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Abstract 

Research indicate that the ultrasonic monitoring of the artery stiffness aids in early 

detection of coronary artery disease.  One of the challenges in monitoring the stiffness of 

the artery in mass screening tests is the need for a clinical expert to identify the artery and 

to estimate the change in diameter in an ultrasound image. In this research, an algorithm to 

automatically detect artery wall region and estimate systolic and diastolic lumen diameter 

of the artery is proposed using ultrasound radio-frequency signals acquired with a single 

ultrasound transducer in M-mode.  Detection of the region containing the artery walls is 

obtained using a machine learning trained classifier.  Artery inner walls are identified in 

the detected region using correlation and peak detection and the lumen diameter is then 

estimated.  The proposed algorithm is first tested on phantom experiments using a clinical 

ultrasound imaging system with a linear array ultrasonic transducer (UT) probe and then 

tested on the M-mode signal acquired with human in-vivo subjects using a wearable 

ultrasound sensor (WUS) composed of a single flexible UT. The machine learning-based 

artery wall region classifier was able to detect the artery wall region in M-mode signals 

acquired from the clinical ultrasound acquisition system with an accuracy of 88.9%. The 

classifier achieved an accuracy of 88.3% in the case of data acquired from WUS. Further, 

the diameter estimated in the human in-vivo experiment with the proposed technique was 

within the range of the average diameter of the common carotid artery observed in humans. 

Thus, the study offers a method for automatic lumen diameter estimation of the artery in 

M-mode ultrasound signals. The proposed technique will be useful in developing an artery 

health monitoring system using ultrasound. 
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Chapter  1: Introduction 

 

In this chapter, the thesis overview is provided along with its objectives. Also, thesis 

contribution and organization are outlined.  

 

1.1 Overview  

Cardiovascular diseases are estimated to be responsible for 31% of deaths worldwide [1]. 

Coronary artery disease, a type of cardiovascular health disease, was the leading cause 

(43.2%) of deaths attributable to cardiovascular disease [2]–[4]. The coronary artery 

disease is complicated to treat at advanced stages but can be cured by just switching to a 

healthier lifestyle if identified at earlier stages. Further, detecting coronary artery disease 

at the earlier stages would bring down the direct and indirect spending to treat 

cardiovascular diseases which was 329.7 billion dollars worldwide, in the year 2013-14 

[2]. Several kinds of research indicate that the ultrasonic monitoring of the artery stiffness 

has proved beneficial in detecting coronary artery disease at an early stage. Various 

parameters that describe the condition of the artery wall such as its distensibility, stiffness, 

and compliance, have been strongly associated with cardiovascular diseases  [5]–[9]. 

Therefore, these parameters may be used as predictors for cardiovascular health risks. The 

artery compliance for the common carotid artery help in the early detection of coronary 

heart disease [10], a type of cardiovascular disease. The coronary artery disease is also 

called as a “sneaky disease”[11], owing to its difficulty to be identified at the early stages, 

but it could be cured just by modifying the lifestyle when it is nascent [12]. Mass screening 



 2 

people for such a disease by checking the above-mentioned arterial parameters at regular 

intervals helps in early intervention. Therefore, for the prevention and diagnosis of 

coronary heart disease at early stages, a cost-effective, and efficient technique is required 

for the mass screening of patients for the parameters indicating the stiffness of the artery. 

All the parameters mentioned above, indicating the artery stiffness can be estimated non-

invasively by measuring the change in the blood pressure, artery wall thickness, and/or 

artery diameter. There are many innovative and cost-efficient methods available to measure 

the change in pressure and diameter of the artery using ubiquitous devices. For instance, 

blood pressure can be monitored using the pulse transit time [13], [14], either with a 

pressure transducer in a smartphone [15], or optical imaging technology [16], [17]. 

Examples of the methods to detect the change in the diameter of the artery are brightness 

mode (B-mode) image of ultrasound artery diameter detection [18], [19], motion mode (M-

mode) ultrasound using a single ultrasound transducer (UT) [20]–[22], and digital thermal 

monitoring [23]. After assessing the different techniques presented to measure the change 

in the diameter of the artery, it is observed that the use of a single UT to measure the change 

in the diameter could be efficient and effective for mass screening purposes. The main 

advantages of using M-mode signal over B-mode signals to estimate the artery lumen 

diameter is that it can be obtained using a single UT. The advantages of using a single UT 

are: (i) The lower cost associated with the ultrasound transducer when compared to a B-

mode ultrasound transducer (array of single UT); (ii) lower power requirement when 

compared to the B-mode ultrasound imaging system.  These two advantages encourage the 

development of flexible Wearable ultrasound sensor (WUS) system [24], [25]. The two 

main challenges of using M-mode ultrasound signal from a single UT are the following: 
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(1) identifying the artery location for ultrasound signal acquisition without any B-mode 

image guidance, (2) manually identifying the wall echoes in the ultrasound radio-frequency 

(rf) signals, to detect and track the artery walls for measuring the change in the diameter. 

The motivation behind the research presented in this thesis is to develop an automatic artery 

detection, and diameter estimation technique using ultrasound radio-frequency (rf) signals 

obtained by cost-effective UTs in M-mode, but not brightness mode (B-mode) imaging 

[26]–[28].  

 

1.2 Problem statement  

Regular evaluation of the artery parameters such as stiffness, compliance, and 

distensibility, which are based on the measurement of the change in pressure and diameter, 

helps in the prevention and diagnosis of coronary heart disease [12]. A significant amount 

of financial and technical resources is needed to perform the mass-screening test for the 

above-mentioned arterial parameters regularly.  In recent years, new cost-effective and 

non-invasive techniques, as mentioned in Section 1.1, have been developed to measure the 

change in the blood pressure or artery diameter. The existing algorithms for diameter 

estimation using ultrasound rf signal with single UT as specified in [20]–[22] make prior 

assumptions regarding the diameter and thickness of the artery and require manual 

localization of approximate region in which the artery wall is located to be manually 

specified by the user. Prior information about the artery, whose diameter is to be measured, 

should be identified before the measurement process. This prior assumption regarding the 

diameter and thickness of the artery should be generic, and such take into account the 

factors such as age, ethnic background, height, weight, and gender, which influence the 
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diameter and thickness of the artery. Due to all these factors, it is challenging to develop a 

generalized for the measurement of diameter for different arteries of interest. As the 

approximate region of depth in which the artery wall is to be found should be manually 

specified, it slows down the process of screening each patient. Further, the operator 

specifying the region containing the artery wall should be trained to differentiate between 

the echoes of stationary tissue and moving artery walls.  

 

Also, there are several challenges in the current methods to measure the change in the artery 

diameter using a single UT. The pressue applied by the UT during the data acquisition 

causes deformation of the artery and introduces measurement errors. Movement of either 

the patient or the UT during data acquisition introduces motion artifacts.   Medical 

professional is needed to perform data acquisition. Since single UT (conventional single 

UT or WUS) uses a plane wave unlike the focused ultrasound in clinical ultrasound 

imaging system, there are more scattering noises in ultrasound M-mode data acquired. The 

higher scattering noises reduces the signal-to-noise ratio (SNR) of the artery wall boundary 

echoes.   

 

Currently, there is no wearable sensor system for continuously monitoring the change in 

the artery diameter. Thus, there is a need for a lightweight and flexible wearable film 

ultrasound sensor along with an automatic artery diameter detection technique. The 

automatic artery diameter detection technique could eliminate the need for an experienced 

operator to locate the region of artery walls manually. It could prove to be more beneficial 

in developing a self-contained (no operator required) system for artery diameter 
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measurement.  Unlike the conventional UT which are made of piezoelectric ceramic 

material, such as lead zirconate titanate (PZT), a wearable ultrasonic sensor (WUS) is made 

of piezoelectric polymer material, such as polyvinylidene difluoride (PVDF), and may 

improve the accuracy in the measurement of artery diameter by reducing the motion artifact 

and deformation of the artery. It is to be noted that unlike conventional UTs, WUS does 

not apply any external pressure on the artery. Also, it does not need an operator to hold the 

UT at a fixed position during the data acquisition. A WUS [24]–[26], [28] can be glued or 

taped on to the region of interest for ultrasound data acquisitions. Therefore, there is no 

relative motion between the sensor and the subject which reduces the motion artifact. 

 

Further, a WUS could be used for continuous and long-term monitoring of the artery 

parameters at home. Due to the advantages of the WUS over the conventional UTs, an 

automatic artery detection technique designed for a low-cost WUS system could be a 

promising candidate in making the mass screening test of people, for coronary artery 

disease. This research is aiming at developing and evaluating an automatic artery detection 

and diameter tracking algorithm for a WUS system.  

 

1.3  Objectives 

The primary goal of this thesis is to develop an automatic artery detection and lumen 

diameter tracking algorithm using M-mode rf ultrasound signals acquired with a single UT. 

The thesis research involves: a detailed literature review of the existing artery diameter 

measurement technique; development of a machine learning-based automatic artery region 

detection and correlation-based lumen diameter measurement technique; design and 
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construction of artery mimicking phantoms to acquire ultrasound data; test and evaluation 

of the developed algorithms in both phantom and in-vivo experiments using the PICUS 

clinical ultrasound imaging system.  Finally, the proposed algorithms are tested with in-

vivo ultrasound data obtained by the WUS system. 

 

1.4 Thesis Contributions 

The following are the main contributions presented in the thesis: 

• Phantom experimental environments are designed and constructed using a polymeric 

tube and a soft tissue-mimicking phantom that simulates the cardiac cycle of the artery 

to test and evaluate the proposed algorithms. 

• Machine learning-based artery region detection techniques are developed and 

implemented on M-mode ultrasound rf signals. A set of machine learning-based 

detection techniques such as Linear discriminant analysis (LDA), K-nearest neighbor 

(KNN), Random forest (RF), Extreme gradient boosting (XGB) and Convolution 

neural network (CNN) are compared using both manually and automatically extracted 

features. A performance evaluation of the developed techniques is carried out with the 

ultrasonic data obtained by the PICUS clinical ultrasound imaging system from the 

artery phantom experimental environments and human subjects.  

• A correlation-based automatic lumen diameter tracking technique is developed to 

locate the artery inner walls and track the artery lumen diameter automatically during 

the cardiac cycle. The developed techniques are tested and compared using the 

ultrasonic data acquired by the PICUS clinical ultrasound imaging system on phantom 

experimental environments and human subjects.  
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• The developed algorithm is tested on the ultrasound signal obtained from the human 

subjects with a flexible ultrasound sensor system. The CNN classifier identified the 

artery wall region with an accuracy of 88.9% and 88.3% on data acquired by a PICUS 

clinical ultrasound acquisition system and WUS system.   

 

1.5 Thesis Organization 

Chapter 1 presents the background and objectives of this thesis research. 

 

Chapter 2 provides an overview of the artery characteristics, technical review of machine 

learning algorithms, and a detailed literature review of the existing technologies to measure 

the artery diameter. This chapter also provides a general technical background on the 

ultrasound measurement principle. 

 

Chapter 3  describes the design and construction of two phantom experimental 

environments (phantom A and phantom B) to mimic the artery and surrounding tissues for 

testing the proposed algorithms of automatic artery detection and diameter estimation. This 

chapter also includes experimental configurations and two different ultrasound acquisition 

systems (clinical ultrasound imaging system and WUS system) used in the experiments, 

the experimental setup and the data format of the acquired ultrasound signal. 

 

Chapter 4 describes the overview of the proposed algorithm for automatic artery detection 

and lumen diameter tracking using ultrasound signals obtain in motion mode (M-mode), 

ground truth extraction to train and evaluate the algorithm, feature selection process and 
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explains the different algorithms used for artery boundary detection and motion tracking 

to estimate artery diameter and its changes. 

 

Chapter 5 provides a performance comparison of proposed algorithms with data acquired 

from phantom A, phantom B, and human subjects using two ultrasound data acquisition 

systems (PICUS clinical ultrasound imaging system and WUS system). It also discusses 

the results of the correlation-based lumen diameter tracking method for all the experimental 

configurations. 

 

Chapter 6 concludes the thesis by summarizing the obtained result outcomes and provides 

recommended future work for further improvement. 
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Chapter  2: Background Review 

 

2.1 Technical basis  

This section serves as an outline of medical ultrasound imaging, the machine learning 

algorithms used in this study, the anatomy of the common carotid artery, and the current 

technologies used to diagnose artery. 

 

2.1.1 Ultrasound Imaging 

Ultrasound imaging is regularly used in medical imaging owing to its inherent 

characteristics of non-invasiveness and no ionization radiation [29]. From prior knowledge 

of acoustic wave propagation velocity through the medium of interest and measurement of 

the propagation time of reception of the echoes from a reflector of interest, the distance 

from the ultrasound probe to the reflection source can be determined [29]. The distance 

information alongside the amplitude of the received echo is used to form the ultrasound 

image. Any sound signal that is above the human audible frequency range (20 to 20,000 

Hz) is called as ultrasound signal. Since, the frequency range of the ultrasound is also 

within the radio signal frequency range (3 kHz to 300 GHz), it is also called as ultrasound 

radio-frequency signals or ultrasound rf-signals. In ultrasound imaging, the envelope of the 

ultrasound rf-signal as shown in Figure 2.1 is usually referred to as ultrasound signal. The 

ultrasound propagation path of the received echo is referred to as a scan line (see Figure 

2.3). Therefore, an ultrasound radio-frequency (rf) signal is composed of the echoes from 

reflection sources on the scan line. The solid line in Figure 2.1 presents an example of an 

ultrasound rf signal acquired.  
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Figure 2.1 (A) Example of ultrasound rf signal (solid line) and its 

envelope (A-mode signal) (dashed line), (B) subsection of 

ultrasound rf signal. 



 11 

The envelope of this ultrasound rf signal is called the A-mode (amplitude mode) signal or 

ultrasound signal, is the most basic ultrasound signal that can be used to construct an 

ultrasound image. Different ultrasound imaging are constructed from these A-mode 

signals. Two imaging modes used in this thesis are M-mode (motion-mode) and B-mode 

(brightness-mode). These three modes are explained in detail as follows. 

 

2.1.1.1 A-Mode 

 

 

Figure 2.2 A-mode signal (lower figure) and measurement 

configuration of cross-section of the artery in the ultrasound pulse-

echo technique (upper figure). 

Figure 2.2 illustrates the operation of an A-mode acquisition and the generated scan line in 

the ultrasonic pulse-echo technique. In the pulse-echo technique, the pulsed ultrasound is 
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generated, transmitted, and received by an ultrasonic transducer (UT), which acts as both 

a transmitter and a receiver. A-Mode signal is obtained from the envelope of the received 

ultrasound rf signal, as shown by the dotted line in Figure 2.1.  A-mode signal maps the 

intensity of received echoes along the tissue depth direction (ultrasound propagation path). 

As shown in Figure 2.1, the changes in the received echo amplitude occur some of the 

transmitted ultrasound waves are reflected from the boundaries occurs because of the 

difference in the acoustic impedance of the media before and after the boundary and are 

called as boundary echoes. To correctly identify the boundary location of the artery or any 

organ of interest, the approximate depth at which they are located should be known. As the 

rf echoes are composed of both tissue boundary echoes and speckle noises, it is difficult to 

identify the location of tissue just with the help of the A-mode signal. Thus some prior 

knowledge, such as the approximate region of depth or characteristics of the tissue 

boundary of interest, should be known to make a meaningful decision about the location 

of the tissue or organ boundary of interest from the A-mode signal [29].  
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2.1.1.2 B-Mode  

 

 

Figure 2.3 Illustration of A-mode scan lines, making a B-Mode 

ultrasound image. 

A B-mode scan is used to obtain a two-dimensional ultrasound image of the cross-section 

of the tissues in which the UT array probe is placed, or a single UT is moved across the 

body surface. The ultrasound probe for B-mode used in this thesis is a linear UT array 

probe. The B-mode image is constructed from a series of A-mode signals, as shown in 

Figure 2.3.  
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Figure 2.4 B-mode image of the common carotid artery. 

 

An example of a B-Mode image taken over the common carotid artery is shown in Figure 

2.4. B-Mode is useful in diagnostic and observational purposes as it allows physicians and 

researchers to observe internal 2D structures in real-time non-invasively. B-mode imaging 

is also commonly used to aid the cannulation of arteries with intravascular catheters and 

needles. The main advantage of using B-mode for artery diameter tracking is that the 

PICUS clinical ultrasound imaging probe can be precisely positioned over the artery for 

diameter measurement with the help of a B-mode image. In case of using a single UT to 

track the diameter of the artery, it is difficult to position the transducer over the artery 

without any visual feedback. This advantage of the B-mode based diameter tracking comes 
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at the cost of hardware and software of an ultrasound scanner, which increases up the total 

cost of the acquisition system when compared to a single UT system [29].  

 

2.1.1.3 M-Mode 

 

Figure 2.5 M-mode image of the common carotid artery. 

M-mode imaging is used to visualize and capture the tissue motion by capturing the A-

mode signal amplitude changes at chosen location over time. M-mode imaging can be 

obtained by an array UT probe using only the selected UTs at a chosen location is used. 

M-mode image can also be obtained using a single UT at the chosen location. An example 

of an M-mode image of the common carotid artery is shown in Figure 2.5. The change in 

the diameter of the carotid artery can be observed in the image. The artery wall that is 

closer to the ultrasound probe is called as the proximal wall and the far wall is referred as 

the distal wall henceforth. The proximal and the distal wall of the carotid artery is found to 
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be moving opposite to each other due to the blood pressure in the arterial wall. M-mode 

imaging provides valuable information on tissue structures, such as arteries and valves of 

the heart, which undergo some form of motion. B-mode image often is used to position the 

M-mode scan line over the area of interest. This dual form of image generation allows for 

an ultrasound operator to easily position the M-mode element with the help of the B-mode 

cross-sectional image [29].  Since the M-mode image can be obtained by a single UT and 

provides information about the motion of tissues, it can be used to track the artery diameter. 

The benefit of using M-mode to track the change in artery diameter over the B-mode 

imaging technique is that it requires less hardware of ultrasound electronics (as it can be 

acquired using a single UT) and less computation for signal processing.  It is because the 

B-mode acquisition over a period of time produces a series of images which are to be 

processed to obtain the change in the diameter of the artery. While, in the case of M-mode 

imaging, the diameter change of the artery over a period of time can be measured by just 

processing a single M-mode image.  

 

2.1.2 Review of machine learning methods used in this study 

The following section contains the technical review of the machine learning methods that 

are used in this thesis. Since no single algorithm works best for all conditions, different 

machine learning techniques are selected to evaluate the performance of the features, 

explained in Section 4.1.2. The algorithms for comparison are chosen, such that it includes 

a parametric model, a non-parametric model, meta-learning tree-based models, and a 

neural network-based model. 
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2.1.2.1 Linear Discriminant Analysis (LDA) 

The linear discriminant analysis classifiers are parametric classification algorithms that 

model class densities as multivariate Gaussian distributions[30]. The probability density 

function of class 𝑐 in 𝑅𝑝 is given by Equation 2.1. 

 

where 𝜇𝑐 and  ∑𝑐 are the class-specific mean and covariance matrix, respectively. |∑𝑐| is 

the determinant of the covariance matrix. Given that the prior of class 𝑐, that is the 

probability that a random sample belongs to class 𝑐, is 𝜋𝑐. The posterior probability can be 

obtained such that a sample 𝑋 = 𝑥 belongs to class 𝑐 by applying Bayes theorem. Since 

𝐺 is discrete, this posterior probability is given by Equation 2.2. 

 

The learning of a classifier is done by maximizing the posterior probability over the class 

labels, given by Equation 2.3. 

                                     
𝑓𝑐(𝑥) =

1

√(2𝜋)𝑝|∑𝑐|
𝑒−

1
2
(𝑥−𝜇𝑐)

𝑇∑𝑐
−1(𝑥−𝜇𝑐) 

 

(2.1) 

                                     
𝑃(𝐺 = 𝑐|𝑋 = 𝑥) =

𝑓𝑐(𝑥)𝜋𝑐

∑𝑙=1
𝐶 𝑓1(𝑥)𝜋𝑙

 

 

(2.2) 

                                     =arg 𝑚𝑎𝑥𝑐 P(G=c|X=x) (2.3) 
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where  is the predicted class label [31]. The primary assumption in linear discriminant 

analysis is that all classes have the same covariance matrix, ∀c: ∑𝑐 = ∑ , and a pooled 

estimate is used for all classes. The linear discriminant analysis is implemented with the 

help of the Sklearn library provided by [32]. The main drawback of LDA is that it 

assumes that all the features is Gaussian distribution by default. However, the features 

that are extracted, as explained in Section 4.1.2, are not always Gaussian necessarily. 

Thus, a non-parametric method that does not make any assumptions regarding the 

distribution of the features is explained in the next section.  

2.1.2.2 K-Nearest Neighbor (KNN) 

The K-nearest neighbor algorithm is a simple non-parametric distance-based algorithm. 

Predictions are made for a new instance (𝑥𝑡) by searching through the entire training set 

for the K most similar instances (the neighbors) and summarizing the output variable for 

those K instances [33]. Nearest neighbour is a learning-by-memorization type of rule which 

requires the entire training data set to be stored and scanned to find its neighbors at test 

time. The memorization type rule leads to expensive computation at test time [33]. For a 

given instance 𝑥𝑡 

 𝑦𝑡 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑐∈{𝑐1,𝑐2,…,𝑐𝑚} ∑ 𝐸(𝑦𝑖, 𝑐)

𝑥𝑖∈𝑁(𝑥𝑡,𝑘)

 
(2.4) 

 

 

where the functions E and N are given by Equation 2.5 

 𝐸(𝑎, 𝑏) ={
1  𝑖𝑓 𝑎 = 𝑏
0         𝑒𝑙𝑠𝑒

  (2.5) 
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 𝑁(𝑥, 𝑘) = 𝑆𝑒𝑡 𝑜𝑓 𝐾 𝑛𝑒𝑎𝑟𝑒𝑠𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 𝑜𝑓 𝑥 

 

 (2.6) 

 

where 𝑦𝑡 is the predicted class for the query instance 𝑥𝑡 and 𝑚 is the number of classes 

present in the data. The set of the K nearest neighbor is calculated by measuring the distance 

between the given instance, and the neighboring points considered [33]. 

