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Abstract: Atherosclerosis is known as the leading cause of heart attacks and brain strokes. One of the symptoms of
this disease is the reduction of artery wall motion caused by age. This study presents a novel method to extract high
frequency components of wall motion, wall vibrations, based on discrete wavelet transform. The fractal dimension, largest
Lyapunov exponent, and spectral entropy are then analyzed to indicate the chaotic behavior in wall vibrations. Phase
information from demodulated radiofrequency signals is extracted and the entropy of phase-difference is computed as a
statistical measure for better characterization of the artery wall tissue. The results show that these features correlate
with age (P < 0.001) and also increase with age. The phase-difference entropy also shows significant correlation with
age (r = 0.34, P < 0.001). The measurement results indicate that while age increases, vibrations of the artery wall
are irregular and represent chaotic behavior. Our results raise hopes that the proposed approach may be effective in
diagnosing atherosclerosis.
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1. Introduction
Physical stiffening of the carotid artery is the most important stroke and death risk factor in industrialized
countries [1]. The stiffness of plaques can be estimated by stiffness meter to clarify the correlation between
plaque stiffness and preoperative carotid ultrasonographic findings, and to predict the stiffness of plaques
before surgery [2]. Diagnosis of this disease in the early stages can be very helpful [3]. Previous studies using
radiofrequency (RF) signal analysis have indicated that there is a relationship between changes of the carotid
artery wall and coronary artery diseases [4]. Arterial stiffness may be accompanied by changes in the elasticity of
the artery wall. There are different imaging methods for diagnosing atherosclerosis like computed tomography
(CT), magnetic resonance imaging (MRI), and ultrasonic imaging [5–7]. Larsson et al. [8] used ultrasound
speckle tracking for carotid strain assessment in arterial stiffness and cardiovascular diseases. They evaluated
the contrast carotid strain assessment by speckle tracking applied on clinical and high-frequency ultrasound
images in vitro. A significantly larger bias and root mean square error were found for circumferential strain
estimation for clinical ultrasound images compared to high frequency ultrasound images, but no significant
difference was found for radial and longitudinal strain. Optical flow methods have also been used to quantify
∗Correspondence: behnam@iust.ac.ir
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plaque motion and shear strain during the cardiac cycle [9]. A noninvasive method that examines the mechanical
properties of soft tissue, called acoustic radiation force impulse (ARFI) imaging, has been developed as a new
modality for atherosclerotic plaque characterization using phantoms and atherosclerotic pigs, but the technique
has yet to be validated in vivo in humans [10]. Huang et al. [11] studied the textural information of strain
rate images in ultrasound carotid elastography and evaluated the feasibility of using the textural features in
discriminating stable and vulnerable plaques with magnetic resonance imaging. They indicated that the use
of texture analysis in plaque classification is feasible and that larger local deformations and higher levels of
complexity in deformation patterns are more likely to occur in vulnerable plaques.

Although the accuracy of these methods in detecting parameters like artery diameter is high, there are
many problems in using these methods, such as physical and neural problems of the patient while imaging.
Also, artery stiffness does not change the diameter of the lumen in initial stages. Therefore, we should look
for methods to diagnose this disease in its initial stages. In different articles, various noninvasive methods have
been investigated to estimate the elasticity of the artery wall or determine wall thickness during one heart beat
by tracking different points on the wall. Some of these methods, including pulse wave velocity (PWV), have
low resolution because of the considerable distance of the measurement point from the heart [12].

