re-
gions quantitatively, allowing us to separate them ac-
cording to quadrants.

However, our proposed method does have limita-
tions. Firstly, a constraint of this research emerges
in scenarios where the light intensity disparity be-
tween the adventitia and the media is identical. This
circumstance can lead to an inability to precisely seg-
ment the media from the adventitia, potentially caus-
ing errors in subsequent workflow stages. Moreover,
the precision of center estimation might be influenced
by the presence of artifacts along the boundary of the
media section, such as shadows, blurriness, and simi-
lar issues. Additionally, the enhancement technique,
which involves gamma value adjustments based on
observations, experimentation, and trial and error,
might have alternative avenues for improvement. An
adaptive approach, for instance, could potentially
yield more substantial enhancements in experimen-
tal outcomes.

6. CONCLUSIONS

This paper presents a simple and optimal approach
to classify plaque territories in IVUS images. Unlike
existing techniques that rely on circular algorithms,
our method focuses on enhancing the brightness of
the adventitia, which is the largest part of the im-
age. This enhancement aids in detecting other com-
ponents. We address the challenge of low contrast in
IVUS images, which often results in unclear edges,
by proposing the use of Gamma Correction and blob
analysis techniques. By accurately calculating the
boundary of the media and identifying the region of
interest (ROI), we can determine the size and posi-
tion of the plaque territory. Overall, this paper tack-
les the research problem by incorporating image en-
hancement, boundary calculation, and plaque mea-
surement. In future work, beyond using Gradient
Magnitude and Entropy as features, there may be
other characteristics that prove more effective in re-
vealing concealed information, thus further address-
ing our challenge.
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