List of parameters to be chosen in the algorithm are given as follows [32].   

• N neighbors: The number of neighbors or the value of k is specified in this 

parameter. 

• Weights: The weight that is assigned to the neighboring points that are considered.   

• Distance metric: The distance that is used to measure the nearest point for a given 

instance. The distance metric such as Minkowski, Manhattan, or Euclidean. 

The distance-based, non-parametric method might perform better than the LDA if the 

features considered are non-parametric, but the main drawback is that the computational 

complexity of KNN is higher than LDA. The higher computational complexity is because, 

unlike most of the algorithms, the KNN does not learn anything from the training data and 

uses the training data itself for classification.  

 

2.1.2.3 Random Forest (RF) 

Random forest is a type of ensemble machine learning algorithm called bootstrap 

aggregation or bagging. An ensemble method is a technique that combines the predictions 

from multiple machine learning algorithms together to make more accurate predictions 

than any individual model [34]. The idea in bagging is to average many noisy but 

approximately unbiased models, and hence reduce the variance [35]. The decision trees 
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[36] are ideal for the case of bagging as they are non-parametric models, which capture 

complex interaction. The main drawback of the decision trees is that there is a very high 

variance observed in the model depending on the set of the input data to the model. The 

problem of overfitting the training data observed in the case of the decision trees, when the 

trees are grown deep (e.g., few training samples at each leaf-node of the tree) and the trees 

are not pruned is rectified with the help of bagging [37].  

 

Random forests are an improvement over bagged decision trees that rectify the problem of 

the bagged decision trees. Since the decision tree uses a greedy algorithm to minimize 

error, even with Bagging, the decision trees can have a lot of structural similarities and in 

turn, have a high correlation in their predictions. The combined predictions of the multiple 

models work better if the predictions from the sub-models are uncorrelated [38]. Hence, 

the random forest changes the algorithm for the way that the sub-trees are learned so that 

the resulting predictions from all of the subtrees have less correlation. In the case of the 

decision trees, the learning algorithm is allowed to look through all variables to select the 

most optimal split-point. The random forest algorithm changes this procedure so that the 

learning algorithm is limited to a random sample of features of which to search [35]. The 

parameter that is to be selected when using a random forest machine learning algorithm is 

the number of samples, number of trees to include, and the number of split points for every 

tree considered [36]. Compared to KNN, random forests are much harder to construct and 

requires more time to construct. Since random forests are a combination of multiple 

decision trees, it has a very high computational complexity. However, the random forests 

overcomes the problem of overfitting by averaging or combining the results of different 
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decision trees. Further, they work correctly for a broad range of data items than a single 

decision tree.  The algorithm for the random forest is given below. 

 

 

 

 

 

 

 

 

 

 

2.1.2.4 Extreme Gradient Boosting (XGB) 

The extreme gradient boosting is a type of ensemble learning that uses the gradient 

boosting on the decision trees proposed by Friedman [34]. Boosting is an ensemble 

technique where new models are added to correct the errors made by existing models. 

Gradient boosting is an approach where new models are created to predict the residuals or 

errors of prior models and then added together to make the final prediction [39]. The 

gradient descent algorithm [40], is used to minimize the loss when adding the new models, 

the algorithm is called a gradient boosting algorithm. The strong learner is trained 

iteratively, starting with a base learner [39]. It is called gradient boosting because it uses a 

gradient descent algorithm to minimize the loss when adding new models. Both gradient 

boosting and XGBoost follows the same principle while the key differences between them 

Algorithm 2.1 

 

For b=1 to B: 

(a) Draw a bootstrap sample 𝑍∗ of size 𝑁 from the training data.  

(b) Grow a random-forest tree 𝑇𝑏 to the bootstrapped data, by re- cursively repeating the 

following steps for each terminal node of the tree, until the minimum node size 𝑛𝑚𝑖𝑛 is 

reached.  

 i. Select m variables at random from the p variables.  

 ii. Pick the best variable/split-point among the m.  

 iii. Split the node into two daughter nodes.  

Output the ensemble of trees {T
𝑏
}

1

B
 .  

To make a prediction at a new point x:  

Classification: Let 𝐶𝑏
^(𝑥) be the class prediction of the 𝑏𝑡ℎ random forest tree.  

Then 𝐶𝑟𝑓
^𝐵(𝑥) = majority vote {𝐶𝑏

^(𝑥)}1
𝐵.  
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lie in implementation details. XGBoost achieves better performance by controlling the 

complexity of the trees using different regularization techniques [34].  

 

Let (𝑥1, 𝑦1), (𝑥2, 𝑦2), . . . . , (𝑥𝑛, 𝑦𝑛) be a set of input features and corresponding outputs. 

The tree ensemble algorithm uses 𝐾 additive functions, each representing a decision tree 

[36], to predict the output. The predicted output is given by the sum of each function 

prediction in Equation 2.7 [34], [39].  

 

 
= ∑

𝑘

𝐾

𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ 𝐹
 , 

(2.7) 

  

where 𝑓𝑘 ∈ 𝐹 is the space of the decision trees. The given function is approximated by 

minimizing the regularized objective function for a given set of parameters 𝜃 given in  

Equation 2.8.  

 

 
𝑜𝑏𝑗(𝜃) = ∑

𝑖

𝑛

𝑙(𝑦
̂

𝑖, 𝑦𝑖) + ∑
𝑘

𝐾

𝛺(𝑓𝑘) 

 

(2.8) 

 

where the first term 𝑙(𝑦
̂

𝑖, 𝑦𝑖) is the training loss function that measures the difference 

between the predicted output and the actual output. The training loss function can be 

measured using the Mean Squared Error (MSE), given by Equation 2.9 [23]. 

  
𝑀𝑆𝐸 = ∑

𝑖

𝑛

(𝑦𝑖 − 𝑦
̂

𝑖)
2 

 

(2.9) 
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The second term 𝛺(𝑓𝑘) is the regularization term, which penalizes the complexity of the 

model to avoid overfitting [41]. In XGBoost the regularization term is given in the equation 

2.10. 

 

where 𝑇 is the number of leaves, and the second term is the 𝐿2 norm of leaf scores. During 

training, the model is trained additively, by optimizing for one tree at a time. Let 𝑦𝑖
𝑡
̂

 be the 

prediction value at iteration 𝑡, and the additive procedure is given in Equation 2.11. 

 

 

 

where 𝑦
̂

𝑖

0

= 0. The tree added at each step is the tree that optimizes the objective function. 

The objective function can be rewritten in Equations 2.12 and 2.13 [41]:  

 

 

 

 

 

The objective function, given in Equation 2.12, is used as a scorer to evaluate the tree 

structure [41].  The XGBoost algorithm, with the help of the Sci-kit learn library and a 

summary of the tuned parameters is given below [32]: 

                              𝛺(𝑓) = 𝛾𝑇 +
1

2
𝜆|𝑤|2 ,   

 

(2.10) 

 

 
𝑦𝑖
𝑡
̂

= ∑
𝑘=1

𝑡

𝑓𝑘(𝑥𝑖) = 𝑦𝑖
𝑡−1
̂

+ 𝑓𝑡(𝑥𝑖) , 
(2.11) 

 

 
𝑜𝑏𝑗𝑡 = ∑

𝑖
𝑙(𝑦

̂

𝑖, 𝑦𝑖) + ∑
𝑘

𝐾

𝛺(𝑓𝑘) 
(2.12) 

 
= ∑

𝑖=1

𝑛

𝑙(𝑦𝑖, 𝑦𝑖
𝑡−1
̂

+ 𝑓𝑡(𝑥𝑖)) + 𝛺(𝑓𝑡) 
(2.13) 
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• Learning rate: represents shrinkage at every step (round) during boosting. The 

shrinkage parameter controls the penalization of each newly added tree to the 

model. However, using a low learning rate requires more rounds to find the optimal 

model.  

• Num rounds: represents the number of rounds the model is boosted. In other 

words, how many estimators to use.  

• Max depth: represents the maximum depth of a tree. Increasing the value of the 

tree depth makes the model more complicated.  

• Min child weight: represents the minimum sum of instance weight in a child.   

• Gamma: controls regularization. The minimum loss reduction required to make 

further partition on a leaf node of the tree and used to control pruning.  

• Subsample and Column Subsample: controls the subsample ratios of the training 

instance. The ratio decides how much of the data XGBoost can select randomly.  

Therein, XGBoost is a type gradient boosting implementation with high speed and 

predictive quality. The XGBoost is considered as faster as it natively supports parallel 

computing since a large part of its code back-end is written in C++ [42]. The XGBoost is 

also called a regularized form of GBM (Gradient Boosting Machine), as L1 (Lasso 

Regression) and L2 (Ridge Regression) regularization prevents the model from overfitting. 

The main drawback of the XGBoost algorithm is the number of hyperparameters to be 

tuned for optimizing the model.  
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2.1.2.5 Convolutional Neural Network (CNN) 

Convolutional neural network (CNN) is a variant of vanilla Multi-Layer Perceptions 

modelled after the visual cortex of animals [43]. CNN consists of stacks of convolutional 

layers and pooling layers which extract low-level features and have shown to learn higher-

level features progressively in the form of higher-level features in the form of filters in 

convolutional layers. CNN is particularly well suited for handling grid-like data where the 

data’s structure contains information, such as audio signals, which are 1-dimension, images 

which are 2-dimension signals, and videos, which are 3-dimension signals. In many 

machine learning models, such as vanilla multi-layer perceptron, when handling data with 

structure, the vectorization of higher dimensional data into a single dimension is necessary. 

Reducing the data to a lower dimension compromises the information represented by the 

data. CNN is used to overcome this drawback, as mentioned above [44]. A CNN is made 

up of a combination of two layers, namely the convolutional layer and the pooling layer. 

The convolutional layers are essentially the learnable filters (weights of the networks) with 

an activation function. The pooling layers perform the process of subsampling. The key 

operation of convolution is performed by obtaining the dot product between subsection of 

the input data I of size n and the filters F as given by Equation 2.16. 

 

 

 

 

 

𝐹 =[

𝑤11 … 𝑤1𝑛
. … .
. … .

𝑤𝑛1 … 𝑤𝑛𝑛

] 

(2.14) 
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The filter is made to slide over the image, convolving (dot product) the filter with each 

patch of the image as it slides. The number of sample points the filter moves each time its 

slides, is called as the stride length. CNN configurations can comprise a multitude of 

hidden layers. The four principal layer types that exist are  

• Convolutional layer (CONV) + Activation (RELU): Convolutional filters are 

used to derive an activation map from the input data. The activation function, 

such as the Rectified linear unit (RELU), is used to provide only positive values 

for much faster training time. 

• Pooling layer (POOL): Performs a non-linear down-sampling and reduces the 

number of weight parameters that are to be reduced. 

• Fully connected layer (FC): Computes the class probability scores by outputting 

a vector of N dimensions, with N being the number of classes. As the name 

insists, all the neurons in this layer are connected. 

The weight of the filters is constantly updated with the training process with the help of an 

optimizer using the technique of backpropagation [45]. The main drawback of the CNN 

model is that it is difficult to explain the features that are automatically extracted by the 

CNN filters. Further, CNN requires comparatively more examples to learn from, as 

opposed to other machine learning algorithms that are considered in this thesis. 

 

𝐼 =[

𝑖11 … 𝑖1𝑛
. … .
. … .
𝑖𝑛1 … 𝑖𝑛𝑛

] 

(2.15) 

 
𝐹 • 𝐼 = ∑

𝑗=1

𝑛

∑
𝑘=1

𝑛

𝑤𝑗𝑘𝑖𝑗𝑘 
(2.16) 



 27 

 

2.2 Artery structure and mechanical property  

2.2.1 Composition of the arterial wall  

Artery is composed of a variety of materials that give rise to their non-linear mechanical 

properties. Figure 2.6 shows a typical conduit artery composed of three distinct layers: 

tunica intima, tunica media, and tunica adventitia [18]. 

 

Figure 2.6 Cross-sectional view of a conduit artery wall. Adapted 

from [46]. 

The innermost layer from the inside of the artery (lumen) is known as the tunica intima and 

is comprised of elastic lamellae and endothelial cells. The primary function of the intima 



 28 

is to provide a smooth surface that promotes the flow of blood. The next outermost layer 

is the tunica media and is comprised of a combination of smooth muscle cells, elastic 

lamellae, and collagen fibers. Finally, the outermost layer, the tunica adventitia, is made 

up of mainly collagen and elastic fibers. Mechanical properties, such as Young's modulus 

of the arterial wall, are mostly determined by the tunica media and tunica adventitia 

[47][46]. At lower pressures, the distention of the arterial wall is governed primarily by the 

wall’s elastin constituents, and it is because, at low pressures, the collagen fibers are 

initially unstretched [46]. As the pressure increases, the collagen fibers begin to engage 

and contribute a much higher tensile strength than the elastin components of the artery [47]. 

This combined action of the elastin and collagen components are the cause of the 

exponential increase in Young's modulus for an increase in arterial pressure or strain [47], 

[48]. 

2.2.2 Common Carotid Artery 

The common carotid arteries are present on both the left and right sides of the neck and the 

head region. Figure 2.7 shows the schematic representation of the right common carotid 

artery along with their bifurcation into the internal and external carotid artery [24]. The left 

common carotid artery has two parts: a thoracic (chest) part and a cervical (neck) part. The 

right common carotid originates in or close to the neck and contains only a small thoracic 

portion [49]. The diameter of the common carotid in humans are ranging between 4.3 to 

7.7 mm for both males and females. Further, the carotid artery diameter is significantly 

greater in males as compared to the female [50]. It is also observed that the height and 
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weight of the person correlates with the diameter and thickness of the common carotid 

artery [51]. 

 

Figure 2.7 Schematic of the right common carotid artery, obtained 

from [52]. 

Depending on the individual, the common carotid artery is usually found in the region of 

depth ranging from 1.5 to 3 cm [51]. The test of vascular screening is carried on the 

common carotid artery to measure blockages in the arteries to the brain. This test is 

recommended for people with risk factors for vascular disease, such as high blood pressure 

and high cholesterol in the blood. It is necessary to regularly have the vascular screening 

tests as the arteries that are clogged become stiffer and can result in a brain stroke if left 

untreated. As the development of the clog in the arteries is a slow process, the early stage 

of the disease can be cured simply by correcting the lifestyle and eating habits [50], [53]. 
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Thus constant monitoring of the change in the stiffness could be very useful in the 

prevention and diagnosis of vascular-related diseases, which leads to stroke in many cases.  

 

2.2.3 Arterial Stiffness and distension 

An overview of the mechanical properties of the arterial walls and the description of the 

metrics that relate to the arterial wall stiffness is explained in this section. It is important to 

understand hemodynamic principles, to appreciate the challenges associated with the 

estimation of the stiffness from the arterial diameter measurement by continuous 

monitoring using a non-invasive device. 

 

 

Figure 2.8 Schematic representation of the Kelvin-Voight model of 

biological tissue. Adapted from [54].  

 

The arterial wall is not purely elastic by nature but viscoelastic [47]. A viscoelastic 

substance is one that exhibits both elastic and viscous properties. The viscoelastic property 

of a material may be explained with the Kelvin-Voigt model, for instance, as shown in 

Figure 2.8 [26]. The Kelvin-Voigt model consists of a Newtonian damper and Hookean 
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elastic spring connected in parallel. The major difference between the viscoelastic material 

and elastic material is that the dependency of its properties (such as deformation under 

applied stress) with time. A viscoelastic material such as the artery varies its stiffness 

depending on how rapidly the stress is applied. Due to this property, the arterial walls 

become stiffer, when a certain amount of pressure is applied in a very short period of time 

as opposed to the same amount of pressure applied over a longer period of time. Owing to 

this property of the arterial walls, the continuous monitoring of the change in the diameter 

helps to measure the stiffness of the arteries. Hooke’s law is used to describe the 

proportionality between evenly distributed stress and strain for elastic materials, where 

stress is in units of force per area (pressure), and a strain refers to the change in material 

dimensions as a percentage of its original size. Since the arteries also show linear elastic 

properties, for certain applied stress, there is a proportional deformation or strain observed. 

The stress applied to the arterial walls due to the pressure exerted by the blood flow in the 

arteries; this constitutes the change in the lumen diameter of the artery. A constant of 

proportionality called elastic modulus or Young's modulus (E) is used to determine the 

relationship between stress to strain. Young's modulus is defined as the slope of the 

stress/strain curve and has units of pressure (as strain is a dimensionless ratio). The 

determinant on the stress/strain curve gives the instantaneous modulus of elasticity for a 

small change in stress and strain. This quantity is known as the incremental Young's 

modulus ( ) and is more useful for materials that have nonlinear stress/strain 

characteristics. Figure 2.9 shows an example of a nonlinear stress/strain curve, which is 

typical for large arteries [55]. 
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Figure 2.9 An example of stress versus strain curve of materials.  

The Young's modulus of a perfectly elastic material is depicted as a straight red dotted line. 

However, the common carotid artery is a viscoelastic material, whose stress-strain 

relationship is given by the stress/strain curve (solid blue line) [28]. Furthermore, the non-

linear behavior of the common carotid artery is explained using the Kelvin-Voigt model. 

The incremental Young's modulus (green dotted line) is shown at two locations (A and B) 

being the slope at specific points on the stress/strain curve (blue). In this example, the 

arterial wall becomes stiffer (has a greater Einc) as stress (pressure) or strain (distention) 

increases.  
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2.3 Artery diagnosis methods 

2.3.1 Endothelial dysfunction and FMD measurement 

Endothelial dysfunction is defined as the defect in the production or activity of nitric oxide 

in the inner layer (endothelium) of the artery. The major indicator of endothelial 

dysfunction is impaired endothelium-dependent vasodilation [56]. The endothelial 

dysfunction is considered as an early marker for atherosclerosis. Atherosclerosis is a 

disease in which the plaque builds up in the inner wall of the artery.  Over time, the plaque 

formed might harden up and narrow down the artery constricting the flow of blood, which 

could lead to fatal medical complications such as stroke and heart attack [57]. Thus, to 

assess the healthiness of the endothelial cells of the artery, the technique of flow-mediated 

dilatation (FMD) is used at the brachial artery with a cuff. The preferred choice of imaging 

modality to measure the FMD is ultrasound owing to its ionization radiation-free nature. 

The procedure for the experiment to measure the FMD of an artery is explained in detail 

in [58]. The calculation of FMD as a percentage change utilizes the peak diameter in 

response to reactive hyperemia with the baseline diameter, and is calculated utilizing the 

following Equation 2.17:  

 

 

 

 

The baseline diameter is measured as the average of the systolic and diastolic diameter for 

at least ten cardiac cycles. Thus, the accurate measurement of the artery diameter is 

required to measure the FMD. 

 
𝐹𝑀𝐷(%) =

(𝑃𝑒𝑎𝑘 𝑑𝑎𝑖𝑚𝑒𝑡𝑒𝑟 − 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 ) × 100

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟
 

(2.17) 
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2.3.2 Artery stiffness 

The arterial wall stiffness of the common carotid artery is a very well-established indicator 

of cardiovascular disease [5], [7], [9], [50], [53]. Arterial healthiness can be evaluated from 

the parameters given in Table 2.1 [36]. Arterial stiffness index is a quantitative physiologic 

value to characterize the arterial stiffness. The higher the value of the stiffness index values, 

the higher the risk of coronary heart diseases [59], [60]. Arterial distensibility is a measure 

of the arterial ability to expand and contract with cardiac pulsation and relaxation [61]. 

Artery compliance is defined as the ratio of artery diameter difference and the pressure 

difference between the systolic and diastolic states [62]. The presence of the plaque in the 

arterial wall of the carotid artery can be identified by measuring the change in the stiffness 

of the artery [8].  
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Table 2.1 Parameters commonly used to diagnose artery 

healthiness.  

Parameter Definition  

Artery stiffness index  

𝑙𝑛(
𝑃𝑠
𝑃𝑑
)

𝛥𝐷
𝑑𝑑

 

Artery distensibility 
𝛥𝐷

(𝛥𝑃 × 𝑑𝑑)
 

Artery compliance  
𝛥𝐷

𝛥𝑃
 

𝑑𝑠 :  systolic lumen diameter , 𝑑𝑑 : diastolic lumen diameter, 

𝛥𝐷 = 𝑑𝑠 − 𝑑𝑑, 

𝑝𝑠 : systolic pressure, 𝑝𝑑 : diastolic pressure. 

𝛥𝑃 = 𝑝𝑠 − 𝑝𝑑. 

 

 

From Table 2.1, it is seen that all the parameters require the measurements of the lumen 

diameter and blood pressure. To measure the systolic and the diastolic pressure, well-

established methods, such as the auscultatory method [63], automatic oscillometric 

method[6],[7], applanation tonometry[65],  Peňáz or vascular unloading method [64], [66], 

can be used. Since it is difficult to measure the change in pressure of the carotid artery 

owing to its location, the brachial artery pressure can be used interchangeably with the 

carotid artery pressure [67]. The various non-invasive, ionization radiation-free and cost-
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effective methods of the measurement of the arterial diameter measurement will be 

described in the following section 2.4.  

 

2.4 Measurement methods of artery diameter 

2.4.1 Ultrasound measurement methods  

The following sections describe non-invasive, ionization radiation-free, and cost-effective 

methods that are used to measure the diameter of the artery. As mentioned in the above 

section, the tracking of the arterial diameter change can be used to calculate the stiffness 

of the arterial wall and the measurement of the FMD [68].  