The changes in blood pressure and flow move the artery wall in a radial orientation during a cardiac
cycle. Atherosclerosis may affect the motion of the artery wall and reduce the ability of the artery to expand
and contract in response to blood pressure changes [13–15]. The radial motion of the carotid wall using image-
based methods, which are applied to B-mode ultrasound image sequences, is estimated quantitatively. Different
procedures have employed a phased tracking method for ultrasound RF signals to track the wall motion in real
time [16]. The phased tracking method was first proposed to evaluate elasticity of the artery wall [17]. In this
method, minimal changes in wall shape can be detected based on the velocity estimation accuracy. The wall
motion velocity in radial orientation is estimated based on the phase shift of echoes, which is related to changes
in the delay of ultrasound beams between the ultrasound probe and the artery wall. In the methods proposed
by Kanai et al. [18], Hasegawa et al. [19], and Koiwa et al.[20], a set of two points is determined along an
ultrasound beam and the change in the thickness of the layer between these two points is estimated.

Among the mentioned methods, it can be seen that none of them are able to extract wall vibrations;
moreover, they can only be applied when atherosclerosis has occurred. Also, most of the above methods are
based on B-mode ultrasound images obtained by demodulating RF echo signals, which in turn are calculated
using the RF signals envelope. Therefore, there are several machine-dependent processing steps that should
be applied to the RF signals to calculate corresponding B-mode images. These processing steps may cause
information loss from the signal. In recent years, many studies have been conducted in the field of ultrasound
tissue characterization using unprocessed RF signals, which are rich in information [21–27]. However, the major
problem in processing RF data is the interaction between tissue and acoustic waves, which might be difficult
to understand. Most studies are performed based on statistical characteristics of RF signals’ amplitude and
envelope images. In addition, limited analysis is performed on the statistical properties of the ultrasound
images’ phase and this could be due to the stochastic nature of the phase information. Vascular aging, as an
independent risk factor for cardiovascular diseases like atherosclerosis, is also accelerated by other coexisting
cardiovascular risk factors such as hypertension and diabetes [28].

In this work, in order to study changes in the internal wall radial motion of the carotid artery of the
people in a dataset, a novel approach based on entropy of phase-difference from RF signals is presented. In
addition, the vibrations of the posterior carotid artery wall based on radial motion are extracted using discrete
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wavelet transform. Due to the nonlinear dynamical nature of biologic systems and the fact that cardiovascular
systems are more complicated than a linear system and represent nonstatic behavior, nonlinear features can
represent chaotic dynamic characteristics of artery wall vibrations, which can be the result of aging. Hence,
we used features such as fractal dimension, spectral entropy, and largest Lyapunov exponent to compare the
nonlinear dynamics of vibrations with the subjects’ age changes.

2. Materials and methods
The block diagram of the proposed technique is shown in Figure 1. In this study, we attempted to extract
carotid wall vibration signals with small amplitudes. These vibrations are superposed on the motion with large
amplitudes. To extract the carotid wall vibrations, we used the wall motion tracking method. Then vibrations
were obtained by removing the wall motion using the discrete wavelet transform method.

Figure 1. Block diagram of the proposed method.

2.1. Experimental data
In this study we used RF data of the right carotid arteries of 31 healthy volunteers. We asked participants to
rest for 10 min so that their heart beat and blood pressure became stable. The position of the subjects and
probe settings were such that it was assured that wall motion was due to blood flow. Efforts were made to
minimize the motions of the patient, and subjects were asked to hold their breath and avoid swallowing.

In this work, a MyLab 60 (ESAOTE, Italy) ultrasound system equipped with an LA532 linear array
probe (3–13 MHz) with frame rate of 60 frame/s was used. Each data record includes 355 frames containing
6–8 cardiac cycles. Thus, the right carotid artery is scanned longitudinally and the obtained RF signals are
converted into matrix form using MATLAB. Dimensions of the matrices are 2526×129×355. The number of
sample points in the depth is 2526 and the number of RF echo lines is 129; 355 frames in 6 s are recorded for
each individual.