 

2.4.1.1 B-mode ultrasound imaging 

The conventionally preferred method of the measurement of the change in the arterial 

diameter to evaluate endothelial dysfunction and identify the risks of heart diseases is using 

B-mode ultrasound imaging. It is the preferred method of choice, owing to the non-invasive 

nature of ultrasound and the cost-effectiveness as compared to the other imaging modalities 

such as X-ray and functional magnetic resonance imaging (fMRI)  [69].  To eliminate the 

necessity of a trained radiologist to assess the B-mode imaging of the arterial walls, several 

new techniques such as semi-automatic and automatic measurement of the arterial wall 

diameter were proposed [18], [19]. However, it still requires the cost of the B-mode 

ultrasound array probe and ultrasound imaging system along with the computationally 

expensive software to automatically segment and locate the arterial walls for the accurate 

diameter measurement.   
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2.4.1.2 M-mode ultrasound image using a single UT 

In an attempt to retain the convenience of the conventional ultrasound method, and to 

reduce the cost and resource associated with the ultrasound B-mode imaging, a new 

technique using a single A-mode UT was proposed. ARTerial Stiffness Evaluation for 

Noninvasive Screening (ARTSENS) method was proposed by [20]–[22], which uses a low-

cost single UT along with the necessary algorithm to locate and track the arterial wall 

locations using the M-mode image. Furthermore, the method was applied for mass 

screening of the patients in rural places of the country, and the proof of concept was 

verified. The use of a single UT could be a promising low-cost solution for the mass-

screening of coronary artery disease. Even though the proposed method could greatly cut 

the cost associated with the ultrasound hardware, the requirement of highly trained human 

operators to locate the UT on a patient and interpret the results still existed. The major issue 

with the use of a single UT is its difficulty in identifying the arterial walls, as there is no 

B-mode image guidance available. The semi-automated guidance technique to help the 

operator and automatically find and track the arterial walls was proposed in [20]. The 

shortcoming of the proposed method is that it is still necessary to manually provide the 

region of interest to locate the artery and track the diameter changes. A new automated 

guidance technique algorithm proposed in [70] requires the initial noise-free transmitted 

ultrasound signal to correlate the reflected echoes. The drawbacks mentioned above 

indicates that there is a need to develop a fully automated artery wall location and diameter 

tracking method using the ultrasonic signals acquired by a single UT in M-mode. It is also 

known that the cardiovascular diseases associated with the arterial stiffness are often 

referred to as ‘sneaky disease’ [12] since the disease is developed in a person over some 
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time and not overnight [12]. Thus, the continuous monitoring of the artery properties could 

provide more useful information over a scheduled or random screening test. Owing to the 

rigidity of the lead zirconate titanate (PZT) ceramic single UT employed in ARTSENS, the 

motion artifact, steady UT contact on the skin surface of a subject, uneven pressure applied 

by the UT during measurement may deteriorate the estimation accuracy of the artery 

diameter. Also, long-term continuous monitoring may be difficult. To overcome the 

challenges mentioned above, a wearable ultrasonic sensor (WUS) could be developed and 

used for cardiovascular disease diagnosis at early stages [26], [71]. The WUS could be 

more effectively used if a reliable algorithm to detect and track the artery diameter is 

developed.  

 

2.4.1.3 Other low-cost methods  

The digital thermal monitoring (DTM) has been developed as an alternative to the 

ultrasound imaging method for the FMD, where the peripheral of the endothelial cells are 

evaluated by the change in the diameter of the brachial artery. This method has been proven 

to work by evaluating the measurement of vascular reactivity during a 5-minute arm-cuff 

reactive hyperemia test. The DTM also has the same advantage of non-invasiveness as that 

of the ultrasound, and very efficient.[23]. Furthermore, the relationship between the DTM 

and the cardiovascular risk factors was verified [72]. Since the DTM device primarily 

focuses on the FMD measurement at the brachial artery with the pressure cuff, the DTM 

cannot be applied for the measurement or the estimation of the change in diameter of the 

common carotid artery where the cuff pressure cannot be applied. 
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2.5 Summary  

As explained in this chapter, the stiffness of the artery associated with cardiovascular 

healthiness can be estimated by measuring the changes in the blood pressure and the 

diameter of the artery. Several methods to measure the blood pressure of the artery is 

discussed in Section 2.2.5. Further, a review of the existing non-ionization and cost-

effective methods to measure the diameter of the artery is presented along with their 

limitations. Among the different techniques to track the artery diameter, the ultrasonic 

method using a single UT is found to be efficient and cost-effective, and thus it is chosen 

in this thesis research. In this ultrasonic method, only a single UT without B-mode image 

guidance is used to locate and track the artery.  

 

The main aim of this thesis research is to develop an automatic method to locate and track 

the arterial walls using the M-mode ultrasound signals, obtained by the single UT. In the 

next chapters, the design and construction of the experimental setup to compare different 

algorithms proposed for automatically locating and tracking the arterial walls will be 

outlined. Different approaches and algorithms to design a classifier to locate the arterial 

wall region in the M-mode image will be discussed, along with a technique to estimate the 

change in the diameter. The performance of the proposed algorithms will be investigated 

to find the best performing algorithm to detect and track the arterial wall diameter using 

ultrasound data obtained in phantom and in-vivo experiments. Finally, the algorithm 

developed will be tested on the M-mode signal obtained at the carotid artery of a human 

subject using the flexible WUS proposed for monitoring artery diameter [26], [71].  
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Chapter  3: Ultrasound data acquisition System, phantom design and construction, 

and experimental setups 

 

This chapter is broadly divided into two sections: Section 3.1 describes the ultrasound data 

acquisition system, and Section 3.2 describes experimental environments, including 

phantom design and construction and experimental setups with the phantom and a human 

subject. Section 3.1 explains two different acquisition systems used in this thesis research: 

PICUS clinical ultrasound imaging system with a linear array ultrasonic transducer (UT) 

probe and the wearable ultrasonic sensor (WUS) system. It also gives an insight into the 

ultrasound signal specifications, system configuration, and the acquired ultrasonic data 

format for each system. Section 3.2 explains the two experimental environments used in 

this study: phantom experiments and in-vivo experiments. For the phantom experiments, 

the rationale of the phantom design, the procedure for the phantom construction, and the 

set up for the data acquisition with the PICUS clinical ultrasound imaging system are 

discussed. In the in-vivo experiments, the two different experimental setups using the 

PICUS clinical ultrasound imaging system and the WUS system are presented. Further, the 

differences between the ultrasonic signal data acquired by the two-acquisition system are 

analyzed and explained.  
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3.1 Ultrasound data acquisition system 

In this thesis, two different ultrasound acquisition system are used: (i) a clinical ultrasound 

imaging system with a linear array UT probe capable of acquiring B-mode image and raw 

ultrasonic rf signals over a period of time (M-mode signals) ; (ii) a wearable ultrasonic 

sensor (WUS) system capable of recording raw ultrasound rf signals over time (M-mode 

signals). Since the clinical ultrasound system provides a B-mode image and better SNR 

signal than the WUS system, the ultrasound data acquired from the clinical ultrasound 

system is used to develop and test the different algorithms explained in Section 4.1. After 

assessing the performance of the group of algorithms used in this thesis, the algorithm that 

performs the best is identified. The best performing algorithm is then evaluated by testing 

on the human in-vivo data acquired from both the clinical ultrasound system and the WUS 

system. The specifications of these ultrasound data acquisition systems are given in the 

following subsections. 
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3.1.1 Clinical ultrasound imaging system  

 

 

 

 

 

Figure 3.1 Photos of clinical ultrasound imaging system (A) and 

linear array UT probe (B) used in the experiments. 
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The clinical ultrasound imaging system (Model: PICUS, ESAOTE Europe, Maastricht, 

Netherlands), shown in the Figure 3.1 (A), is used to acquire the ultrasound rf signal from 

the artery phantoms and the common carotid artery in this thesis.  The data acquired from 

this system is used to develop and test the proposed algorithms for automatic artery 

detection and artery diameter tracking. The software used to view and acquire ultrasound 

rf signal data is called ART.LAB. PICUS ultrasound acquisition system can operate in B-

mode and M-mode. Though the aim of the algorithm is to detect the arterial wall and track 

the wall diameter using ultrasound signal acquired in M-mode, theB-mode image is used 

to verify and confirm the position of the ultrasound probe over the artery. Furthermore, the 

B-mode image is also useds to create the ground truth about the location of the artery. As 

explained in Section 2.1.1.2, the B-mode image acquired is composed of a series of A-

mode signals, and the data from an individual A-mode scan line in B-mode data can be 

used for algorithm development, to be discussed in Section 4.1.  

 

3.1.1.1 Ultrasound probe   

The ultrasound probe of the PICUS ultrasound acquisition system employs a 40-mm wide 

linear array UT probe (Model: LI 0-5, ESAOTE Europe, Maastricht, Netherlands), as 

shown in Figure 3.1 (B). Figure 2.3 shows a cross-section of the probe. The probe consists 

of 128 UTs equally spaced. The M-mode image data is composed of 128 A-mode scan line 

data, and thus the spatial interval between two consecutive A-mode scan lines in B-mode 

image data is 315 μm.    
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Figure 3.2 Cross-sectional view of the ultrasonic probe. Based on 

[73] 

The probe consists of the piezoelectric crystal that is responsible for the ultrasound 

excitation and reception. The piezoelectric material generally used for UTs in medical 

ultrasound systems is a ceramic material such as lead zirconate titanate (PZT). The 

piezoelectric material is sandwiched between two electrodes made of a good conductive 

material such as gold or silver. The electrodes are connected to an ultrasonic power delivery 

system, such as the ultrasonic pulse/ receiver.  The impedance matching layer is aimed to 

optimize the ultrasound wave transmission between the probing surface and biological 

tissue. The final layer is an acoustic lens utilized to focus ultrasound waves into the medium 

under inspection. The backing material attached to the backside of the piezoelectric 

material absorbs the backward traveling acoustic waves from the piezoelectric material to 

reduce the internal acoustic noise. It also has a damping effect, which increases the 
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frequency bandwidth of the ultrasonic pulsed signal to excite a pulsed ultrasound to 

accomplish a high spatial resolution along the depth direction. Electronic beam focusing 

and scanning technique is used to obtain the B-mode image with high spatial resolution 

along the lateral direction.  

 

3.1.1.2 Ultrasound Signal specification 

The PICUS system supports three major imaging modes: M-mode, B-mode, and Fast-B 

mode. The imaging mode used for the following experiments with the PICUS system is B-

mode. The B-mode scan contains 128 A-mode scan lines in 40-mm lateral width, acquired 

with the linear array UT probe. The center frequency of the transmitted ultrasound pulsed 

signals can be selected in the range of 5-10 MHz. For the case of vascular imaging, the 

center frequency of 7.5 MHz is typically selected [56], [74]. B-mode signal is acquired at 

the B-mode frame rate of 30 Hz. The frame rate is the number of B-mode frames acquired 

in a second. It is noted that along with the B-mode image that is displayed in the display of 

the PICUS clinical ultrasound imaging system, the corresponding ultrasonic rf signal data 

of A-mode scan lines are also stored.  

 

3.1.1.3 Data Acquisition software and data format 

The ultrasound system stores the digitized ultrasonic rf signal acquired by the ARTLAB 

software developed by Esaote in a “. zrf ” file format. Esaote created this format and 

permitted for reading using a function called "readzrf .m," which was written in MATLAB. 

As the ultrasound rf signal analysis and processing in this thesis is carried out using the 
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Python programming language, a new function called “readzrf .py” was written based on 

the original MATLAB file provided. The rf signals are stored in a circular buffer in the 

internal memory of the ARTLAB processing unit. In the circular buffer, the data is stored 

in a file with a “. zrf ” extension. The "readzrf .py" is used to read the “. zrf ” data files. 

The clinical probe is primarily used in the B-mode acquisition over time and the structure 

of the ultrasound rf signal acquired is given in Figure 3.3.  

 

Figure 3.3 Data Structure of the ultrasound rf signals acquired in 

B-mode by the PICUS clinical ultrasound imaging system used in 

the experiments. 

 

The lateral direction or the surface scan in B-mode is composed of 128 A-mode scan lines 

(i.e., index number m ranges from 0 to 127). The fast-time direction refers to the depth of 
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the medium through which the ultrasound is passing through. The value of sample number 

i ranges from 0 to 1516 (see the M-mode rf ultrasound signal image in Figure 3.9).  The 

sampling interval of the A-mode rf ultrasound signal is 30 ns (the sampling frequency is 

33.3 MHz). Assuming that the average speed of the ultrasound in the soft human tissues is 

1540 m/s, the total depth of the B-mode image (as well as M-mode) is 35mm. 

 

It is noted that the B-mode image, displayed in the PICUS clinical ultrasound system, has 

half of the sampling rate of the rf ultrasound signal obtained. Thus, the range of the sample 

number used in the B-mode image to display the same depth of 35 mm ranges is from 0 to 

758 (see the B-mode image in Figure 3.9). The slow-time direction represents the number 

of B-mode frames acquired over time. Since the frame rate of the B-mode acquisition is 30 

Hz and the acquisition duration is 6 seconds in the PICUS system, the value of z 

representing the frame number ranges from 0 to 180. As explained in Section 3.1.1, each 

frame of B-mode data is composed of 128 A-mode scan line data. Therefore, in B-mode 

data, there are 128 M-mode signals acquired for 6 seconds, along the B-mode scan (lateral) 

direction.  

 

3.1.2 Wearable ultrasonic sensor (WUS) system 

Despite that the WUS system using a single UT can acquire ultrasound rf signal only in M-

mode but not in B-mode, WUS could have several advantages for continuous, long-term 

and cost-effective monitoring of artery, over the PICUS clinical ultrasound imaging system 

with a linear array UT probe. The conventional ultrasonic probe used in medical imaging 

is bulky, rigid, and heavy. A rigid and wide B-Mode ultrasonic probe surface is not usually 
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in perfect contact with the uneven and curved body surfaces, which requires the user to 

apply pressure to remove air gaps and to achieve a steady contact between the body surface 

and the probe surface. Moreover, the amount of pressure applied on the skin surface during 

the acquisition of the signal varies according to the examiner. This pressure applied could 

deform the original arterial shape and result in the diameter of the collapsed artery which 

is not very useful in most cases. Thus a flexible WUS proposed in [26], [28], is used in this 

thesis.  

 

3.1.2.1 System configuration 

The WUS system used in this thesis consists of a WUS, an ultrasonic pulser/receiver, a 

digitizer, and a computer. The configuration of the system components and its connections 

employed in the experiments for this thesis research are shown in Figure 3.4.  
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Figure 3.4 Block diagram of the WUS system used in the 

experiments. 
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3.1.2.2 Wearable ultrasonic sensor (WUS) 

 

 

Figure 3.5 Photo (A) and schematic (B) of the wearable ultrasonic 

sensor (WUS) used in the experiments. 

 

 

Figure 3.6  Schematic representation of a cross-section of the WUS. 

Adapted from [73]. 
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Figures 3.5 and 3.6 show the WUS [73] developed in the Carleton biomedical ultrasound 

laboratory and used in this thesis research. The wearable ultrasonic sensor was made from 

a piezoelectric polymer [28] of polyvinylidene fluoride (PVDF), which is flexible and 

lightweight.  The WUS was composed of three materials: the piezoelectric PVDF, the 

electrodes and the protection films. It has an active ultrasonic area of 20 by 20 mm which 

is the overlapped area of the top and bottom electrodes. The PVDF film was 110 μm in 

thickness. The total thickness of the sensor was 450 μm, and its weight was 0.3 g, including 

the electrical leads. The WUS is used in the experiments of artery wall detection and 

tracking in this research. The estimated center frequency of the WUS sensor used in this 

thesis is 4 MHz.  

 

The ultrasonic pulser/receiver (Model: DPR 300, JSR Ultrasonics, Pittsford, NY, USA) 

produces electric pulses that excite the WUS to generate a pulsed ultrasonic wave and 

receives the electric signal back from the WUS. The data acquisition (DAQ) system 

consists of two parts: PCI digitizer (Model: ATS 460, Alazar Tech, Montreal, QC, Canada) 

to acquire the signals from the ultrasonic pulser/receiver and DAQ software. The digitizer 

has a 14-bit resolution and a sampling frequency ranging from 10 kHz to 125 MHz. The 

M-mode frame rate is set to 1000 frames per second by a function generator. It stores the 

data into the storage of a PC. The program, written in Python, analyzes the acquired 

ultrasonic data.  
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3.2 Experimental environments 

The performance of the algorithms (to be discussed in Chapter 4) for automatic artery 

detection and lumen diameter tracking are accessed with phantom and in-vivo experimental 

environments. The following section described artery phantom and human in-vivo 

experimental environments. In the artery phantom experiments, the design, construction, 

and acquisition setup of two types of phantoms are explained.  For the human in-vivo 

experiment, the experimental setup is discussed.      

 

3.2.1 Artery Phantoms  

To investigate the performance of the arterial wall region classifier and the lumen diameter 

tracking methods, ground truth about the location of the artery wall is necessary. Since the 

location, dimension and the distensibility of the arteries varies according to individuals, a 

phantom with the known parameters is developed to test and compare the performance of 

the classifiers. The following section explains the design and construction of two types of 

phantoms named “Phantom A” and “Phantom B”. The main difference between phantoms 

A and B is that the Phantom A uses water to be the surrounding tissue material of the 

polymer tube simulating the human artery, while the Phantom B uses gelatine-based 

hydrogel as a surrounding tissue material. The acquisition setup for both the phantom 

condition is also explained in the following subsection.  

 

3.2.1.1 Phantom experimental environment 

Figure 3.7 shows a schematic design of the phantom experimental environment. Two types 

of phantom experimental setups were designed and constructed: one with water (Phantom 
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A) and another with a hydrogel (phantom B), surrounding a polymer tube that mimics an 

artery. The hydrogel is often used for a soft tissue-mimicking phantom material. The 

distance of the artery mimicking polymer tube from the ultrasonic probing surface is in the 

range of 10-30 mm as most of the carotid and brachial arteries are found in that range. The 

polymer tube is made of polysiloxanes. It has an inner diameter of 9.48 mm, and the tube 

wall thickness is 1.25 mm. The polymer tube simulating the artery wall was selected such 

that it is compliant enough to expand and contract when water is pumped into it by a 

syringe, to simulate blood flow. The other end of the tube is closed. In order to simulate 

the artery diameter change due to the blood flow in the cardiac cycle, water is pumped into 

the tube to expand the tube diameter by pushing the piston of the syringe, and then the 

excessive water causing the expansion of the tube is pumped out from the tube by pulling 

the piston of the syringe. As the main aim of the experiment is to simulate the expansion 

and contraction of the human artery, the piston was gently and consistently pushed and 

pulled in one second (one beat per second: 1bps). With the help of a B-mode image from 

the PICUS clinical ultrasound system, care was taken to expand and contract the polymer 

tube by the same amount.  
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Figure 3.7 Schematic view of the phantom experimental 

environment. 

In the phantom experiments, the PICUS ultrasound imaging system with the ultrasound 

linear array probe was used to acquire B-mode data of ultrasound rf signal. Then, the M-

mode data were retrieved from the acquired B-mode data to evaluate the performance of 

the proposed algorithms for artery detection and diameter tracking. Since the B-mode scan 

direction is along the longitudinal axis (length direction) of the polymer tube, one B-mode 

frame data contains 128 M-mode rf ultrasound signals along the length direction of the 

polymer tube.  The B-mode frame rate is 30Hz.  

 

3.2.1.2 Phantom A 

The purpose of Phantom A is to produce an ideal experimental environment where there 

are no ultrasound scattering noises from the material (water) surrounding the artery 

(polymer tube) to test the proposed algorithms of artery wall region detection and the lumen 

diameter tracking. Hence, a polymer tube mimicking the artery is immersed in a water bath. 
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Figure 3.8 shows the experimental setup of the water-bath based Phantom A for the 

ultrasound rf signal data acquisition using the PICUS clinical ultrasound imaging system. 

The upper side of the tube that is closer to the ultrasound probe is considered as the 

proximal wall, while the lower side is considered as the distal wall. Water is pumped 

manually by the syringe to mimic a human heartbeat at 1bps.  

 

 

Figure 3.8 Experimental setup for data acquisition with Phantom A. 

It is seen in Figure 3.8 that the Phantom A is immersed in a larger water bath to avoid air 

bubbles inside the polymer tube while pushing/pulling the piston of the syringe, which 

would create artifacts. The ultrasound probe is held steadily above the polymer tube using 

a probe holder. The ultrasound probe is located with the help of the B-mode image from 

the PICUS ultrasound imaging system such that the B-mode scan line is along the length 



 56 

and over the center of the polymer tube. The speed of the ultrasound in water at room 

temperature was obtained 1481 m/s. An example of a selected frame of the B-mode image 

is shown in Figure 3.9 (a).  Figure 3.9 (b) shows the M-mode rf signal image retrieved from 

the acquired B-mode rf signal data corresponds to the scan line of #60 in Figure 3.9 (a).  It 

is noted that the maximum sample number in depth of the B-mode image is 758 in Figure 

3.9 (a), while that of the M-mode rf signal image is 1516 in Figure 3.9 (b), due to a half of 

the sampling frequency for the amplitude (envelope) B-mode image data, comparing that 

of the ultrasound rf signal stored in the PICUS system, as explained in the Section 3.1.1.3. 
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Figure 3.9 B-mode image of Phantom A  (A) and the corresponding 

M-mode rf ultrasound signal image at the scan line of #60 (B). 

 

In order to differentiate the M-mode image, which shows the movement over time from 

that of the still B-mode image in the B-mode acquisition, the M-mode rf signal image of a 
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selected B-mode scan line is displayed with the Viridis color palette henceforth in this 

thesis.  It is observed in Figure 3.9 (B) that the M-mode image shows that the proximal 

walls at a depth of around 300 (sample number)  and distal walls at 800 (sample number) 

move opposite to each other with the time (frames), indicating the expansion and 

contraction of the polymer tube diameter due to the water pressure changes inside the tube. 

It is noted in the M-mode image that along with the movement of the proximal and distal 

walls, there is also a similar pattern observed at a depth around at 1250. This observed 

signal is due to the reverberation artifact. This artifact occurs when the ultrasound beam 

encounters two closely spaced reflective surfaces. A highly reflective surface or interface 

close to the transducer will cause most of the ultrasound to be reflected to the probe, due 

to the high amplitude of the echo a part of the sound will be reflected at the surface of the 

probe and back at the interface. At the interface, the ultrasound will be reflected back to 

the probe again, and at the UT, some of the ultrasound will be detected, and some will be 

reflected again. This back and forth reflection, i.e., reverberation, will continue until the 

energy of the ultrasound has been fully attenuated [75]. Since such an artifact signal is well 

separated from the desired signal from the artery walls, it does not affect to evaluate the 

proposed algorithms (as discussed in Chapter 4). 

 

3.2.1.3 Phantom B 

The purpose of Phantom B is to produce a more realistic experimental environment where 

there are ultrasound scattering noises from the tissues surrounding the artery. Hence, a 

polymer tube is surrounded by hydrogel-based phantom specimens with ultrasound 

scatterers are designed and constructed. Since there are always scattering noises (speckle 
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echoes) observed in ultrasound signals and images acquired with a human subject, graphite 

powder, having a nominal particle diameter of 50 m, is dispersed in the hydrogel phantom 

as ultrasound scatterers. Several phantom fabrication techniques, proposed in  [76]–[81], 

were reviewed, and a combination of techniques suited for the experiments in this thesis is 

used. The materials and their composition to construct the hydrogel-based phantom are 

given in Table 3.1. 

Table 3.1 Constituents of phantom B. 

Materials  Weight by percentage 

Gelatine 35 W% 

Distilled water 43 W% 

Isopropanol 10 W% 

Graphite powder  2 W% 

Silicone oil (1000 cSt) 10 W% 

 

As shown in Table 3.1, the major constituents that provide the viscoelastic nature to the 

phantom is a mix of gelatine and water. Isopropanol is added to the phantom to extend the 

longevity of the phantom by preventing the creation of moulds. The graphite powder acts 

as an ultrasound scatterer, which is the source of the speckle echoes. The silicone oil added 

helps to take out the phantom from the mold. It also increases the elasticity of the phantom. 

The amount of each constituent is based on the previous research given in [76]. 
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  The detailed construction procedure of Phantom B is given below. 

1. The concentration of gelatine in the phantom (which would determine the stiffness 

of the phantom) is decided, and the ingredients are prepared accordingly.  

2. Distilled water is boiled for 30 minutes for degassing. 

3. The degassed water is heated and maintained at a temperature of 90° C. 

4. While the water is being stirred with a magnetic stirrer, gelatine is added slowly to 

the water to prevent them from forming lumps. 

5. The solution is continuously mixed until the gelatine powders are completely 

dissolved (the solution becomes transparent). The time required for this process is 

subject to the amount of the solution. 

6. Graphite powder is slowly mixed into the solution to prevent them from forming 

lumps. The graphite particles are added as the ultrasound scatterers. 

7.  The solution is stirred for another hour to ensure uniform distribution of the 

scattering particles. 

8. Silicone oil of 1000 cSt is added to the solution in order to aid the phantom from 

quickly taken out from the mold and to add more elasticity to the phantom. 

9. Mixed a certain amount of alcohol into the mixture to prevent the growth of bacteria 

to extend the lifetime of the phantom.  

10. The heating is stopped, but the solution is kept under constant stirring to avoid any 

settlements until the temperature drops below 60° C. 

11. The mold containing the phantom is transferred into the ice water bath to accelerate 

solidification. 
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12. The mold is now transferred into the fridge from the ice water bath and waited for 

24 hours to let it become solidified.  

13. The solid phantom is removed from the mold and usually preserved in a plastic 

wrap to minimize the evaporation of water content. The phantom is then preserved 

in the refrigerator.  

The phantom is taken out from the fridge a few hours before the experiment to ensure that 

it is at room temperature during the time of the experiment. This procedure was essential 

since the viscoelastic properties, and sound speed of the phantom varies with the 

temperature. Based on the observation of constructed multiple phantoms, the gelatine based 

hydrogel phantom lasted longer with the addition of the isopropanol and silicon oil as they 

prevented the formation of mould and reduced the evaporation of water from the phantom. 

A photo of the constructed Phantom B, mimicking the artery and surrounding soft tissue, 

is shown in Figure 3.10. The same polymer tube as the Phantom A is embedded in the 

constructed hydrogel phantom to mimic the artery. In Phantom B, the polymer tube is first 

inserted into the mould, and the hot tissue-mimicking gelatin-based phantom in liquid state 

is poured over/around the tube and allowed cool down. Once the phantom is solidified 

around the polymer tube, the mould is broken down to obtain the phantom, as shown in 

Figure 3.10. It is to be noted that the artery wall simulating polymer tube has been slightly 

deformed due to the phantom material surrounding the tube. The inner diameter of the 

polymer tube in this experiment is measured to be 9.55 mm, as opposed to the original 9.48 

mm of the polymer tube.    
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Figure 3.10 A photo of the constructed Phantom B, hydrogel-based 

tissue-mimicking artery phantom. 

 

The speed of ultrasound in the constructed gelatine-based phantom was measured to be 

1704 m/s. It is noted that precisely adjusting the acoustic properties such as the density, 

speed, and attenuation of the phantom was difficult and beyond the scope of this thesis. 

Therefore, the fabricated phantoms used in this thesis research were not adjusted to meet 

the recommended ultrasound properties for biological soft tissues (ultrasound velocity 

around 1540 m/s, and attenuation around 0.5 dB∙cm
-1

∙MHz
-1

) [29]. The purpose of the 

phantom experiments was to test the algorithms of artery detection and diameter tracking, 

but not the fabrication of the ideal tissue-mimicking phantom. The constructed phantom is 

used in the experiments to verify the proposed algorithms of artery wall detection, tracking, 

and diameter estimation. The experimental setup with Phantom B is shown in Figure 3.11. 
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Similar to the experimental setup with the Phantom A, the ultrasound probe was placed 

over the polymer tube simulating the artery with the help of the B-mode image using the 

PICUS clinical ultrasound imaging system. The water is pumped into the polymer tube 

with the help of a syringe as same as the Phantom A.  

 

                     

Figure 3.11 Experimental setup for data acquisition of phantom B. 

The B-mode image of the hydrogel-based phantom and the corresponding motion of the 

polymer tube simulating the artery wall at the scan line 100 is given in Figure 3.12. It is 

seen that the graphite particles introduce scattering noise in the B-mode image that is 

acquired.  
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Figure 3.12 B-mode image of Phantom B (A) and the 

corresponding M-mode image (B) for the scan line #100. 

As explained in Section 3.1.1.2, the sample number representing the depth in the M-mode 

image is twice as that of the sample number representing the depth in the B-mode signal. 

It is observed that along with the scattering noises due to the graphite particles in the 

phantom B, there are artifacts, in which the contrast of the distal walls are missing at the 

scan lines of around #30 and #60. These artifacts are caused probably due to the air bubbles 

in and around the upper (proximal) wall of the polymer tube. These air bubbles reflect the 
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ultrasound and do not allow further transmission into the deeper region. There is also a 

possibility that at the junction of the hydrogel soft tissue-mimicking material and the 

polymer tube, there might have been a small amount of a gap filled with fluid or air bubbles. 

The air bubbles cause the ultrasound signal to be reflected or scattered, causing the noisier 

region around the proximal walls at around #30 and #60 [75]. Along with the motion of 

the polymer tube walls inside the phantom B, the motion of the surrounding tissue-

mimicking phantom is also observed in the M-mode image due to the speckle echoes 

resulted from the scatterers, as shown in Figure 3.12 (b). Later, this is also seen in the case 

of in-vivo based experiments. The surrounding tissues of the artery also experienced some 

motion due to the expansion and contraction of the arteries. 

 

3.2.2 In-Vivo experiments with a human subject 

After evaluating the performance of the proposed algorithm to detect and track the location 

of the arterial wall in the Phantom A  and the phantom B, the algorithm that is performing 

the best is tested on the ultrasound data acquired from the right common carotid artery of 

human subjects using the PICUS system and WUS system. The experiment with a human 

volunteer was approved by the Carleton University ethics board. The ultrasound rf signal 

from the right common carotid artery of eight human volunteers is collected for this thesis 

research and is assumed to be the population dataset. It is noted that after assessing the 

performance of the proposed algorithms with the ultrasound rf signal data acquired with 

the PICUS clinical ultrasound system, the algorithm that performs the best in the phantom 

experiments (to be discussed in chapter 5) is selected and used for the in-vivo experiments 

with the human subjects. The selected algorithm is also tested on the ultrasound rf signals 
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signal acquired with the WUS system in M-mode. The in-vivo experimental setups for the 

acquisition of the ultrasound rf signal at the common carotid artery using the PICUS 

clinical ultrasound imaging system and the WUS system explained in Section 3.3.1, are 

given in Figures 3.13 and 3.14, respectively.  

 

Figure 3.13 Experimental setup for in-vivo data acquisition for the 

common carotid artery using PICUS clinical ultrasound imaging 

system with a linear array probe. 
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Figure 3.14 Experimental setup for in-vivo data acquisition for the 

common carotid artery using WUS. 

 The data acquisition procedure for the first human test subject was guided by a medical 

practitioner, cardiovascular specialist. The detailed procedure of the in-vivo experiment 

using PICUS clinical ultrasound imaging system and WUS system as guided by the 

medical practitioner is given below. 

• The human subject is made to rest in a comfortable position, and the right carotid 

artery pulse is felt by manually by pressing the finger against the larynx.  

• The PICUS clinical ultrasound linear probe with the copulant gel is placed 

transverse to the artery such that the transverse cross-section of the common carotid 

artery is observed in the B-mode image. The PICUS clinical ultrasound probe is 

adjusted in such a way that the center of the common carotid artery appears in the 

middle of the B-mode image, in which the center of the carotid artery is beneath 

the middle of the linear probe.  
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• The mid-point position of the transducer over the right common carotid artery is 

marked using a marker, and the probe is rotated to align itself along with the 

longitudinal position of the right common carotid artery. 

• The PICUS clinical ultrasound is now fixed using the probe holder at a chosen 

desired position, and the B-mode image and the corresponding ultrasound rf signals 

are acquired for 6 seconds using the PICUS clinical ultrasound imaging system. 

This procedure is repeated three times for every human subject to obtain enough 

data to evaluate the proposed algorithms of automatic artery detection and diameter 

tracking (to be discussed in Chapter 4).  

• After acquiring the ultrasound rf signals using the PICUS clinical ultrasound 

system, the WUS system is used to acquire the ultrasound rf signal at the same 

location as the right common carotid artery of the human subjects. The WUS is 

attached with the ultrasound copulant gel and fixed using an adhesive tape at the 

same position, which was marked in the in-vivo experiment with the PICUS 

system).  

• Ultrasound rf signals were acquired for about 12 seconds in each M-mode 

acquisition using the WUS is obtained. The acquisition condition of the WUS 

system was explained in Section 3.1.2.2. 

 

The B-mode image of the common carotid artery of a human subject acquired using the 

PICUS clinical ultrasound system and the ultrasound rf signal M-mode image of the artery 

wall corresponding to the B-mode scan line #80 are given in Figure 3.15 (A) and (B), 

respectively.  
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Figure 3.15 B-mode image (A) of in-vivo experiment and the 

corresponding ultrasound rf signal M-mode image (B) at the B-

mode scan line #80. 

By comparing the B-mode images of the in-vivo experiment with that of Phantom B in 

Figure 3.12 (A), it is seen that the tissue-mimicking phantom exhibited the similar noisy 

signal observed in the in-vivo B-mode image. Further, with the help of the guidance 

provided by a medical practitioner, the artery walls are located in the B-mode image and 

the M-mode image.  It is easier to identify the artery wall in a B-mode image once the 
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corresponding M-mode signal at a scan line of interest is observed because the motion of 

the artery wall due to the blood flow is evident in the M-mode rf signal image. It is noted 

that this feature of artery wall motion can be used as a feature to locate the presence of the 

artery proximal and distal walls in the M-mode rf ultrasound signal. Figure 3.16 presents 

the M-mode ultrasound rf signal image of the right common carotid artery of a human 

subject acquired with the WUS system. The opposite motion of the artery proximal and 

distal walls is observed.  

 

 

Figure 3.16 M-mode ultrasound rf signal image of the right 

common carotid artery of a human subject acquired with the WUS 

system. 

The distal wall observed in Figure 3.16 is faint as compared to the proximal wall. It is 

because the ultrasound signal energy generated by the WUS composed of a signal UT made 

of a PVDF piezoelectric polymer is smaller than that generated by the clinical ultrasound 
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imaging probe composed of array UTs made of PZT piezoelectric ceramic [73]. The 

developed algorithm is also tested on the ultrasound rf signal acquired with the WUS 

system. The result is also compared with that of the PICUS clinical ultrasound system. 
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Chapter  4:  Algorithm development for artery region detection and lumen diameter 

tracking 

 

In this chapter, the algorithm to perform the task of automatic artery wall detection and 

lumen diameter tracking is explained. As discussed in Section 2.2.6, artery lumen diameter 

tracking using the M-mode ultrasound image by a single UT is an efficient and cost-

effective method. The flowchart explaining the process of artery diameter detection using 

M-mode ultrasound rf signal is given in Figure 4.1. 
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Figure 4.1 Flowchart of artery wall detection and lumen diameter 

tracking process using M-mode ultrasound rf signal. 

 

In the case of B-mode imaging, the ultrasound image of tissues and organs is visible in the 

display monitor, and this helps the operator to adjust and place the transducer exactly over 

the artery, which is the region of interest.  However, in the case of an M-mode ultrasound 

rf signal from a single UT, the operator cannot be sure if the UT is placed over the artery 

for the ultrasound signal acquisition. Hence, the proposed algorithm is designed to assist 

the operator by automatically detecting the region containing the artery for tracking the 
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change in the artery lumen diameter during a cardiac cycle. The algorithm proposed to 

track the lumen diameter using an M-mode image is, therefore, subdivided into two 

sections: artery wall region detection and lumen diameter tracking. This chapter explains 

the development of a methodology for the artery wall region detection and lumen diameter 

tracking. 

 

This chapter is organized in the following manner. A machine learning-based classifier is 

proposed in this thesis to detect the region in M-mode image that contains the artery wall 

in Section 4.1. The process of creating a ground truth, extracting features, and designing a 

group of classifiers to evaluate the performance is explained in Section 4.1. The classifiers 

are evaluated based on their overall performance in different environmental conditions 

(Phantom A, Phantom B and in-vivo human subject), as explained in Section 3.2. After 

evaluating the performance of different classifiers, the classifier with the best performance 

is then used as the classifier (or detector) for arterial wall region selection. Once the 

classifier identifies the region containing the artery wall, the technique to detect the inner 

wall of the artery and track the lumen diameter during the cardiac cycle is explained in 

Section 4.2. 

 

4.1 Artery wall region detector   

The artery wall region is a subset of the M-mode image formed by the acquired rf signal 

of the wall echoes from the UT. The artery wall that is closer to the UT is referred to as 

proximal wall (PW), while the farther one is referred to as distal wall (DW) henceforth.  
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Figure 4.2 Conceptual sketch of the common carotid artery and 

expected ultrasound echo peaks indicating the locations of the 

artery walls. 

Figure 4.2 shows the conceptual sketch of the ultrasound wall echoes from the common 

carotid artery in A-mode signal. The ultrasound travels through soft tissues and fluids, and 

it also reflects at the tissue boundary surfaces depending on the echogenicity of the tissues. 

The artery walls create an echo in the ultrasound rf signals which are called wall echoes. 

The wall echoes 1 and 2, shown in Figure 4.2, corresponds to the proximal outer and 

proximal inner echoes, respectively, while those 3 and 4 correspond to distal inner and 

distal outer echoes. The proximal outer and inner walls together are called as proximal 

wall, while the distal outer and inner walls together are called as distal wall. The d12 and 

d34 correspond to the thicknesses of the proximal and distal artery walls, respectively. The 

distance between the echoes 2 and 3 is the lumen diameter of the artery. The process of 
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segmenting and labeling a subsection of the M-mode image is called ground truth creation 

and is explained in the following section. 

 

4.1.1 Ground truth creation of the artery wall region by manual segmentation 

The B-mode image acquisition system contains a display that guides the operator to place 

the ultrasound probe over the artery. In the case of using a single element UT, there is no 

display available to confirm the placement of the sensor or transducer over the common 

carotid artery. Hence, a classifier is trained to provide confirmation. As explained in 

Section 2.1.1, the M-mode signal is acquired with UT over the artery. The machine learning 

based-classifier then segments the subset of the M-mode signal into a region containing 

either proximal wall, distal wall or no boundary. Since a supervised machine learning 

approach is used in this thesis, a classifier is trained with the labeled subsets of the M-mode 

signal. To obtain the labeled subsets and to better evaluate the performance of the classifier, 

it is necessary to have data from different acquisition conditions and locations.  This is 

done with the help of the B-mode image obtained by the PICUS clinical ultrasound imaging 

system, which consists of 128 equally spaced A-mode scan lines, as explained in Figure 

2.2. Hence, the B-Mode signal obtained by the PICUS clinical ultrasound probe, placed 

longitudinal direction to the common carotid artery, contains 128 A-mode signals, at the 

different regions of the artery. To manually locate the region containing the artery wall in 

the ultrasound rf-signal, a subset of the ultrasound rf signal containing the artery wall 

should be specified by the observer. The observer defines the location of the artery wall 

region by specifying the range of the depth (sample number) in the ultrasound rf signal. By 

specifying the range along depth (sample number), a subset of the ultrasound rf signal 
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containing the artery wall echo is selected.  The size of the subset is decided based on 

factors such as the thickness of the artery wall, artery wall motions during the cardiac cycle, 

and the tissues surrounding the artery wall. Since the subset is to be manually specified for 

all the A-mode scan lines obtained using the PICUS clinical ultrasound probe, an algorithm 

to manually specify the region containing the artery wall is explained in the flow chart 

given in Figure 4.3. 

 

Figure 4.3 Flowchart of the A-mode scan line segmentation 

process.  
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Based on the observation from a B-mode image, the region containing the artery wall is 

manually specified to be within a certain depth. The lines (orange lines) in Figure 4.4, 

specifying the region, along with the depth, are called as manual segmentation lines. The 

upper manual segmentation lines specify the range of depth in which the proximal wall of 

the artery is observed, while the lower manual segmentation line gives the range of depth 

in which the distal wall is observed. Figure 4.4 and Figure 4.5 shows the manual 

segmentation line being specified in the B-mode image of the water-based phantom A and 

how it translates to specifying a subset of ultrasound rf signal containing the artery wall. 

 

 

Figure 4.4 Manual selection of the artery wall region in a B -mode 

signal with water-based phantom A. 

The upper and lower manual segmentation lines are manually specified by defining the 

range of the depth (sample number) in the B-mode signal. The manual segmentation line 
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in the B-mode image translates to specifying a subset of the ultrasound rf signal containing 

either of the artery walls, for all the 128 A-mode scan lines. The peak of the ultrasound rf 

signal echo observed in the subset is located with the help of a simple peak detection 

technique [82] on its envelope. The envelope of the acquired ultrasound rf signal 𝑥[𝑖] is 

given as 𝑒[𝑖], calculated as given in the Equations (4.1) and (4.2).  

 

 

 

 

where 𝐷𝐻𝑇{𝑥[𝑖]} is the Discrete Hilbert transform 𝑥[𝑖] given by the following Equation 

(4.2). 

 

 

 

 

 

The ultrasound rf signal obtained is noramilized to an amplitude range from -1 to 1. Hence, 

the envelope 𝑒[𝑖] is normalized to an amplitude range from 0 to +1. The envelope of the 

ultrasound rf signal is called as the A-mode signal. The location of the peak of the first wall 

echo obtained within the upper manual segmentation lines corresponds to the location of 

the proximal outer wall, while the location of the peak of the first wall echo obtained within 

the lower manual segmentation line corresponds to the distal inner wall. Subsets of the rf 

ultrasound signal containing the proximal wall echoes and distal wall echoes, respectively, 

 𝑒[𝑖] = √𝑥[𝑖]2 + 𝐷𝐻𝑇{𝑥[𝑖]}2 (4.1) 
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are obtained using a one-dimensional window of fixed length called as a gate. The size of 

the gate (𝐺𝑠𝑖𝑧𝑒), for the phantom and the in-vivo experiments are based on the thickness of 

the artery walls and the artery wall motions due to the cardiac cycle. It is also essential to 

make sure a portion of the tissue surrounding the artery and blood inside the artery is 

included in the gate as they can be used as a feature to locate the artery wall. As per the 

design considerations of the algorithm proposed, the value of the gate length in the sample 

number should be a multiple number of five.  After observing the thickness of the artery 

wall [6], [9], [50], maximum distension due to the cardiac cycle and the speed of the 

ultrasound in the human tissue, a gate size of 4.62 mm (200 sample points) is chosen for 

the case of the in-vivo based experiments with the PICUS clinical ultrasound imaging 

system. 

 

Similarly based on, the thickness of the polymer tube, the maximum distension of the tube 

caused due to the manual pumping and the speed of the ultrasound in the Phantoms A and 

B, a gate size of 4.5 mm (200 sample points) and 5 mm (200 sample points) is chosen, 

respectively. In case of the human in-vivo signals from the WUS system, a gate size of 

4.93 mm ( 800 sample points) is chosen. The echoes (proximal wall echoes and distal wall 

echoes) in the upper and lower manual segmentation, respectively,  are found with the help 

of a simple peak detection technique as given in [82]. The location of proximal outer wall 

echo (in case of upper manual segmentation line) and distal inner wall echo (in case of 

lower manual segmentation line) are identified by locating the first wall echoes observed 

within the segmentation lines respectively. The location of the first echo observed within 

the manual segmentation line is considered as the reference point and the starting and 
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ending point of the gate (one-dimensional window) around the first echo (reference point) 

is shown in Figure 4.4 and Figure 4.5. 