2.2. Extracting motion of carotid artery wall
A phase tracking method based on RF signals is used, which is based on the phase change of the Hilbert
transform of the received RF echo from two corresponding layers in subsequent frames. As can be seen in
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Figure 2, RF pulses at a central frequency of f0 and time interval of T are generated by the ultrasound probe
and transmitted to the tissue, and then the returned echo is recorded by the same probe. The propagation
delay, τ1(n) , between the probe and a reflector at the nth transmission (frame) depends on sound wave velocity,
c0 , and the distance, d1(n) , between the probe and the reflector according to Eq. (1) [29]:

Figure 2. Estimation of radial displacement in the arterial wall.

τ1(n) =
2d1(n)

c0
(n = 1, 2, , N ;N : numberofframes). (1)

Phase θ1(n) of the received echo is described by θ1(n) = 2πτ1(n)f0 at central frequency f0 . Therefore,
distances d1(n) and d1(n+1) between the ultrasound probe and the reflector in the nth and (n+1)th frames
is given in Eqs. (2) and (3), respectively:

d1(n) =
c0τ1(n)

2
=

c0
4πf0

θ1(n), (2)

d1(n+ 1) =
c0τ1(n+ 1)

2
=

c0
4πf0

θ1(n+ 1). (3)

The average velocity of the reflector during a frame interval, T, is given in Eq. (4):

v1 =
d1(n+ 1)− d1(n)

T
=

c0(τ1(n+ 1)− τ1(n))

2T
=

c0
4πf0T

∆θ1(n). (4)

In order to obtain θ1(n) of an RF echo, the Hilbert transform is applied to sampled RF echoes, which are
windowed, and complex sampled signal z(n;x) along the ultrasound beam is obtained. Initial depth x1(1) ≈ d1(1)

is manually defined for the position of the reflector at the first frame. When x1(1) is inside the interval of the
echo returned from d1(1) , the phase, ∠z(n, x1(n)) , which belongs to complex signal z(n, x1(n)) in depth x1(n) ,
corresponds to θ1(n) :

θ1(n) = ∠(n, x1(n)). (5)
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We can calculate the time lag, δ̂ , that maximizes cross-correlation between signals in the nth and
(n+1)th frames. Then one of these signals is transferred with this amount of lag and the phase shift, ∆θ1(n) ,
for two corresponding windows with period ∆T can be determined as follows:

∆θ1(n) = θHIL(n+ 1)− θHIL(n), (6)

where θHIL(n+ 1) and θHIL(n) are the phases of the Hilbert transform of two corresponding layers in
two subsequent frames, which are unwrapped to reduce the difference caused by phase jumps from π to –π .
The average velocity is defined as in Eq. (7):

v̂(x, t+
∆T

2
) = c0

∆θ1(n)

2w0∆T
. (7)

By multiplying the obtained velocity in time period ∆T , the next position of x̂(t) is estimated as in Eq.
(8):

x̂(t) = x̂(t−∆T ) + v̂(x, t+
∆T

2
).∆T. (8)

2.3. Discrete wavelet transform (DWT)

Wavelet transform provides the ability to decompose a signal into its frequency components while the location
of these components on the time axis is also specified. This transform can be represented as follows [30]:

WϕX(a, b) =< x(t), ϕa,b(t) >, (9)

where < ., . > denotes the inner product and ϕ(a, b)(t) is the transferred and scale-adjusted version of
the parent wavelet function, ϕ(t) :

ϕa,b(t) = |a|− 1
2ϕ(

t− b

a
), (10)

where a and b are translation and scale parameters, respectively. The wavelet transform is the result
of correlation between the frequency content of the signal and wavelet function in different scales. In order to
calculate the wavelet transform, the intent window is expanded/contracted and shifted and its product with the
signal is integrated over time at each location. If parameters a and b become discrete, as shown in Eq. (11):

a = aj0, b = kb0a
j
0, (11)

where k and j are real numbers, then the wavelet function becomes discrete, as follows:

ϕj,k(t) = a
− j

2
0 ϕ(a−jt− kb0), (12)

where ϕj,k(t) is the base of the discrete wavelet transform. In discrete cases, filters with different cut-off
frequencies are used to analyze the signal in different scales. As the signal passes high-pass and low-pass filters,
its different frequencies are analyzed. In discrete cases, signal resolution is controlled by operations of the filters
and the scale is changed through upsampling or downsampling. Selecting the wavelet transform and the number
of decomposition levels using discrete wavelet transform is very important.
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2.4. Largest Lyapunov exponent (LLE)

The Lyapunov exponent is a measure of how nearby trajectories converge or diverge. A positive number indicates
that the behavior of a system is chaotic [31]. We assume that two points, x0 and x0 + ∆x0 , in space are a
function of time and each one generates a trajectory in space using a number of systemic equations. Then the
separation of the two trajectories, ∆x , would be a function of time as well. This separation is also a function
of the initial position, whose shape is ∆x(x0, t) . For a chaotic dataset, function ∆x(x0, t) operates irregularly.
The average exponential tone of divergence of two trajectories that are adjacent at the beginning is determined
using the following equation:

λ = lim
t→∞

1

t

|∆x(x0, t)|
|∆x0|

. (13)

2.5. Spectral entropy (SpEn)

Spectral entropy describes the complexity of a time series spectrum quantitatively. Employing Shannon channel
entropy gives an estimation of spectral entropy, where entropy is defined as follows:

E = −
∑
f

Pf log(
1

Pf
), (14)

where Pf is the probability density function at frequency f. Entropy is a measure of uncertainty at
frequency f. Therefore, entropy can be used as a measure of system complexity [31].

2.6. Fractal dimension (FD)

The fractal dimension quantifies the degree of complexity of a system. It can also show irregular changes in a
system. Fractal dimension is usually calculated using the Katz algorithm, which is the most effective method
due to its simplicity and robustness. This feature is calculated as follows:

FD =
log(N − 1)

log(N − 1) + log(d/L)
, (15)

where N is the total number of points in the processing interval, L is the length of the intent section
(Euclidean distance between subsequent points of data), and d is the diameter of the intent section (Euclidean
distance between first point and the furthest point in the intent section) [31]. The FD of each signal varies
between 1 and 2, where 1 shows complete regularity or minimum energy and 2 indicates maximum irregularity
or energy in the dynamic fluctuation components of the signal.

2.7. Statistical characteristics of RF echo phase

In this section, in order to study the statistical information of the RF signal phase, specific depth including
lumen–intima and media–adventitia boundaries on the posterior carotid artery wall on a line is determined
manually for each dataset of subsequent frames. Then the phase-difference of RF signals of the wall between
subsequent frames is calculated. To this end, one line in all frames (line 80) and 100 samples along the depth
are selected while the distance between each two samples along the depth is 0.3876 mm.
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Our experimental data include ultrasound images of an ROI region of the carotid artery wall where each
set of images including 355 frames is obtained from the same region of subsequent scans. In other words, the
dimension of the matrix is 100×355. First, we extract the phase by applying Hilbert transform, and then
phase-difference distribution is obtained by calculating entropy in a local neighborhood. In order to obtain the
phase-difference, first the new matrix including the phase of RF signals is obtained, and then the phase-difference
of signals in subsequent frames is calculated and the entropy of the phase-difference is obtained. Entropy can
be used as a measure of system complexity, which is calculated as follows:

E(∆ϕ) = −
N∑
i=1

p((∆ϕ)i)logp((∆ϕ)i). (16)

In this equation, E(∆ϕ) is entropy, ∆ϕ = [(∆ϕ1), , (∆ϕN )] is the difference of phases, N = n2 is
the number of phase-differences in an n × n local neighborhood (e.g., in the case of a 9-by-9 neighborhood
N = 81), and p(∆ϕi) is the probability density function (PDF) of phase-differences. The PDF function is
estimated empirically from the histogram of phase-differences in an n × n local neighborhood.