 

 

 

Figure 4.5 Gate selection of artery wall region in the A-mode 

signal. 

In Figure 4.5, the location of the wall echo (maximum peak in A-mode signal) of proximal 

outer wall echo is considered as the reference point, and the boundary of the gate is 
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specified. The starting point of the gate is at a distance of  (
𝐺𝑠𝑖𝑧𝑒

4
) sample numbers to the 

left and the endpoint of the gate is at a distance of (
3 × 𝐺𝑠𝑖𝑧𝑒

4
)  sample numbers to the right 

from the echo peak. The same procedure is repeated to select the gate around the distal 

wall. 

 

After selecting the subsets (by placing the gates around the walls) containing the proximal 

wall and distal wall, the artery characteristic to expand and contract during the cardiac 

cycle is used to verify if the peaks of the echoes selected belong to the artery walls and not 

the stationary tissues. Since there is a consistent motion of the artery walls due to the 

cardiac cycle, the echoes from the artery walls shift their position. On examining the wall 

echo of the rf signals acquired over a period of time, it can be seen that the echoes 

corresponding to the proximal and distal walls of the artery move opposite direction to each 

other in a periodic manner. Therefore, such wall motions could be used as a feature to 

verify if the echoes belong to the proximal and distal artery walls.  

 

In order to track the echoes of the proximal and the distal wall, let 𝑃𝑊𝑡[𝑖] and 𝐷𝑊𝑡[𝑖] be 

considered as the segment of the ultrasound rf signal containing the proximal and the distal 

wall, respectively, at a time instance t.  The location of echo peak of the proximal outer  

and distal inner wall at is obtained using the simple peak detection method and is denoted  

by 𝑖𝑝𝑜𝑤 and 𝑖𝑑𝑖𝑤. The location of the distal inner and proximal outer wall at the time 

instance t+1 is given by Equations (4.3) and (4.4). 
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where 𝜏𝑝𝑤 and 𝜏𝑑𝑤 are the shifts of the echo peak in the proximal wall, and distal wall 

echoes, respectively, due to a cardiac cycle. These shifts are estimated by calculating the 

location of the maximum of the autocorrelation between the subset of the ultrasound rf 

signal (obtained using gate) containing the proximal wall acquired at the time instance 𝑡 

and 𝑡+1. Similarly, the shifts of the distal wall is obtained by obtaining locating the 

maximum of the autocorrelaion between the subset of the ultrasound rf signal (obtained 

using gate) containing the distal wall acquired at the time instance 𝑡 and 𝑡+1  The shifts are 

obtained using the Equation (4.5) & (4.6) 

 

 

 

 

where R is the autocorrelation between two rf signals denoted by 𝐷𝑊𝑡 𝑎𝑛𝑑 𝐷𝑊𝑡+1, 

respectively, for the distal wall, and those of 𝑃𝑊𝑡 𝑎𝑛𝑑 𝑃𝑊𝑡+1, respectively, for the 

proximal wall. The location of the maximum value of the R gives the amount of the shift, 

𝜏, of the wall echo peak. The autocorrelation between two real discrete signals two rf 

signals 𝐷𝑊𝑡 𝑎𝑛𝑑 𝐷𝑊𝑡+1is given by Equation (4.7), while the autocorrelation between 

𝑃𝑊𝑡 𝑎𝑛𝑑 𝑃𝑊𝑡+1 is given by Equation (4.8). 

 

 𝐷𝑊𝑡+1[𝑖𝑑𝑖𝑤] = 𝐷𝑊𝑡[𝑖𝑑𝑖𝑤 + 𝜏𝑑𝑤[𝑡]] (4.3) 

 𝑃𝑊𝑡+1[𝑖𝑝𝑜𝑤] = 𝑃𝑊𝑡[𝑖𝑝𝑜𝑤 + 𝜏𝑝𝑤[𝑡]] (4.4) 

 𝜏𝑑𝑤[𝑡] = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑅𝐷𝑊𝑡,𝐷𝑊𝑡+1) (4.5) 

 𝜏𝑝𝑤[𝑡] = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑅𝑃𝑊𝑡,𝑃𝑊𝑡+1) (4.6) 
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The Pearson coefficient (𝑟), which measures the linear relationship between the two 

datasets is used to identify the relationship between the proximal and the distal wall 

distension. Since the proximal and the distal wall of the artery are moving in the opposite 

direction to each other, the Pearson correlation coefficient of the distension of the proximal 

outer wall and distal inner wall should be negative [20], [83]. The distension of the 

proximal outer and the distal inner artery wall is given by 𝜏𝑑𝑤[𝑡] and 𝜏𝑝𝑤[𝑡] , and the 

Pearson correlation coefficient between the distension is calculated using Equation (4.9) .  

 

 

 

 

The motion profiles of the proxima and distal wall echoes, whose Pearson correlation 

coefficient is negative, is used for ground truth creation. A two-dimensional window of 

fixed size is slid over the M-mode signal to obtain a smaller subset of the M-mode signal. 

The subsets obtained using the two-dimensional window are called segmented windows 

and are classified into one of the three categories of proximal, distal, or no boundary (no 

wall region). Since the location of the artery wall region for a selected A-mode scan line is 

known, the segmented windows can be labeled into one of the three categories of the 

 
𝑅𝐷𝑊𝑡,𝐷𝑊𝑡+1[𝑖] = ∑ 𝐷𝑊𝑡[𝑚]𝐷𝑊𝑡+1[𝑚 − 𝑖]

∞

𝑚=−∞

 
(4.7) 

 
𝑅𝑃𝑊𝑡,𝑃𝑊𝑡+1[𝑖] = ∑ 𝑃𝑊𝑡[𝑚]𝑃𝑊𝑡+1[𝑚 − 𝑖]

∞

𝑚=−∞

 
(4.8) 

 
𝑟 =

∑𝑡=1
𝑛 (𝜏𝑝𝑤[𝑡] − 𝜏𝑝𝑤)(𝜏𝑑𝑤[𝑡] − 𝜏𝑑𝑤)

√∑𝑡=1
𝑛 (𝜏𝑝𝑤[𝑡] − 𝜏𝑝𝑤)2(𝜏𝑑𝑤[𝑡] − 𝜏𝑑𝑤)2

 
(4.9) 
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proximal wall, distal wall, or no boundary. Figure 4.6 shows the segmented window in an 

M-mode signal. 

 

 

 

Figure 4.6 Segmented window in an M-mode signal. 

Since the M-mode signal is a collection of the A-mode signals along time,  by design, the 

gate length translates to the height of the segmented window. The width of the window is 

selected to capture the temporal dynamics of the cardiac artery cycle. As explained in 

Section 2.1.1, the pulse repetition rate or frame rate of the PICUS clinical ultrasound 

system used in this thesis is 30 Hz. A width of 30 frames captures at least one complete 

cardiac cycle, given that the heart rate is above 60 beats per minute (bpm).  In the case of 

the WUS system, the frame rate is 1000 Hz, and a width of 1000 Hz captures at least one 
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complete cardiac cycle. Hence, the width of the segmented window for the case of the 

PICUS clinical ultrasound system is chosen 60 frames, and in the case WUS system, it is 

2000 frames, in order to have at least two cardiac cycles in the window. Similarly, the depth 

of the segmented in case of the signal acquired from the WUS system is 800 sample points 

(i.e., With 125 MHz sampling rate:1540 m/s x 8ns x 800/2=4.928 mm )as it covers the 

artery wall thickness and the artery wall motion range during the cardiac cycle. The size of 

the segmented window in the case of the M-mode signal with the WUS system is of the 

size 800 sample points (window height) × 2000 frames (window width) and the size of the 

segmetned window for M-mode signal with PICUS clinical ultrasound system is 200 

sample points (window height) × 60 frames (window width). In order to create a set of 

labeled segmented windows to train the classifier, a segmented window is obtained for 

every ( 
𝑤𝑖𝑛𝑑𝑜𝑤 ℎ𝑒𝑖𝑔ℎ𝑡

5
 ) sample points along the fast-time domain and every frame along the 

frames of the M-mode signal. The stride length of  ( 
𝑤𝑖𝑛𝑑𝑜𝑤 ℎ𝑒𝑖𝑔ℎ𝑡

5
 ) sample points or an 

overlap of 20% is selected experimentally to strike a balance between creating a diverse 

set of data and the computational resource available.  Since the region containing the artery 

walls for every A-mode scan line is already known using the technique mentioned above, 

the segmented window containing either of the walls is labeled as a proximal wall or distal 

wall, respectively. While the remaining segmented windows, which do not contain the 

artery wall, are labeled as no boundary. The labeled segmented windows that are obtained 

using this method are the ground truth for the classifier. 
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4.1.2 Feature Extraction for automatic wall region detection 

The segmented window which is a two-dimensional matrix, has columns that represent the 

depth and rows that represent the frames. Features are extracted along both the columns 

(depth) and rows (frames) of the segmented window. The features obtained along fast-time 

are called the fast-time features, and the features obtained along the columns, i.e., frames, 

are called the slow-time features. It is to be noted that only the time domain features are 

considered for the feature extraction of the segmented windows since it is computationally 

faster to calculate than the frequency domain features. The main aim of the feature 

extraction is to capture the pattern of the data observed in the segmented window.  

 

4.1.2.1 Fast-time features  

The features that are obtained by selecting the columns, i.e., along the depth of the 

segmented window, are called the fast-time features. The columns of the matrix 

representing the segmented window contains a segment of the ultrasound rf signal along 

the depth.  The segmented window containing the proximal and the distal wall contains the 

rf signal of the wall echoes reflected by the artery walls, while the segmented window 

classified as the no wall regions may not contain rf signal of the wall echoes. In this section, 

the fast-time features of the rf signal along the depth including energy, maximum amplitude 

and minimum amplitude will be discussed. 

 

Signal power along fast-time 

The signal power obtained along the columns of the segmented window represents the 

power of the signal along the depth. The signal power obtained is used as a fast-time feature 



 88 

for the classifier. Let, X(i, z) be the segmented window of the M-mode signal. The average 

signal power along the fast-time for the segmented window selected is given by the 

Equation (4.10). 

 

 

where N is the height of the segmented window (gate length), and M is the width of the 

segmented window (number of A-mode scan line frames in a segmented window).  If the 

segmented window contains the region of the artery wall in them, there is a wall echo 

observed in the rf signal of the segmented region. The signal power obtained in the segment 

containing the echo is higher than the segment without the echo. Since this is a fast-time 

feature, the signal power along the columns, i.e., the average signal power of the acquired 

signal along the depth for all the frames in the segmented window, is considered as fast-

time signal power of the segmented window. The distribution of the fast-time signal power 

across the various labeled segmented windows for the case of Phantom A, Phantom B, and 

the in-vivo experiments are given in Figure 4.7, which is a kernel density estimation of the 

histogram values. 

 
𝐸 =

∑ ∑ |𝑋(𝑖, 𝑧)|2𝑁
𝑑=1

𝑀
𝑓=1

𝑀 ×𝑁
 

(4.10) 
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Figure 4.7 Distribution of signal power along fast-time for (A) 

Phantom A, (B) Phantom B, and (C) In-vivo. 

On observing the distribution of the fast-time signal power for all the three cases, it is seen 

that the signal power for different segmented windows are not distinct, as there is an 

overlap in the distribution of signal power for different segmented windows. This energy-

based feature along the fast-time domain shows the need for more features to improve the 

classification performance of the classifiers. There is an overlap between the no boundary 

and the wall region, observed in the case of the Phantom A, due to the bounce back, as 

explained in Section 3.2.1.2. In the case of Phantom B and the in-vivo experiments, the 

overlap is due to the scattering noise and other tissues in the no-boundary region. 
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Maximum amplitude along the fast-time domain. 

The maximum amplitude along the fast-time domain translates to the peak detection 

technique applied to the A-mode rf signal 𝑥[𝑖]  to locate the boundary echoes. The 

maximum amplitude along the fast-time domain is obtained by selecting the maximum 

value along the columns (i.e., along depth) of the segmented window. In the segmented 

window, the columns represent the fast-time domain of the signal. The average of the 

maximum value along the columns of the segmented window of ultrasound rf signals 

represents the maximum amplitude along the fast-time domain for the given segmented 

window. If there is a presence of wall in the segmented window region, then due to the 

echo produced by the wall, the maximum amplitude in the segment is higher as compared 

to the rest of the regions.  
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Figure 4.8 Distribution of maximum amplitude along fast-time for 

(A) Phantom A, (B) Phantom B, (C) In-vivo.  

From Figure 4.8, it is observed that in the case of the Phantom A, the maximum amplitude 

that is observed in the segmented window containing the wall has a higher value of 

amplitude than the region that does not include the artery wall. But it is not the case for the 

Phantom B and in-vivo experiments. It is because of the fact that higher signal amplitudes 

are also observed on the echoes created by the scattering noises in the stationary tissues. 
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Minimum amplitude of the negative peaks of rf-signals. 

Similar to the previous feature that is observed, the minimum value of the columns of the 

segmented window represents the minimum value in the region of depth covered by the 

segmented window. It is obtained by the average of the minimum amplitude value along 

the columns of the segmented window containing the ultrasound rf signals. If there is a 

presence of wall in the segmented window region, then due to the echo produced by the 

wall, the minimum value in the segment is lower than the rest of the areas. Since the 

segmented window contains a collection of ultrasound rf signals, the minimum value of 

the region containing the proximal wall and distal obtained should be comparatively lower 

than the minimum value obtained in the region containing no wall. The distribution of the 

values obtained for the labeled segmented windows is shown in Figure 4.9. 



 93 

 

Figure 4.9 Distribution of minimum amplitude along fast-time for 

(A) Phantom A, (B) Phantom B, (C) In-vivo.  

In Figure 4.9, it is seen that the distribution of the minimum amplitude value along fast-

time for different segmented windows with the wall is different from that of the one without 

an artery wall in it. In the case of the phantom-based experiments, there is an overlap 

between the distribution of the values obtained for the region of no boundary and artery 

walls. In the case of Phantom A, bounce backs are observed in the rf signals which creates 

an echo in the region of no artery walls. This bounce backs as explained in Section 3.2.1.2, 

attributes to the overlap in the distribution of minimum amplitude value along fast-time for 
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the segmented windows containing walls and no boundaries. In the case of the gelatine-

based tissue-mimicking phantom, there are echoes observed due to the scattering particles 

in the phantom, which causes an overlap in the distribution. In the case of the in-vivo based 

experiments, the overlap in the distribution is because of scattering echoes from the 

stationary tissues around the artery wall. 

4.1.2.2 Slow-time features 

The features that are obtained along the rows of the segmented windows are called as the 

slow-time features. Each value in a row corresponds to the value of the ultrasound rf signal 

obtained along the frames for a fixed depth length. The slow-time features that are 

considered in this thesis research are maximum amplitude, minimum amplitude and fractal 

dimension, along the slow-time domain. Since the slow-time features are along the rows 

of the segmented window, a feature is calculated for each row in the segmented window.  

Each row in the segmented window can be considered as a time series, as it represents the 

values of the ultrasound rf signals for a fixed depth length over a fast time period. The 

number of rows in the segmented window (height) is selected as per the conditions 

explained in Section 4.1.1. As per the conditions, the height of the segmented window is 

selected, such that it includes the artery wall thickness, its motion due to cardiac cycle and 

tissue around the artery and blood in the artery lumen. Since the segmented window also 

contains a part of the surrounding tissue along with the artery wall, it is sub-divided into 

five equal subsections (DR1 , DR2, DR3, DR4 and DR5) along the depth. The slow 

segmented windows are divided into five subsections because the height of a subsection is 

approximately equal to the thickness of the artery wall considered. Each subsection 

contains I data points of the rf signal, where 𝐼 is given by   (
𝐻𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑒𝑑 𝑤𝑖𝑛𝑑𝑜𝑤

5
). 
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The height of the segmented window, as discussed in Section 4.1.1, is 200 sample points 

for the signal acquired using PICUS clinical ultrasound system. Hence, the size of each 

sub-section (DR) is of size 40 sample points. The average of the feature obtained in each 

chosen subsection is then considered to represent the slow-time feature in the subsection. 

Thus, for every slow-time feature, we have five values representing the five subsections of 

the segmented window. Thus, the average of the feature value obtained for each subsection 

can determine if the artery wall exists in the subsection.     

 

Maximum amplitude  

The echoes in the acquired rf signal along the fast-time domain may be resulted from artery 

wall boundaries and/or scatterers in the tissues. Due to this, obtaining the maximum 

amplitude to detect the presence of the artery wall might be misleading. Thus, it would be 

helpful to also include the features along the slow-time domain to differentiate peaks from 

artery wall echoes of interest from those from the undesired echoes, in order to improve 

the reliability and accuracy of the proposed algorithm of artery wall detection. The 

maximum amplitude value in each row of the segmented window (time series), formed by 

the subset of the ultrasound rf signal, is considered as a slow-time feature. Since the artery 

walls are moving along slow-time domain, depending on the movement of the artery walls, 

the maximum amplitude observed in the subsections of a segmented window will vary. 

The maximum amplitude of each subsection in a segmented window is calculated by 

averaging the maximum amplitude values of all the rows in each subsection. In Figure 4.10 

(A) and (B), it is observed that the maximum amplitude value of the subsection with artery 

walls is higher than that of the region without artery walls.  
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Figure 4.10 M-mode signal and the corresponding maximum 

amplitude along slow-time for Phantom A(A), Phantom B(B), and 

in-vivo (C). 

Figure 4.10 shows how the maximum amplitude is distributed along the frames when the 

artery walls undergo a quasi-periodic movement. Further, it is observed in Figure 4.10 (C) 

that the region that contains the stationary tissues at the depths of 0-300 and 1000-1200 has 
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a high amplitude observed along the slow-time region as well, but is different from the one 

of the moving tissues as the distribution of the maximum amplitude along the depth in the 

case of the moving tissues is more wider as compared to that of the stationary tissues. Thus, 

for a selected segmented window, there are N values of maximum amplitude along slow-

time. These N values are averaged into five values, each representing a subsection. The 

distribution of the maximum amplitude along the slow-time is given by the five values 

obtained by averaging the echo amplitude in each of the five sub-divided segments (from 

DR1 to DR5) of the segmented window. The results are presented in Figures 4.11 – 4.15, 

respectively. 
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Figure 4.11 Distribution of maximum amplitude values in 

𝑫𝑹𝟏 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.12 Distribution of maximum amplitude values of 

𝑫𝑹𝟐 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.13 Distribution of maximum amplitude values of 

𝑫𝑹𝟑 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.14 Distribution of maximum amplitude values of 

𝑫𝑹𝟒 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.15 Distribution of maximum amplitude values of 

𝑫𝑹𝟓 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 

It is observed in Figure 4.11 (B) (C)-Figure 4.15 (B) (C) that the averaged maximum 

amplitude of the rf ultrasound signal along the slow-time domain for all the three categories 

(proximal artery wall, distal artery wall, and no artery wall boundary) of the segmented 

window is overlapping with each other for the Phantom B and in-vivo subject. The overlap 

is because the segmented windows labeled as no boundary regions also contain echoes due 

to the scattering noises from the stationary tissues in the case of the Phantom B and in-vivo 

experiments. On observing Figure 4.11 (A) – Figure 4.15 (A), it is clear that the maximum 

amplitude values observed in the subsection regions DR3 and DR4 has no overlap between 
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the no boundary region and wall region which can be used as a feature to classify the 

segmented windows.    

 

Minimum amplitude  

Similar to the feature of the maximum value of the ultrasound rf signal along the slow-time 

domain, the minimum value along the slow-time domain captures the artery wall as shown 

in Figure 4.16. 

 

 



 104 

 

 

Figure 4.16 M-mode signal and the corresponding minimum 

amplitude along slow-time for (A) Phantom A, (B) Phantom B, (C) 

In-vivo. 

 

The distribution of the minimum amplitude averaged in each subsection along the slow-

time is given in Figure 4.17-Figure 4.22. 
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Figure 4.17 Distribution of minimum amplitude values of 

𝑫𝑹𝟏 values along slow-time for (A) Phantom A, (B) Phantom B, (C) 

In-vivo. 
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Figure 4.18 Distribution of minimum amplitude values of 

𝑫𝑹𝟐 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.19 Distribution of minimum amplitude values of 

𝑫𝑹𝟑 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 
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Figure 4.20 Distribution of minimum amplitude values of 𝑫𝑹𝟒  

along slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 
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Figure 4.21 Distribution of minimum amplitude values of 

𝑫𝑹𝟓 along slow-time for (A) Phantom A, (B) Phantom B, (C) In-

vivo. 

It is observed from the above Figure 4.17- Figure 4.21, that the distribution of the averaged 

values of minimum amplitude values along the slow-time of different segments is more 

separated in the case of Phantom A than the cases of Phantom B and in vivo subject. In the 

case of Phantom B and in-vivo based experiments, as observed in Figure 4.16, there is an 

overlap in the distribution of the averaged values due to the scattering echo noise from the 

stationary tissues.  
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Fractal dimension  

The concept of fractal dimension (FD) is a generalization of the Euclidean dimension that 

reflects the complexity of the self-similar structure of the object [84]. The rows of the 

segmented window are considered as a time-series as the same pattern of the artery wall 

motion is observed along the slow-time. This self-similarity of the time series translates to 

scale-invariant complexity. The FD is used in this thesis as the tissue characterizing feature 

as it provides a measure of “scale-invariant roughness” even when the object is not a fractal 

[84]. The FD is calculated for all the rows of the segmented window. Since, the rows of 

the segmented window are a time series, the FD of all the rows acts as a measure of the 

scale-invariant complexity of each row. The method to calculate the FD value is given in 

Appendix.  

 

The FD is predominantly used in the case of analysis of biomedical signals such as EEG 

[85]. Research has been done on the time series formed by numerous biological processes 

including blood pressure and heart rate [86]. The primary assumption in most of these 

studies is that the fractal dimension of a time series reveals properties that are raised from 

complex internal nonlinear dynamics of the underlying process [84] (rather than those 

caused by environmental conditions and external noises). Based on this assumption, the 

FD is utilized in characterizing the tissue feature of the ultrasound rf signal in this thesis.   

 

Figure 4.22 shows M-mode signal and the fractal dimension of the time series obtained 

across different depths. In [87], it is presented that the fractal dimension value of 2 is an 

indicator of a white noise time series, and any correlated randomness in the time series 
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would alter the fractal dimension value from 2. A correlated randomness is defined as the 

correlation between the values that can be observed in a random signal.  The artery wall 

moves in a quasi-periodic motion due to the cardiac cycle. However, due to the other 

factors such as scattering noise and motion artifact, the time series observed at the depth 

where the artery wall is present exhibits correlated randomness in Fig. 4.22. The time series 

of the ultrasound rf signals observed at a depth where there is no artery wall exhibits 

complete randomness as there is no periodic motion-induced unlink the case of the artery 

wall. Figure 4.23 shows the fractal dimension observed at different depth for ultrasound rf 

signals acquired with Phantom A, Phantom B and human subject by PICUS clinical 

imaging system in M-mode.  
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Figure 4.22 M-mode signal and the corresponding fractal 

dimension values along slow-time (A) Phantom A, (B) Phantom B, 

(C) In-vivo. 

By observing Figure 4.22, it can be seen in the case of the water-based Phantom A that the 

value of the FD (approximately 2) of the time series in the region where there is no artery 

wall is completely different as compared to the region with the artery wall (approximately 

1.6). But, in the case of the gelatin-based Phantom B and the in-vivo human subject, the 

value of the fractal dimension that is observed in the region where the artery walls are 

present is approximately in the range of 1.2-14,  which is not much different from the 
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region surrounding the artery walls, which approximately ranges from 1.4-2.0 . This is 

probably due to the movement of the surrounding tissues along with the artery walls. The 

FD value observed for a time series with a correlated randomness is lower (around 1.2), 

while the FD of the time series of a random signal is around 2. The time series observed at 

the depth, the artery walls are present exhibits correlated randomness due to the quasi-

periodic motion of the artery walls. The quasi-periodic movement of the artery wall due to 

the cardiac cycle is also propagated to the tissues that are immediately surrounding the 

artery walls. Due to this, the time series (rows representing the time series of the 

surrounding tissues of the artery) observed in the region of the surrounding tissues of the 

artery wall also exhibit correlated randomness. The time series representing the stationary 

tissues has FD value that is different from the time series representing the moving tissue. 

The distribution of the average fractal dimension value for each of 5 subsections of the 

segmented window is given in Figure 4.23- Figure 4.27. 
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Figure 4.23 Distribution of fractal dimension value of 𝑫𝑹𝟏 along 

slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 
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Figure 4.24 Distribution of fractal dimension value of 𝑫𝑹𝟐 along 

slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 
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Figure 4.25 Distribution of fractal dimension value of 𝑫𝑹𝟑 along 

slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 
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Figure 4.26 Distribution of fractal dimension value of 𝑫𝑹𝟒 values 

along slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 
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Figure 4.27 Distribution of fractal dimension value of 𝑫𝑹𝟓 along 

slow-time for (A) Phantom A, (B) Phantom B, (C) In-vivo. 

On observing the distribution of the FD values for the segmented window in Figures 4.23-

4.27, it can be seen that the average of the FD values in the case of the water-based phantom 

A clearly distinguishes the region containing the artery wall and the region without it, 

despite the bounce-back (as explained in Section 3.2.1.2)  that is observed in Phantom A. 

In the case of the Phantom B and the in-vivo experiments, there is an overlap in the 

distribution of the average values of the fractal dimensions. The overlap in the distribution 

of the FD may be attributed to the fact that the region that does not contain the artery wall 

but close to the artery wall also moves due to the motion of the artery walls to an extent. 

This induced motion of the surrounding tissues causes the similar pattern to be produced 
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in the time series as that of the artery walls, which in turn has similar FD values as that of 

the time series pattern created by the moving artery walls.  

From Figure 4.22-4.27, it is seen that the fractal dimension along the slow time domain of 

the artery wall is a weak feature, as it is not able to clearly distinguish the artery wall from 

the no boundary region. But the value of fractal dimension, in combination with the other 

slow and fast-time features would be beneficial for the machine learning classifiers to 

classify the segmented regions in higher dimensions. Similarly, the manually extracted 

features such as the energy, max and min when used in conjunction with the features 

predicting the periodicity can be used to create a strong feature. The combination of the 

features when projected on a higher dimension could bring up the distinguishable pattern 

that can be classified by the machine learning classifiers. 

 

4.1.3 Feature pre-processing  

The extraction of features for a given segmented window is explained in Sections 4.1.2 and 

4.1.3. The features obtained for a given segmented window are of different metrics and 

scale. Hence a feature pre-processing technique is used to standardize the feature values. 

The effect of scaling the features in the performance of the machine learning algorithm is 

discussed in [84],[88]. For a given feature X, the standard score of 𝑧 is calculated using the 

Equation (4.11). 

 

 

Where X is the value of the feature considered, and 𝜎𝑋 is the standard deviation of the 

feature extracted X. The scaling process redistributes the features with their mean value of 

 
𝑧 =

(𝑋 − 𝑋𝑚𝑒𝑎𝑛)

𝜎𝑋
 

(4.11) 
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z,  𝑧𝑚𝑒𝑎𝑛=0 and standard deviation of z, 𝜎𝑧 = 1. It helps all features to be on the same scale 

relative to one another. Since the number of segmented windows representing the proximal 

and distal wall is less as compared to the number of segments with no boundaries, and there 

is a class imbalance in the dataset obtained. Training the classifier with the class imbalance 

will introduce a bias in the classifier. In order to address this problem, synthetic minority 

oversampling technique (SMOTE) is used to create a balanced dataset to train the classifier 

[89].  

 

 

 

4.1.4 Machine learning algorithms  

In this section, the performance of different machine learning (ML) algorithms for a given 

set of features presented in Sections 4.1.2 and 4.1.3 are compared against each other. Since 

there is no benchmark established to identify the effectiveness of the features considered, 

a group of machine learning algorithms are chosen and compared against each other. The 

performance of the model depends on the features selected. Chosen ML algorithms 

considered for comparison in this thesis are Linear Discriminant Analysis (LDA), K- 

Nearest Neighbor (KNN), Random Forest (rf), and Extreme Gradient Boosting (XGB). In 

addition to the machine learning algorithms mentioned above, the performance of 

Convolutional Neural Network (CNN) which extracts the features automatically from the 

segmented window, is also compared with the rest of the algorithms. The algorithms to be 

discusses in this thesis are chosen in such a way that it includes a parametric model (LDA), 

non-parametric model (KNN), meta-learning tree-based models (RF and XGB), and a 
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neural network-based model (CNN). The metrics used to compare the performance of the 

chosen algorithms are: Accuracy, F1 score, Area under the ROC curve, and the Precision-

Recall curve. Choosing the most suitable ML technique comes with a trade-off between 

the advantages and disadvantages that each approach possesses. The following algorithm 

is trained on the features discussed in Sections 4.1.2 and 4.1.3 to classify the segmented 

window into one of the three classes of a proximal artery wall, distal artery wall, or no 

artery wall boundary regions. 

 

 

4.1.4.1 Linear Discriminant Analysis (LDA) 

The Linear discriminant analysis (LDA) is used, as it is a simple and powerful linear 

classification algorithm that addresses the limitation of the logistic regression for the case 

of multiclass unbalanced dataset [30]. As explained in Section 2.1.2.1, LDA attempts to 

find linear combinations of predictor variables that best separate the groups of 

observations. The underlying assumption of LDA is that the features considered are 

Gaussian distribution and each feature has the same variance. The LDA projects the 

features that are derived in the higher dimension onto the lower-dimensional space. At first, 

the separability between the different classes is obtained by calculating the distance 

between the mean of the three classes (proximal artery wall, distal artery wall, and no artery 

wall boundary), which is called the between-class variance. Secondly, the distance between 

the mean and the sample of each class called the within-class variance is calculated. Since 

the actual mean vectors and covariance matrices are almost always unknown, the maximum 

likelihood estimates are used to estimate these parameters. The eigenvalues and the 
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eigenvector of the scatter matrices (between-class and within-class variance scatter matrix) 

are calculated. The first k sorted eigenvectors by the decreasing order of their eigenvalues 

are selected, and a lower-dimensional space is constructed. Lastly, a boundary is built to 

separate the classes by maximizing the between-class variance and minimizing the within-

class variance. In this thesis, linear discriminant is implemented with the help of the Scikit 

learn library [42].   

4.1.4.2 K- nearest neighbor (KNN) 

K-nearest neighbor is an instance-based learning explained in Section 2.1.2.2. Unlike the 

LDA, this algorithm does not assume the distribution of the features. The input features 

that are obtained in Sections 4.1.2 and 4.1.3 are represented as points in an n-dimensional 

space where n is the number of the features. Classification is computed from a simple 

majority vote of the nearest neighbors of each point: a query point is assigned to the data 

class, which has the most representatives within the K-nearest neighbors of the data point. 

The value of K is highly data-dependent and is selected with the process of grid searching 

for the different experimental cases [42], [90]. In order to assign higher priority to the 

classes with a lesser number of samples, the points representing the classes with the lower 

number of training samples can be assigned with higher weight values. However, the 

number of training samples is ensured to be the same; the weights to the neighbors are 

assigned to be uniform. The distance between the points is calculated using the Minkowski 

distance formula since it is a metric in the normed vector space [91].  The value of 𝐾 is 

selected experimentally for each experimental condition with the help of the grid-search 

algorithm given in [42]   The main disadvantage of the K- nearest neighbor algorithm is 

that the computational complexity of the test stage of the classifier is expensive [33]. 
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4.1.4.3 Random Forest (RF) 

The decision tree is a non-parametric supervised learning method that creates a model that 

predicts the value of the target variable by learning simple decision rules inferred from the 

data features. A random forest is a meta estimator that fits several decision tree classifiers 

on various sub-samples of the dataset and uses averaging to improve the predictive 

accuracy and control over-fitting. The sub-samples of the dataset are of the same size as 

the original data set acquired by bootstrapping the original training data. The algorithm is 

implemented with the help of the library [92]. The hyperparameter of the maximum depth 

is selected with the help of the grid search technique presented in [42]. Since the 

hyperparameter of minimum samples per split is dependent on the depth of the trees and 

adjusted accordingly, it is set to a default value of 2. Each of the features is given equal 

importance at the beginning, and no weight is provided for any feature. Random Forest, as 

mentioned in Section 2.1.2.3, has the main advantage of RF is its robustness to outliers and 

missing values in training data. 

 

In contrast to that, the main disadvantage of random forest is that it is constructed of 

multiple fully grown decision trees with unreliability. Unreliability in this context means 

that the splitting attribute in a high-level node can change by only adding a few additional 

data entries, changing the structure of the whole tree, and the corresponding predictions. 

Further, the random forest is constructed using multiple fully grown trees; the training time 

of the algorithm is high [33].  
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4.1.4.4 Extreme gradient boosting (XGB) 

Extreme gradient boosting is a parallel implementation of the gradient boosted decision 

trees as explained in Section 2.1.2.4. This ensemble learning technique rectifies the 

problem of the higher computational time of the random forest. Unlike the random forest, 

where the trees are fully grown, the extreme gradient boosting trees are made up of multiple 

undergrown trees, which are weak learners.  The hyperparameters that are considered for 

the extreme gradient boosting are learning rate for the gradient boosting, maximum depth 

of the trees, subsample which is the percentage of samples used per tree, co-sample by tree 

which is the percentage of features used per tree, number of estimators: the number of trees 

that is to be build. Since the boosting technique is used to address the error that is induced 

because of the variance and not the error due to the bias [39]. The parameters specified 

above are selected experimentally with the help of the grid search technique [42] for all the 

experimental conditions explained in Section 3.2. The extreme gradient boosting algorithm 

is implemented with the help of the sci-kit learn library [92]. 

 

4.1.4.5 Convolutional neural network (CNN) 

The convolutional neural network [44] is used to classify the subsets of the M-mode image 

(i.e., segmented windows) into either of the three classes. The architecture of the 

convolutional neural network used for the case of the in-vivo experiment is given in Table 

4.1.  
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Table 4.1 Architecture of CNN. 

Layer Type Output shape 

Convolutional layer 1 (200,60,32) 

Max pooling layer 1 (100,30,32) 

Convolutional layer 2 (100,30,16) 

Max pooling layer 2 (100,15,16) 

Convolutional layer 3 (50,15,16) 

Max pooling layer 3 (50,15,16) 

Dropout layer 1 (50,15,16) 

Convolutional layer 4 (50,15,8) 

Max pooling layer 4 (25,7,8) 

Dropout layer 2 (25,7,8) 

Flatten 1400 

Dense layer 3 

 

The size of the input layer is selected according to the size of the segmented window, while 

the number of output classes dictates the output layer's size. The number of hidden dense, 

convolution and pooling layers is selected experimentally by taking into consideration of 

the number of trainable parameters and the size of the training data set. The convolutional 

layers have rectified linear units as the activation function, while the output dense layer has 

SoftMax activation function [44] as given in the Equations 4.12 and 4.13, to convert the 

obtained probability into one of the three classes [44].  
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In the case of the convolutional neural network, the network itself extracts the feature from 

the segmented window [93]. Since the movement of the artery walls in the case of the 

proximal and the distal walls are opposite to each other, the classifier learns to differentiate 

between the segments containing two different sections of the artery walls. The segmented 

window images observed in different experimental conditions are given in Figure 4.28 – 

Figure 4.31. 

 

Figure 4.28 Segmented windows containing (A) proximal wall, (B) 

distal wall, (C) no boundary for Phantom A obtained with PICUS 

clinical ultrasound imaging system. 

 
𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥)𝑖 =

𝑒𝑥𝑝(𝑥𝑖)

∑𝑗𝑒𝑥𝑝(𝑥𝑗))
 

(4.12) 

 𝑅𝑒𝑙𝑢(𝑥) = 𝑚𝑎𝑥(𝑥, 0) (4.13) 
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Figure 4.29 Segmented window containing (A) proximal wall, (B) 

distal wall, (C) no boundary for Phantom B obtained with PICUS 

clinical ultrasound imaging system. 
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Figure 4.30 Segmented window containing (A) proximal wall, (B) 

distal wall, (C) no boundary for in-vivo human subject obtained 

with PICUS clinical ultrasound imaging system. 
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Figure 4.31 Segmented window containing (A) proximal wall, (B) 

distal wall, (C) no boundary for human in-vivo subject obtained 

with Wearable Ultrasound Sensor (WUS) system. 

It is observed from Figure 4.28 - 4.31 that the rf signal pattern that is induced in the 

proximal and distal artery wall due to the heartbeat is quasi-periodic and opposite to each 

other. Thus, when the convolutional neural network is given with the rf signal data of the 

proximal wall, distal wall, and no boundary, the neural network learns the pattern that is 

observed in the respective walls. The loss function of categorical cross-entropy (CE) given 

by the Equation (4.14), is used to train the model. Stochastic gradient descent is used as an 

optimizer to reduce the loss function and to train the classifier [45].  

 

 

Where 𝑥𝑖 is a resultant vector of the inputs, and the adjusted weights and 𝐶 is the total 

number of classes. Once the features are extracted for labeled segmented windows, as 

explained in Section 4.1.3, they are split into two data sets of training and validation data, 

 
𝐶𝐸 = −∑

𝑖

𝐶

𝑦𝑖𝑙𝑜𝑔(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥)𝑖) 
(4.14) 
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and test data. Among the total labeled data, 80 % of the total data is used for training and 

validation, while the remaining 20% is used for testing purposes. It is to be noted that all 

the classifiers are trained and tested on the data obtained from each of the experimental 

conditions explained in Section 3.2. (i.e., the classifier is trained and test on the data 

collected from the same experiment). After comparing the performance of the classifier to 

detect the artery wall region (to be discussed in Section 5.1), the classifier that performs 

best is selected to identify the artery wall region. The segmented windows of the M-mode 

image from a test data is given as an input to detect the artery wall regions. Once the 

classifier detects both proximal and distal walls, the range of depth of the segmented 

windows containing the proximal and distal wall is noted. To estimate the artery lumen 

diameter during systolic and diastolic pressure, the segmented windows classified as 

proximal and distal wall along with their depth (starting point) is noted and fed as an input 

to the artery lumen diameter estimation algorithm.   

 

4.2 Artery lumen diameter estimation 

In this section, the inner artery walls are identified using the peak detection technique and 

the lumen diameter of the artery is estimated in Section 4.2.1. The correlation-based artery 

wall tracking mechanism is explained in Section 4.2.2 and the results from the Section 

4.2.1 and 4.2.2 is combined to estimate the change in the artery lumen diameter during the 

cardiac cycle.  
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4.2.1 Arterial inner wall detection 

Once the segmented window containing the proximal and the distal artery walls is found, 

it is necessary to locate the inner wall location (depth) of each artery wall, in order to obtain 

the lumen diameter. Since each column of the segmented window represents the A-mode 

rf signals at a particular region of depth, they are used to locate the lumen diameter at a 

specific instance of time. The distance between the two echo peaks of each wall, as shown 

in Figure 4.2, gives the thickness of each artery wall.  

 

 

Figure 4.32 Segmented proximal and distal wall regions. 
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It is observed from Figure 4.32 that in an rf signal from the segmented window containing 

either of the proximal wall or distal artery wall, there are two peaks which are representing 

the inner and outer walls, respectively. Since lumen diameter is defined by the distance 

between the proximal inner wall and distal inner wall, a peak detection technique on the rf 

signal envelop obtained by the Hilbert transform of the rf signal using Equations 4.1 and 

4.2 is used to locate the peaks.  

 

Let 𝑃𝑊 = {𝑃(1), 𝑃(2),…𝑃(𝑁)}, be the position of echo peaks located in the segmented 

window labeled as proximal wall using the peak detection technique [82]. 𝑃(𝑁) is selected 

to be the proximal inner wall echo (Pinner), because from Figure 4.2 it is observed that the 

inner wall echo occurs at the end of the segmented window containing proximal wall. 

Similarly, on considering 𝐷𝑊 = {𝐷(1), 𝐷(2), 𝐷(3), … . 𝐷(𝑁)} to be the position of the 

peaks located in the segmented window labeled as a distal wall, the location of the distal 

inner wall 𝐷𝑖𝑛𝑛𝑒𝑟 is selected as 𝐷(1)  because the distal inner wall echo is the first echo 

peak observed in the segmented window labelled as distal wall. 

 

The lumen diameter for the artery wall can be calculated as given in Equation 4.15 

 

 

where 𝑡𝑑 is the fast-time interval (along depth) between the 𝐷𝑖𝑛𝑛𝑒𝑟 and 𝑃𝑖𝑛𝑛𝑒𝑟. On knowing 

the location of the inner artery wall at each frame, the change in the diameter of the artery 

wall can be estimated. Thus, to track the location of the proximal and the distal wall along 

 𝐿𝑑 = 𝑡𝑑 ×  𝑐 /2, (4.15) 
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the frames, the technique of autocorrelation is used to find the distension of the proximal 

and distal artery walls. 

 

4.2.2 Autocorrelation-based tracking method of lumen diameter change  

The region in which the artery walls are present is identified with the help of the classifier, 

while the location of the artery inner walls is identified with the help of the peak detection 

technique. To identify the distension of the artery walls, the proximal and the distal wall 

region that is identified are correlated along the successive frames. Since the height of the 

segmented window also covers the region in which the artery walls might be present due 

to the distension, the values in the first column of the segmented window representing the 

rf signals of the echoes, is auto-correlated across the successive frames to obtain the 

distension of the artery walls as explained in the Equations 4.3 - 4.6. Having known the 

shift of the artery wall across every frame, the change in the lumen diameter of the artery 

at each frame can be calculated using the Equations 4.15 and 4.16. The location of the 

proximal inner wall along depth is given by Pinner, and the displacement of the proximal 

inner wall is given by 𝜏𝑝𝑤(𝑡), similarly, for the distal inner wall, it is given by Dinner and 

the displacement of the distal inner wall is given by 𝜏𝑑𝑤(𝑡). The change in the lumen 

diameter at an instance of time is given by Equation 4.16. 

 

 

 

The systolic and diastolic diameter can be estimated by taking the average of the diameter 

values at the peak and average of the diameter values at valley, respectively, observed in 

 ∆𝐷(𝑡) = (Dinner + 𝜏𝑑𝑤(𝑡)) − (Pinner + 𝜏𝑝𝑤(𝑡) ) (4.16) 
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∆𝐷(𝑡). The peak and valley of the curve plotted using ∆𝐷(𝑡) is obtained by finding all 

local maxima and local minima by a simple comparison of the neighboring values. The 

peak and valley detection functions are implemented with the help of the SciPy library 

[82].  
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Chapter  5: Results and discussion 

 

This chapter discusses the performances of the proposed algorithms for artery detection 

and lumen diameter tracking. The performance comparison of the proposed ML algorithms 

to classify the segmented windows for artery detection under two different experimental 

conditions (phantom-based and human in-vivo) is discussed in Section 4.1. The details of 

the experimental conditions (phantom experiments and human in-vivo) were explained in 

Section 3.2. The results of the lumen diameter tracking obtained using the correlation-

based diameter change estimation technique is discussed in Section 4.2.  