3. Results and discussion
The right carotid artery RF data of 31 healthy volunteers including 19 men and 12 women (with age distribution
of 37.54±14.89 years) without a history of cardiovascular diseases, blood pressure, or diabetes were recorded.
A sample of a recorded carotid artery wall is shown in Figure 3.

Figure 3. Sample of recorded carotid artery wall.

Given x̂(t) , and the velocity, v̂(x, t + ∆T
2 ) , according to Eqs. (7) and (8), the object’s position as well

as the motion velocity on large amplitude motion were determined simultaneously. The estimated wall motion
for a subject is shown in Figure 4.

3.1. Extracting the vibration of the carotid wall using DWT

We aim to use DWT to extract the vibrations in the range of about a few millimeters that are superimposed on
arterial wall motion. In this study, Daubechies wavelets transform (db10) is used as the mother wavelet. The
Daubechies wavelets are a family of orthogonal wavelets defining a discrete wavelet transform and characterized
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Figure 4. Extracted wall motion of a subject along with phase-tracking method.

by a maximal number of vanishing moments for some given support. With each wavelet type of this class, there
is a scaling function (called the father wavelet), which generates an orthogonal multiresolution analysis. The
db10 refers to the number of vanishing moments. The wall motion signal is decomposed in 6 steps; approximate
and partial coefficients are obtained. By obtaining wavelet transform coefficients, the signal is reconstructed in
approximate and partial subspaces Vj and Wj . The signal reconstructed in partial subspace W5 contains high
frequency components, i.e. wall vibrations, as shown in Figure 5.

Figure 5. The reconstructed signals in partial subspace Wj .

3.2. Statistical analysis

The association of carotid wall vibration features with age were assessed by Pearson’s correlation analysis.
Pearson’s correlation coefficient (r) is the covariance of two variables divided by the product of their standard
deviations. We have used SPSS 22 for statistical analysis. Statistical significance is inferred at P < 0.05.
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3.3. The effect of age on phase difference entropy of RF echo

Entropy images are reconstructed from RF signals of the carotid artery wall through time (frames). According
to Eq. (4), it can be inferred that the phase-difference of RF signals is directly proportional to wall motion
velocity. Therefore, by analyzing phase-differences for RF signals of the wall, changes in motion of the artery
wall can be investigated. Finally, entropy is used to illustrate the complexity and irregularity of artery wall
motion. Figure 6 shows entropy images for a young, a middle-aged, and an elderly participant.

Figure 6. Entropy images for (a) a young, (b) a middle-aged, and (c) an elderly subject.

The obtained results for the calculated phase-differences show that the value of entropy for elderly subjects
is sufficiently greater than those of younger ones. Applying our method, we noticed that the phase-difference
is randomly distributed and the entropy is high while age increases. The relationship between average values
of entropy image and age using Pearson correlation is shown in the Table (r = 0.34, P = 5.38 × 10−4 ). In
addition, linear regression analysis using the age parameter related to average values of the entropy image is
obtained. The average values of entropy are obtained as an independent parameter, which are affected by age.
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To evaluate the carotid wall’s changes with age, the subjects were investigated in two age groups (young
and elderly subjects, considering the age of 50 as a threshold), including 6 elderly and 25 young people. Average
values of entropy of phase-differences in 31 volunteers are shown as a box plot diagram in Figure 7a. Comparing
the results as shown in Figure 7a verifies that the average entropy of phase-difference in the younger group is
less than that in the elderly.

Figure 7. Result of the comparative measures between the two populations (young and elderly subjects, considering
the age of 50 as a threshold) for (a) entropy of phase-difference (b) FD, (c) SpEn, and (d) LLE features, respectively.

3.4. The effect of age on nonlinear features of vibration signal
The vibrations of the artery wall are irregular while age increases, which can show chaotic behavior. In this
section, the relationship between nonlinear features of vibrations and age is investigated to study the nonlinear
dynamics of vibrations in the young and old groups. The values of nonlinear features including FD, LLE, and
SpEn are shown as box plot diagrams in Figure 7b, Figure 7c, and Figure 7d.
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Figure 8. Correlation diagram of the values of (a) entropy of phase-difference, (b) FD, (c) SpEn, and (d) LLE features
and age, respectively.