 

5.1 Detection of artery wall regions  

Locating the artery wall without the help of a B-mode image guidance is often very 

difficult; hence, it is useful to have an algorithm to detect the artery walls from an M-mode 

rf signal acquired with a single UT system for which B-mode image is not available. Since 

there is no benchmark available to identify the effectiveness of the considered features, 

proposed machine learning algorithms are compared against each other. The performance 

of machine learning-based methods for artery wall region detection depends on the 

appropriate selection of features. Chosen machine learning algorithms considered for 

comparison in this thesis are Linear Discriminant Analysis (LDA), K- Nearest Neighbor 

(KNN), Random Forest (RF), and Extreme Gradient Boosting (XGB), as explained in 

Section 4.1.4. In addition to the machine learning algorithms mentioned above, the 

performance of the Convolutional Neural Network (CNN) that extracts the features 

automatically from the segmented window is also compared. The metrics used to compare 
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the performance of different algorithms are Accuracy, F1 score, Area under the ROC curve, 

and the Precision-Recall curve.     

 

5.1.1 Result for Phantom A 

This section provides an analysis of classification results for Phantom A with PICUS 

clinical ultrasound imaging system.  The classification algorithms are trained and validated, 

using all the manually extracted features in slow-time and fast-time described in Section 

4.1.2, except the CNN which extracts the features automatically, on 181116 samples and 

tested on 11232 samples, respectively. The samples for training, validation and testing are 

obtained by using the ground truth creation technique (explained in Section 4.1.1) on the 

ultrasonic data acquired from Phantom experiments (explained in Section 3.2.1.2 ). The 

comparison between different classifiers in terms of accuracy and the F1 score is given in 

Table 5.1 and Table 5.2. 

Table 5.1 Accuracy of different machine learning algorithms for 

Phantom A. 

 LDA KNN RF XGB CNN 

Accuracy 0.987 0.997 0.969 0.976 0.703 
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Table 5.2 F1 score of different machine learning algorithms for 

Phantom A. 

 LDA KNN RF XGB CNN 

No boundary 0.99 0.99 0.98 0.98 0.96 

Proximal 

wall 

1.00 1.00 0.94 1.00 0.65 

Distal wall 0.97 1.00 0.97 0.95 0.12 

 

The accuracy of the classifiers with all the given set of slow-time and fast-time features is 

given in Table 5.1. Since evaluating the classifier based on accuracy can be misleading, the 

F1 score of the classifiers for each of the classes are also compared. From Table 5.2, it is 

seen among the five classifiers tested that the CNN classifier has lowest F1 score for all 

the three classes, particularly for the distal wall class. As explained in Section 3.2.1.2, 

Phantom A is an ideal case without scattering noises. The phantom A experimental setup 

involves a polymer tube simulating the artery wall surrounded by water. Hence, the 

classifiers perform well with an overall accuracy above 0.97 in general. It is seen that CNN 

has the lowest skill among the classifiers considered. The reason for this lowest 

performance of CNN could be explained by observing its normalized confusion matrix as 

shown in Figure 5.1. 
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Figure 5.1 Normalized confusion matrix of (A) LDA, (B) KNN, (C) 

RF, (D) XGB and (E) CNN for Phantom A.  
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It is seen from Figure 5.2 (B) for the CNN result, that 91% of the segmented windows 

labeled as a distal wall are misclassified as a proximal wall. The misclassification could be 

because of two factors: no scattering noises from the water surrounding the polymer tube 

and the manually induced motion of the polymer tube, as discussed as follows. In addition, 

the CNN does not use the proposed slow-time and fast-time features extracted manually to 

differentiate the proximal and distal walls, discussed in Section 4.1.2. For a given 

segmented window labeled as proximal or distal wall, there is water both above and below 

the artery wall. 

 

 

Figure 5.2 Segmented windows of proximal and distal wall of Phantom A at 

different instances of time. 
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Figure 5.2 shows the M-mode rf signals obtained with Phantom A. It is observed from 

Figure 5.2 that the artery wall motion induced by a syringe is sinusoidal, unlike the motion 

induced by the actual human cardiac cycle. Thus, the segmented windows containing the 

motion of the proximal wall and the distal wall at different time instances are similar. This 

could explain the misclassification of the distal wall as a proximal wall by the CNN 

classifier. The misclassification of the proximal wall as no boundary region is due to the 

reverberation artifact explained in Section 3.2.1.2.  

 

The machine learning algorithms based on the manually extracted features, perform better 

in the case of Phantom A, as the segmented windows are distinguished primarily based on 

the amplitude-based features of the rf signal (energy, maximum amplitude, and minimum 

amplitude) considered. The manually extracted features capture the change in the 

amplitude of the observed rf signals. The rf signal echoes from the segmented region 

containing the proximal wall has a higher amplitude as compared to the distal wall as the 

distal wall is further away from the sensor. This predominantly helps the classifier using 

the manually extracted features to perform better in the case of Phantom A.  

 

5.1.2 Result for Phantom B 

This section provides an analysis of the classification results for Phantom B with PICUS 

clinical ultrasound imaging system. The Phantom B experimental setup closely resembles 

the in-vivo human conditions, and thus more realistic experimental environment than 
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Phantom A.  Therefore, the results obtained for the classifiers are expected to be similar to 

those obtained for the in-vivo human conditions. 

 

The classification algorithms are trained and validated on 321165 samples and tested on 

111384 samples. The samples for training, validation and testing are obtained by using the 

ground truth creation technique (explained in Section 4.1.1) on the ultrasonic data acquired 

from Phantom B experiment (explained in Section 3.2.1.3). The comparison between 

different classifiers in terms of accuracy and the F1 score is given in Table 5.3 and Table 

5.4. 

 

Table 5.3 Accuracy of different machine learning algorithms for 

Phantom B. 

 LDA KNN RF XGB CNN 

Accuracy 0.902 0.920 0.754 0.809 0.970 

 

Table 5.4 F1-score of different machine learning algorithms for 

Phantom B. 

 LDA KNN RF XGB CNN 

Proximal wall 0.88 0.91 0.94 0.96 0.98 

Distal wall 0.71 0.80 0.51 0.60 0.94 

No boundary 0.95 0.95 0.80 0.85 0.95 
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On observing the performance of the different classifiers from Table 5.3 and 5.4, it is seen 

that the CNN outperforms the rest of the classifiers. The automatic feature extraction of 

CNN is better than the manually extracted features.  Among the classifiers that used the 

manually removed features, KNN is the best classifier for the classes of the distal wall and 

no boundary.  
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Figure 5.3 Normalized confusion matrix of (A) LDA, (B) KNN, (C) 

RF, (D) XGB and (E) CNN for Phantom B. 
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 It is observed from the Table 5.3 and Table 5.4, CNN performs better in the case of 

Phantom B. The difference in the performance of CNN when compared with its 

performance for Phantom A may be attributed to the experimental set up of Phantom B. 

Unlike the Phantom A in which water is both in and around the polymer tube, Phantom B 

has the tissue-mimicking gelatine material outside and water inside the polymer tube.   

 

 

Figure 5.4 Segmented windows of proximal and distal wall of 

Phantom B at different instances of time. 

 

Figure 5.4 shows the M-mode rf signals obtained with Phantom B. It is seen from Figure 

5.4 that the segmented window of the proximal wall (the upper rectangular box) has 

scattering echoes from the carbon particles in the gelatin material above the artery wall and 
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less scattering echoes from water below the artery wall. In the case of a distal wall (the 

lower rectangular box), there is water above the artery wall and gelatin material below the 

artery wall. The scattering echoes from the surrounding material of the polymer tube also 

exhibit a displacement due to the induced motion of the polymer tube. Since the tissue-

mimicking gelatine phantom is viscoelastic, the movement of the polymer tube also moves 

the surrounding hydrogel material surrounding the polymer tube, as observed in Figure 5.4. 

However, no motion pattern is observed in the M-mode image of the water inside the 

polymer tube simulating artery due to the polymer tube motion. Thus, the region of gelatin 

material above and water below the artery wall is successfully classified as the proximal 

wall, while the region of gelatin material below and water above the artery wall is classified 

as the distal artery wall. The KNN classifier performs better than the rest of the classifiers 

overall, in the case of the manually extracted features. It is observed from the normalized 

confusion matrix of the KNN in Figure 5.3, that the classifier misclassifies  0.26 of the 

distal wall as no boundary region. This is reflected as a lowest F1 score of 0.8 for the distal 

wall among the classes. It is noted that misclassifications of the distal wall region as no 

boundary and no boundary as the distal wall are observed in all classifiers designed with 

manually extracted features. The main reason for this misclassification of the distal wall 

could be explained from the observation of the appearances of the considered features in 

Figure 5.6. Due to more ultrasound attenuation at deeper regions of the phantom, the rf 

signal amplitude observed at the distal wall is smaller than those at the proximal wall and 

is similar to those of the scattering echoes below the distal wall.  
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5.1.3 Result for in-vivo human subjects 

For the in-vivo human subjects, the proposed algorithms of artery wall region detection 

was tested with the ultrasonic data obtained with PICUS clinical ultrasound system in 

Section 5.1.3.1 and WUS system in Section 5.1.3.2. The experiment with a human subject 

was approved by the Carleton University ethics board. 

 

5.1.3.1 PICUS clinical ultrasound imaging system 

This section provides an analysis of classification results for in-vivo human experiments 

with PICUS clinical ultrasound imaging system. The classification algorithms are trained 

and validated on 131692 samples and tested on 22440 samples. The samples for training, 

validation and testing are obtained by using the ground truth creation technique (explained 

in Section 4.1.1) on the ultrasonic data acquired from human in-vivo experiment (explained 

in Section 3.2.2).  The human in-vivo ultrasonic data were acquired from 8 human subjects. 

Among these ultrasonic data, the data from 6 subjects were used for training, and data from 

2 subjects were used for testing.  Thus, the test data to the classifier is completely masked 

during the training and validation process. The samples are  The performance of the 

classifier on the unseen test data is presented in Table 5.5 and Table 5.6.  
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Table 5.5 Accuracy of the machine learning algorithms for in-vivo 

human subject with PICUS system. 

 LDA KNN RF XGB CNN 

Accuracy 0.846 0.796 0.818 0.874 0.889 

 

Table 5.6 F1-score of the machine learning algorithms for in-vivo 

human subject with PICUS system. 

 LDA KNN RF XGB CNN 

Proximal wall 0.74 0.76 0.64 0.77 0.76 

Distal wall 0.66 0.70 0.73 0.74 0.86 

No boundary 0.91 0.91 0.89 0.92 0.92 

 

The results obtained shows that CNN classifier performs better than the rest of the 

classifiers in terms of accuracy with 88.9%. On observing the F1 -score for each of the 

classes (no boundary, proximal wall and distal wall), the CNN classifier performs better 

than or equal to the other classifiers considered for the cases of distal and no boundary 

regions. The drop in the F1-score for the proximal class in case of CNN is explained below. 

The performance of the classifiers, in terms of accuracy, with the human subjects is not as 

good as that obtained with Phantom B as the maximum accuracy obtained in the case of 

human subjects is only 88.9% (97% in case of CNN). This is probably due to the 

differences in the cardiac cycle patterns and the thickness of the artery wall among the 
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individuals. Also, there may be motion artifact in the ultrasonic rf signal due to the 

ultrasonic probe motion during the ultrasound data acquisition.  
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Figure 5.5  Normalized confusion matrix of (A) LDA, (B) KNN, (C) 

RF, (D) XGB and (E) CNN for in-vivo human subject with PICUS 

system. 
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Figures 5.5 show the normalized confusion matrix of the classification results. It is seen in 

Figures 5.5, the KNN and the XGB perform better than the rest of the algorithms using the 

manually extracted features.  
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Figure 5.6 Segmented windows of proximal and no boundary of in-

vivo human subject with PICUS system at different instances of 

time. 

From Figure 5.5 (E), it is observed that the CNN misclassifies the proximal wall region as 

the no boundary region. The misclassification may be due to the fact that the motion of the 

proximal wall is less than that of the distal wall as observed in Figure 5.6. Due to the less 

motion of the proximal artery wall during the cardiac cycle, the region containing the 

proximal wall is more similar to the segmented window containing the no boundary region. 

The restricted motion of the upper artery wall may be due to the pressure applied on the 

skin surface by the PICUS clinical ultrasound probe, the nonuniformity of the stiffness of 

the soft tissues surrounding the artery, and/or nonuniformity of the stiffness of the artery 

wall. Overall, it is seen that the CNN classifier outperforms the rest of the classifiers in two 
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of the experimental setups (i.e., Phantom B and in-vivo human subject). Therefore, the 

CNN is tested for the ultrasonic data obtained with the in-vivo human subjects with WUS 

system in the following section.  

 

5.1.3.2 Wearable ultrasound sensor (WUS) system 

This section provides an analysis of classification results for in-vivo human experiments 

with the WUS system. Based on the performance of different proposed algorithms on the 

ultrasound rf signal acquired with the PICUS clinical imaging system, the CNN 

consistently performs better than the rest of the algorithms for Phantom B and human 

subjects. Thus, the rf signal acquired with in-vivo human subjects using the WUS system 

is used to train and test the CNN classifier. The CNN is trained and validated on 16081 

segmented widow samples, while it is tested on 4030 samples. The difference in the data 

format of the WUS system and PICUS clinical ultrasound system is explained in Section 

3.1. As described in Section 4.1.1, the size of the segmented window in the case of the 

WUS system is selected to be 800 sample points in fast time (depth) × 2000 frames in the 

slow time. The size of the input image (segmented window) fed to the CNN is resized into 

200 sample points × 60 frames using sci-kit learn pre-processing image library [92]. It is 

necessary to resize the segmented window to a smaller size, to strike a balance between the 

number of the parameters in a CNN to be trained and the total number of segmented 

windows available for training. Due to a low signal to noise ratio of the rf ultrasound signals 

obtained with the WUS system, it was difficult to obtain more samples with the WUS 

system. Hence, the segmented window is resized to reduce the number of parameters to be 
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trained. The architecture of CNN used in the case of ultrasound rf signal acquired with 

WUS is given in Table 4.1.  

 

Table 5.7 Accuracy and F1-score of CNN for in-vivo human subject 

with WUS system. 

 F-1 Score Accuracy 

Proximal wall 0.98 

0.883 Distal wall 0.67 

No boundary 0.71 

 

 

Figure 5.7 Normalized confusion matrix of CNN for in-vivo human 

subject with WUS system. 

(In the following discussion present the values in Table 5.7 and Figure 5.9 and 5.10.) 
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From Table 5.7 and Figure 5.7, it is observed that CNN with WUS system has more 

difficulty in distinguishing between the no boundary region and the distal wall region. 

Unlike, the case of in-vivo human experiments using a PICUS clinical ultrasound probe, 

the WUS does not restrict the movement of the upper artery wall (shown in Figure 3.16) ; 

hence, the proximal wall is not misclassified to be a no boundary window. Misclassification 

of no boundary region as distal wall and vice-versa happens due to the small amplitude 

(weak) of the echoes. The precision-recall curve and the Receiver Operating Characteristic 

(ROC) curve for all the classifiers for all experimental conditions are given in the 

Appendix. Based on the results observed, the manually selected features are able to perform 

with an accuracy that is not very far off from the automatically extracted features, this 

shows that the combination of the manually extracted features are able to create 

distinguishable patterns in the higher dimensions (combination of the features) that are 

distinguished with the help of a machine learning classifier. But the performance could 

have been improved by including the frequency-based features. 

 

5.2 Tracking of arterial walls and lumen diameter estimation 

The segmented region containing the proximal and the segmented region containing the 

distal wall of the artery, are identified using the artery detection technique described in 

Section 4.1, and the results are discussed in Section 5.1. In order to locate and track the 

lumen diameter, the lumen diameter is identified using the peak detection technique 

described in Section 4.2.1. Once the inner artery walls (proximal inner wall and distal inner 

wall) are identified, and the distance between them is determined using Equation 4.15. The 

cross-correlation based technique explained in Section 4.2.2 is used to track the 
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displacements of the proximal and distal walls. Since the lumen diameter and the 

movement of the proximal and the distal walls are estimated, the change in the lumen 

diameter of the artery is estimated by Equation 4.16.  The results of the change in artery 

lumen diameter due to the cardiac cycle obtained for Phantom A, Phantom B, and in-vivo 

human subjects are presented in this section.  

 

5.2.1 Result for Phantom A 

                           

 

Figure 5.8 (A) Displacements of the proximal and distal walls of 

polymer tube at their corresponding depths, and (B) change of its 

inner diameter of Phantom A with respect to the measurement 

time. 

 

 

Figure 5.8 (A) shows the displacement pattern of the proximal wall and the distal wall at 

their corresponding depths estimated by the KNN classifier using the ultrasound data of 

Phantom A acquired by PICUS clinical ultrasound imaging system. It can be observed that 
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the proximal and the distal wall move opposite to each other; this is due to the pumping of 

the water into and out from the polymer tube to simulate the cardiac cycle. Figure 5.8 (B) 

shows the tube inter diameter obtained from the result in Figure 5.8 (A). In this phantom 

simulation experiment, the time interval between two consecutive maxima or minima 

observed in Figure 5.8 (B), is called a cycle hereafter. Further, the change in the inner 

diameter of the polymer tube is not seen to be uniform; this is probably because of the 

slightly different amount of water manually pumped into and out from the tube in each 

cycle during the experiment, even though efforts were taken to make sure the amount of 

water to be the same. The maximum difference between the minimum inner diameter of 

the tube due to the pumping error is observed to be around 60 m between the 2.9 sec and 

4.5 sec. 

 

Further, the sudden diameter increase and decrease of about 100 m observed around 4.2 

sec in Figure 5.8 (B) is probably due to the water pumping error, as explained in Section 

3.2.1.2. It can be concluded from Figure 5.8 that the proposed algorithm to estimate the 

change in the inner diameter can track the changes of the inner diameter even when there 

is an inconsistency of the amount of the water pumped. The peak and valley detection 

algorithm ignores the false valley generated as it only detects peaks and valley that is at 

least 0.45 seconds away from each other.  

 

 

 

 



 157 

 

 

 

 

Table 5.8 Minimum and maximum inner diameter of the polymer 

tube estimated for Phantom A. 

Cycle number 

Minimum diameter 

in mm 

Maximum diameter 

in mm 

Inner tube diameter at 

rest  

in mm 

1 9.420 9.886  

 

9.48 ± 0.04 

 

2 9.487 9.886 

3 9.420 9.908 

4 9.420 9.908 

Mean ± Std 9.437 ± 0.028 9.898 ± 0.011 

 

The minimum and the maximum diameter for each cycle estimated using the technique 

specified in Section 4.2.2 is given in Table 5.8. The actual inner diameter of the polymer 

tube along the axis of measurement, is measured with the help of a Vernier caliper 

(measurement resolution 0.01 mm) at four different places along the tube. The inner 

diameter of the tube along the axis of measurement is measured to be 9.48 ± 0.04 mm. The 

difference observed in the actual inner diameter of the artery measured using the Vernier 

caliper is due to the slight deformation of the tube during the construction of the 
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experimental setup.It is to be noted that the standard deviation (std) calculated using the 

proposed trechnique includes both the measurement error and the experimental error 

introduced due to the uneven pumping of water into the polymer tube simulating the artery.  

 

 

 

 

 

5.2.2 Result for Phantom B 

 

Figure 5.9 (A) Displacements of the proximal and distal walls of 

polymer tube at their corresponding depths, and (B) change of its 

inner diameter of Phantom B with respect to the measurement 

time. 

 

The Figure 5.9 (A) shows the distension pattern of the proximal wall and the distal wall at 

their corresponding depths estimated by the CNN classifier using the ultrasound data of 

Phantom B acquired by PICUS clinical ultrasound imaging system. The distension of the 

proximal and the distal wall is due to manual pumping of the water into the polymer tube 

surrounded by the gelatine phantom, to simulate the cardiac cycle. Figure 5.9 (B) shows 
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the change in the inner diameter of the phantom tube simulating the artery walls. From 

Figure 5.9 (B), it is observed that the pattern at which the distension occurs is not precisely 

similar to the distension of the artery walls during a cardiac cycle. The duration of the 

systolic and the diastolic pressures that cause the distension are different due to the manual 

pumping of the water into and out from the tube. The experimental setup for Phantom B is 

more realistic to mimic artery surrounded by the soft tissues with scatterers, simulating in-

vivo human subjects, and thus it is more appropriate to evaluate the algorithm proposed in 

Chapter 4 than phantom A.  During the process of pumping water into and out from the 

polymer tube, efforts were taken to make sure the displacement caused due to the manual 

pumping of the polymer tube is the same for every cycle, but just like Phantom A, there is 

a difference observed in the order of 90 m between 2.8 sec and 3.7 sec. Similar to tracking 

the inner diameter of Phantom A, it can be concluded from Figure 5.9 that the proposed 

algorithm to estimate the change in the inner diameter can track the difference in the inner 

walls. 
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Table 5.9 Minimum and maximum diameter estimated for 

Phantom B. 

Cycle 

number 

Minimum diameter 

in mm 

Maximum diameter 

in mm 

Inner tube diameter at rest  

in mm 

1 9.593 10.513  

 

 

9.55 ± 0.05 

2 9.619 10.513 

3 9.568 10.514 

4 9.645 10.514 

Mean ± 

Std 

9.599 ± 0.030 10.514 ± 0.001 

 

The minimum and the maximum diameter for each cycle estimated using the technique 

specified in Section 4.2.2 is given in Table 5.9. It is to be noted that the standard deviation 

includes both the measurement error and the experimental error introduced due to the 

uneven pumping of water into the polymer tube simulating the artery. While estimating the 

diameter at the valleys of every cycle, there is a false valley and peak created around 5 sec, 

as shown in Figure 5.9. The peak and valley detection algorithm ignore the false valley 

generated as it only detects peaks and valley that is at least 0.45 seconds away from each 

other. On observing the results of phantom experiments, it is seen that the algorithm is able 

to detect the inner artery wall diameter with the help of the proposed peak detection 

technique.  
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5.2.3 Result for in-vivo human subjects  

In this section, the results with the in-vivo human subjects for the artery wall tracking and 

lumen diameter estimation are presented. The segmented region of the artery wall in the 

acquired ultrasound rf signal was determined by the CNN algorithm since it exhibits the 

best performance among the chosen ML based algorithms tested in Section 5.1. The results 

with ultrasonic data acquired by the PICUS clinical ultrasound imaging system and those 

by the WUS system are presented in Sections 5.2.3.1 and 5.2.3.2, respectively. 

 

5.2.3.1 PICUS clinical ultrasound imaging system 

  

Figure 5.10 (A) Displacements of the proximal and distal walls of 

carotid artery of human subject at their corresponding depths, and 

(B) change of its inner diameter with respect to the measurement 

time. Ultrasound data was acquired with PICUS system. . 
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Figure 5.10 (A) shows that the displacement of the proximal wall is smaller than that of 

the distal wall. The change in the lumen diameter is given in Figure 5.10 (B). In Figure 

5.10 (B), the dicrotic notches are observed at each cardiac cycle. The systolic and the 

diastolic diameters identified by the algorithm proposed in Section 4.2.2 at every cycle are 

given in Table 5.10. 

 

Table 5.10 Diastolic and Systolic diameter estimated for in-vivo 

experiments. 

Cardiac cycle Diastolic diameter in mm Systolic diameter in mm 

1 5.327 5.905 

2 5.373 6.089 

3 5.489 5.951 

4 5.373 5.812 

5 5.281 5.835 

6 5.303 5.905 

7 5.442  6.066 

Mean ± Std 5.379 ± 0.069 5.938 ± 0.099 

 

From the Table 5.10, it is seen that the systolic and the diastolic diameter observed on the 

human in-vivo subject is within the range of the common carotid artery diameter range 

given in [47], [48], [93]. Further, for the same human in-vivo test subject, the lumen 

diameter of the common carotid artery is measured using a wearable ultrasound transducer 
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(WUS) at the location as same as the experiment with the PICUS system, and the results 

are discussed in the next section. 

 

5.2.3.2 Wearable ultrasound sensor (WUS) system 

With the same human in-vivo test subject presented in Section 5.2.3.1, the lumen diameter 

of the common carotid artery is measured using a wearable ultrasound sensor (WUS) 

system. Efforts were taken to make sure that the WUS was attached on the same location 

of the right side of the neck of the human subject where the PICUS probe was attached.   

 

 

 

Figure 5.11 (A) Displacements of the proximal and distal walls of 

carotid artery of human subject at their corresponding depths, and 

(B) change of its inner diameter with respect to the measurement 

time. Ultrasound data was acquired with WUS system. . 
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Figure 5.11 (A) and (B) show the displacements of the artery walls, and the change in the 

lumen diameter of the artery for 6 seconds, respectively. The results obtained are 

comparable to the results obtained with PICUS system discussed in Section 5.2.3.1, as the 

data is obtained on the same human in-vivo subject. It is seen in the diameter changes 

obtained by the WUS system shown in Figure 5.11 (B) does not detect the dicrotic notches 

that were observed in those obtained by the PICUS system shown in in Figure 5.10 (B). 

This is probably due to that the SNR of the desired artery wall echoes in the ultrasound rf 

signal acquired by the WUS system are smaller than that of the PICUS system. The systolic 

and the diastolic diameter obtained using the algorithm explained in Section 4.2.2 is given 

in Table 5.11.  

Table 5.11 Diastolic and systolic diameter estimated for in-vivo 

using WUS. 

Cardiac cycle Diastolic diameter in mm Systolic diameter in mm 

1 5.264  5.874  

2 5.282  5.892  

3 5.301  5.917  

4 5.264  5.892  

5 5.307  5.886  

6 5.319 5.929 

Mean ± Std 5.289 ± 0.021 5.898 ± 0.019 
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Table 5.12 Comparison of mean carotid artery diameters of in-vivo human subject 

obtained by PICUS system and WUS system. 

 Mean diastolic diameter 

(mm) 

Mean systolic diameter 

(mm) 

PICUS 5.379  5.938  

WUS 5.289  5.898  

Difference 0.090 0.040 

 

Comparing the results in Tables 5.10 and 5.11, it is observed that the systolic and diameter 

measured using the PICUS system and the WUS system differ from each other, 90 m for 

the diastolic diameter and 40m for the systolic diameter, as summarize in Table 5.12. This 

variation may be due to the experimental condition, different blood pressure of the subject 

between the experiments with PICUS system and WUS system. Since there is a time 

interval between the experiments using the PICUS and WUS system, there might be a 

difference in the blood pressure observed for the same human test subject. The is a 

difference in the pattern of the cardiac cycle observed between Figure 5.10 and 5.11 is 

because of two factors : The pressure applied by the transducers (PICUS and WUS) over 

the artery  is different; The signal acquisition from the PICUS system and the WUS system 

was not at the same instance of time. Hence depending upon the changes in the 

physiological conditions of the body the pattern of the diameter change observed in Figure 
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5.10 and 5.11 is different. Overall, the results obtained from the WUS system is comparable 

with the results obtained from the PICUS system.  
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Chapter  6: Conclusion and Future Work 

 

This chapter concludes the thesis and provides a summary of the results. Some suggestions 

for future research are presented, as well. 

 

6.1 Conclusion   

In this research, automatic artery detection and lumen diameter estimation technique using 

a machine learning algorithm was proposed. The proposed algorithm can be broken down 

into two steps: artery wall region detection in M-mode ultrasound signal and artery lumen 

diameter estimation by tracking the artery wall using a correlation-based technique. A 

machine learning-based artery region classifier (detector), was developed to check if the 

ultrasound transducer (UT) is over the artery, during signal acquisition. In order to check 

if the UT is over the artery, a machine learning-based classifier is trained, evaluated, and 

tested to detect for the region containing the artery wall in the M-mode image formed by 

the UT placed in the neck region (2 cm above the carotid bulb). A ground truth about the 

location of a region containing the artery wall region should be known to train, evaluate, 

and test the performance of the machine learning-based artery region classifier (detector). 

A manual segmentation approach as explained in Section 4.1.1, was used to create the 

ground truth about the region with and without artery walls. The region (a subset of M-

mode image) labeled during the ground truth creation process was called segmented 

windows. Fast and slow-time features of each segmented window, as explained in Section 

4.1.2, were extracted and used as an input to machine learning-based classifiers.  Several 

machine learning-based classifiers (LDA, KNN, RF, XGB, and CNN) was selected, and 
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their performance based on the features extracted were compared in two experimental 

environments of artery phantoms constructed and human in-vivo subjects. 

 

 In the phantom experiments, two experimental environments were created to simulate the 

artery and its motion during the cardiac cycle using two different phantoms, named 

Phantom A and Phantom B. The Phantom A simulated a scattering noise-free environment 

by simulating the artery movement using a polymer tube immersed in water. The change 

in diameter of the artery due to the cardiac cycle was simulated by periodically pumping 

water into the polymer tube using a syringe. This noiseless (scattering noise) environment 

was used to evaluate and compare the performance of the proposed algorithms. As 

discussed in Section 5.1.1, KNN performed better than other algorithms with an accuracy 

of 99.7%. CNN classifier, which automatically extracted the features from the segmented 

windows, performed the worst with an accuracy of 70.3%. It is because the CNN, which 

automatically extracts features from the M-mode image, fails to differentiate between 

proximal and distal walls, while the classifiers that are based on the features extracted 

manually were able to distinguish between a wall and no boundary region. Since the 

Phantom A provided an ideal environment (scattering noise-free environment), the 

classifiers were then tested on the ultrasound rf signal acquired from the Phantom B. In the 

Phantom B, the polymer tube simulating the artery was surrounded with tissue-mimicking 

hydrogel-based material. It simulates a more realistic human in-vivo environment. Carbon 

particles were dispersed inside the hydrogel- material, surrounding the polymer tube in the 

Phantom B, in order to replicate the ultrasound scattering occurring inside a human in-vivo 
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tissue. Such carbon particles produce scattering echoes (speckle noises) in the acquired 

ultrasound rf signal.  

 

As explained in Section 5.1.2, CNN performed better than other algorithms with an 

accuracy of 97%. CNN classifier, which automatically extracted the features from the 

segmented windows, performed better than the algorithms that were based on the features 

that were manually extracted in the case of the Phantom B. This showed that the features 

that were automatically obtained by the CNN were better than the features that were 

manually extracted. The Random Forest (RF) algorithm performed the worst in the case of 

the Phantom B experiments with an accuracy of 75.4%. In the case of human in-vivo 

experiments, the data were obtained from 8 human subjects after obtaining permission from 

the Carleton ethics board. Among the human in-vivo data collected at the common carotid 

artery, six were used for training and evaluating the classifiers, while two were used to test 

the classifiers.  The results of the classifiers for human in-vivo experiments are explained 

in Section 5.1.3. Similar to the results of classifiers in the Phantom B experiment (hydrogel-

based phantom with scatterers), CNN performs better than the other algorithms with an 

accuracy of 88.9 % accuracy. The KNN algorithm performs the worst with an accuracy of 

79.6% in the case of human in-vivo experiments. The results of the algorithm show that 

CNN was able to extract features that are better than the features that are manually 

extracted. It was also able to generalize to unseen data from a different person better than 

the rest of the algorithms considered in this thesis. A detailed comparison and the 

performance analysis of the algorithms considered were explained in Section 5.1.3. The 

performance of classifiers on the phantom based and human in-vivo experiments described 
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above were on the ultrasound data acquired from the PICUS clinical ultrasound acquisition 

system. On assessing the performance of classifiers on the data obtained from PICUS 

clinical ultrasound probe, it was observed that CNN performed better (explained in terms 

of F1-score and accuracy in Section 5.1.1- 5.1.3) than the other classifiers in case of the 

Phantom B and human in-vivo experiments.  Hence, CNN was trained, evaluated and tested 

on the human in-vivo data obtained from the WUS system.   

 

The performance of CNN on the data acquired from the WUS system is explained in 

Section 5.1.4. CNN was able to detect the segmented window containing proximal and 

distal artery walls at the common carotid artery of the human in-vivo subjects with an 

accuracy of 88.3%, which is very similar to the results obtained in human in-vivo 

experiments from the PICUS clinical ultrasound acquisition system. The reason behind the 

misclassification of CNN in both the human in-vivo data obtained from the PICUS clinical 

ultrasound system and WUS system is discussed in detail in Section 5.1.4. Thus, an 

automatic artery wall region classifier has been proposed and tested on data acquired from 

two different ultrasound acquisition system. Once the region in which the artery wall to be 

tracked is identified with CNN based artery wall region classifier, the change in lumen 

diameter of the artery is estimated using the peak detection technique, and the correlation-

based artery wall tracking method explained in Section 4.2. The artery wall detection and 

lumen diameter estimation technique were used to estimate the inner diameter of the 

polymer tube used in the phantom experiments. The results of the diameter estimation 

technique on phantom-based experiments are explained in Section 5.2.1 and 5.2.2. The 

inner diameter of the moving polymer tube is obtained using the artery diameter estimation 
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technique, and there is no ground truth to compare the actual value of the diameter change 

due to the manual pumping. Since the tube was manually pumped with water to simulate 

the cardiac cycle of the artery, the amount of water pumped into the tube (causing the 

expansion and contraction of the tube) was difficult to control or measure. The inner 

diameter of the tube in the Phantom A and B at rest was measured by a caliper having a 

measurement resolution of 0.01 mm. In case of Phantom A, it was 9.48 ± 0.04 mm, while 

the minimum inner diameter of the polymer tube during the induced motion (as explained 

in Section 5.2.1) was measured to be 9.437 ± 0.028 mm.  

 

The difference in the actual diameter and the average of the minimum inner diameter of 

the polymer tube measured using the artery diameter estimation technique is due to both 

experimental error and the error in the measurement technique. Similarly, for Phantom B, 

the inner diameter of the polymer tube was measured to be 9.55 ± 0.05 mm at rest. The 

minimum inner diameter of the polymer tube measured using artery diameter estimation 

technique (as explained in Section 5.2.2) during the induced motion was 9.599 ± 0.030 

mm. The difference in the actual diameter and the average of the minimum inner diameter 

of the polymer tube measured using the artery diameter estimation technique is due to both 

experimental error and the error in the measurement technique. The artery wall detection 

and lumen diameter estimation method is used to measure the systolic and diastolic 

diameter of the carotid artery in human in-vivo experiments, and the results are explained 

in Section 5.2.3 and 5.2.4. The artery lumen diameter of a human subject was measured 

from the data acquired using both the PICUS clinical ultrasound system and the WUS 

system. The systolic and diastolic diameter of the artery was measured to be 5.938 ± 0.099 
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mm and 5.379 ± 0.069 mm for data from the PICUS clinical ultrasound system, while the 

systolic and diastolic diameter estimated from the WUS system data was 5.898 ± 0.019 

mm and 5.289 ± 0.021 mm.  The difference in the systolic and diastolic diameter 

measurement between two acquisition system was probably due to: the change in the 

diameter of the artery due to the pressure applied by the ultrasound transducers; 

measurement error due to the artery diameter estimation technique; motion artefact due to 

the movement of the human subject during the data acquisition and change in the blood 

pressure of the human subject (causes the change in systolic and diastolic lumen diameter). 

Though the results obtained from the proposed algorithm on PICUS clinical ultrasound 

system and the WUS system are only 0.090 mm and 0.040 mm different from each other, 

the difference or the error between the actual value of the lumen diameter change and the 

measure diameter was not measured.   

 

The existing semi-automatic, and thresholding-based algorithms to detect and estimate 

artery diameter is evaluated based on the custom evaluation metric based on the threshold 

value set. Hence, a direct comparison in performance between the proposed algorithm and 

the existing algorithm could not be made. Based on the results discussed in Chapter 5, it is 

seen that the CNN for the artery detection and autocorrelation-based tracking technique for 

the lumen diameter change can be used to measure the arterial distension with the help of 

A-mode transducer. The automatic artery wall detection technique eliminates the need for 

expensive imaging hardware and technique, while the autocorrelation-based tracking 

technique is relied upon to estimate the change in the lumen diameter. The estimated 

change in the systolic and the diastolic diameter can be used in conjunction with the 
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pressure difference measured using one of the techniques discussed in Section 2.2.5, to 

estimate the stiffness of the artery. The proposed technique could be useful in developing 

an artery health monitoring system using ultrasound. 

 

6.2 Future Research  

As mentioned before, the primary intent of this research was developing an artery detection 

and lumen diameter tracking algorithm to estimate the change in the systolic and diastolic 

lumen diameter using a low-cost WUS for continuous monitoring of arterial properties. 

The research was conducted to develop an automatic artery detection and lumen diameter 

tracking algorithm to measure the systolic and diastolic diameter in the M-mode ultrasound 

rf signal. The following section outlines some suggestions for future work and study. 

• The ultrasound data acquisition systems used in this thesis acquired the ultrasound 

rf signal and stored it, and then post-processed the stored signal to locate and track 

the artery lumen diameter. A new acquisition setup and procedure using the WUS 

system could be developed to allow real-time processing of the acquired signal to 

detect artery wall region and track the artery lumen diameter. The new setup could 

also provide real-time feedback to the operator trying to locate the carotid artery.  

• In the proposed algorithm, once the artery region detector classifies the segmented 

region with a given level of accuracy, the region classified as the proximal and the 

distal wall region is not checked again for verification. More studies and 

experiments to evaluate the advantages of verifying the artery wall region should 

be carried out. 
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• The ultrasound rf signal acquired with the WUS during the experiments on human 

in-vivo contained some high amount of scattering and/or electric noises. Processing 

signals in the frequency domain may help to find the source and the characteristics 

of the noises. A proper digital filter can be designed to remove noises and improve 

the SNR of the desired ultrasonic signal from the artery walls of interest. Further, 

more frequency domain and auto-correlation based features could be investigated 

as an input to the machine learning classifiers.  

• Since the artery and the vein have a similar characteristic of expansion and 

contraction due to the cardiac cycle, the current algorithm proposed, use the pattern 

that is observed using the cardiac cycle to differentiate the moving tissues with the 

stationary tissues. It does not look at the pattern of the artery or vein for the 

segregation. Thus, the algorithm could detect the jugular vein instead of an artery. 

More studies should be done to modify the algorithm only to detect artery and 

exclude the jugular vein. The ECG signals could be used in conjunction to separate 

the artery with vein based on the cardiac cycle. Further, the ECG sensor in 

conjugation with the ultrasound acquisition system could be used to verify the 

pattern of the diameter change tracked using the proposed algorithm. 

• A statistical study involving more human subjects to measure and compare the 

performance of CNN on data from PICUS clinical ultrasound imaging system and 

WUS system should be carried out.  

• A gold standard measurement technique such as laser displacement sensor can be 

used to track the change in diameter of the polymer tube in water (Phantom A) and 

evaluate the performance of the proposed algorithms for artery detection and lumen 
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diameter measurement using ultrasound.  This laser measurement can be used to 

evaluate the error of the proposed algorithm on the data acquired using the 

ultrasound acquisition systems. 

• The artery wall lumen diameter can be manually measured by a certified physician 

or a medical sonographer and can be used as a gold standard to estimate the error 

in the artery lumen diameter tracking algorithm. 

• It is recommended to optimize the algorithm to perform clinical trials in 

conjunction with a suitable blood pressure measurement technique to investigate 

the ability of the measurement system to estimate the change in stiffness between a 

healthy individual and a person with coronary heart disease.   

• A statistical study can be conducted to measure the change in diameter of the 

brachial artery and its potential use in flow-mediated dilatation (FMD) test. FMD 

is used to measure the endothelial function in the brachial artery [56], [57]. 

• The inter and intra operator variability in the performance of the proposed 

algorithm can be evaluated by estimating the diameter of the artery from multiple 

acquisitions of the same human test subject. 

• A statistical study can be conducted to measure the change in diameter of the 

jugular vein and its potential use in jugular vein distension measurement. Jugular 

vein distension waveform is used in assessing the severity and response to the 

treatment of congestive heart failure [96]. 

• The committee of classifiers might be able to perform better results than the 

individual classifiers, but the time taken for each of the classifiers to make a 

decision could be way higher than selecting the results of an individual classifier. 
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Hence, more investigation could be carried out to analyze the trade-off between the 

time and performance of the classifiers. 
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Appendix 

 

Fractal Dimension  

The Higuchi transform algorithm [97] is used to calculate the fractal dimension. 

It decomposes the signal into different scales and evaluates the signal 

complexity. Higuchi’s algorithm is proven to be a stable and accurate method to estimate 

the fractal dimension of time series and works well even for time series with very few 

samples [84], [87], [97].  

The algorithm computes the mean length of the signal at different scales, plots a log-log 

graph of length versus scale, and measures the slope of the linear fit of this graph as the 

fractal dimension. The segmented window is a matrix with its columns representing depth 

(fast-time) and rows representing the frames (slow-time). Thus, the segmented window can 

be considered as the subset of the ultrasound rf signal while the probe is in a fixed position 

over time. Each sample of the ultrasound rf signal in the segmented window over time 

(slow-time) forms a time series {𝑋(1), 𝑋(2),… . , 𝑋(𝑁)}. N is given as the height of the 

segmented window. From this time series, we first construct k new time series of the form 

provided in Equation (1). 

 

 

Where k is the sampling time interval (which determines the scale, 𝑘 < 𝑁) and 𝑚 =

1,2,… 𝑘 − 1. Both 𝑚 and 𝑘 are integers. The length of each time series, 𝐿𝑚(𝑘), is defined 

in the Equation (2). 

 
𝑋𝑘
𝑚: {𝑋(𝑚), 𝑋(𝑚 + 𝑘), 𝑋(𝑚 + 2𝑘). . . , 𝑋(+[

𝑁 −𝑚

𝑘
]. 𝑘)} 

   (1) 
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The average value of 𝐿𝑚(𝑘) over 𝑘 sets, 𝐿(𝑘), is the so-called length of the time series at 

scale 𝑘. This procedure is repeated for each 𝑘 ranging from 1 to 𝑘𝑚𝑎𝑥. A line is fitted to 

values of ln L(𝑘) versus ln(1/𝑘) and the slope of this line is considered as the fractal 

Dimension. The number of the samples, 𝑁, and the nature of the time series determine the 

optimal value of the parameter 𝑘𝑚𝑎𝑥. The value of 𝑘𝑚𝑎𝑥 in this case, it is experimentally 

selected to be 15 for the time series of length 60.   
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− 𝑋(+(−1). 𝑘)| 
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Performance of machine learning algorithm in Human in-vivo from flexible 
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Measurement of the diameter using PICUS clinical ultrasound system  

Human test subject 2 
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Cardiac cycle Diastolic diameter in mm Systolic diameter in mm 

1 5.604 6.066 

2 5.604 6.158 

3 5.604 6.136 

4 5.627 5.997 

5 5.604 6.043 

6 5.650 6.112 

7 5.604 6.112 

8 5.604 6.112 

Mean ± Std 5.613 ± 0.016 6.092 ± 0.050 
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Measurement of the diameter using WUS system  

 

  

Cardiac cycle Diastolic diameter in mm Systolic diameter in mm 

1 5.648 6.100 

2 5.606 6.080 

3 5.596 6.095 

4 5.570 6.116 

5 5.659 6.090 

6 5.737 6.085 

7 5.856 6.262 

Mean ± Std 5.668± 0.092 6.119 ± 0.060 

 

 

 

 

 

Difference between WUS and PICUS system  
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Mean diastolic diameter 

(mm) 

Mean systolic diameter 

(mm) 

PICUS 5.613 6.092 

WUS 5.668  6.119 

Difference 0.055 0.027 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