Comparing the results as shown in Figure 7b, Figure 7c, and Figure 7d indicates that these values are
lower in the young group compared to the elderly group; this shows that while age increases, artery wall motion
and high frequency vibrations of the wall are irregular and represent chaotic behavior. The average entropy of
phase-difference is correlated with age and its value is higher in elderly subjects (> 50 years). In other words,
the average entropy of phase-difference is highly correlated with age (P < 0.001). This is shown in Figure 8a.

Average values of nonlinear features (FD: r = 0.73, P = 2 × 10−6 , SpEn: r = 0.56, P = 9.76 × 10−4 ,
and LLE: r = 0.60, P = 2.92 × 10−4 ) are correlated with age as shown in the Table. These values are higher
in elderly subjects (> 50 years). In other words, nonlinear features are highly correlated with age (P < 0.001).
This is shown in Figure 8b, Figure 8c, and Figure 8d.

Some measures such as artery diameter, wall thickness, or artery stiffness are used to evaluate elasticity
in heart cycles. Most of these measures require blood pressure and artery diameter in different phases of the
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Table 1. Association between the average values of the image entropy and chaotic features of the wall vibration and
subject age.

Features r-value P-value P < 0.05
Average of the entropy image 0.34 5.38× 10−4 < 0.001
FD 0.73 2× 10−6 < 0.00001
SpEn 0.56 9.76× 10−4 < 0.001
LLE 0.60 2.92× 10−4 < 0.001

heart cycle. One of the most important reasons for error in determining carotid stiffness is measuring blood
pressure in the brachial artery instead of the carotid artery. There are solutions such as synchronizing the
blood pressure waveform and wall displacement, but a more accurate method is required to evaluate carotid
wall stiffness.

In this study, we aimed to investigate a high frequency vibration signal that had been less studied in
the literature. To this end, to consider nonlinear behavior of the cardiovascular system, nonlinear features like
FD, LLE, and SpEn were extracted from vibration signals according to the age of the participants. The results
showed that while age increases, the values of these features increased and they were highly correlated with the
age parameter (P < 0.001). The high value of these features showed maximum entropy in the dynamic content
of wall vibration signals.

In another section, information on RF echo phases was studied. The RF signal phase was extracted first
and then the new phase-difference matrix of the RF signals throughout subsequent frames in a specific line was
calculated. Finally, in order to investigate the complexity and irregularity, the entropy of the phase-difference
was used. Results showed that average values of the entropy of phase-difference increase with age. To consider
the direct relationship of phase-difference with artery wall motion velocity, it can be inferred that while age and
wall stiffness increase, the motion of the wall is irregular and shows chaotic behavior.

The proposed method for measuring wall vibrations and phase information of RF echo can potentially be
used for the diagnosis of atherosclerosis at initial stages, and also for evaluating the development of atheroscle-
rosis in a shorter time than other methods. This method is also effective in preventing atherosclerosis. Using
this method, the effects of risk factors in atherosclerosis such as diabetes, smoking, hyperlipidemia, and being
inactive can be investigated.

4. Conclusion
The aim of this study was twofold. Primarily, we propose a noninvasive method to extract carotid artery wall
vibrations, which can be more useful in evaluating elasticity of artery walls and the diagnosis of atherosclerosis
in initial stages compared to existing methods. Second, we aimed to determine whether the changes of artery
wall vibrations are related to the wall stiffness, for which the effect of age on wall vibration was used. To this
end, the effects of age on nonlinear features of vibrations and entropy of the phase-difference of RF echo were
used and it was concluded that these features were highly correlated with age; while age increased, the values
of these features also increased.
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