
Jugular Venous Height
Measurement Through Contactless

Monitoring

Mohamad Hosein Davoodabadi Farahani

Thesis submitted to the University of Ottawa in partial
fulfillment of the requirements for the degree of
Master of Applied Science, Biomedical Engineering

School of Electrical Engineering and Computer Science
Faculty of Engineering
University of Ottawa

Prof. Miodrag Bolic

© Mohamad Hosein Davoodabadi Farahani, Ottawa, Canada, 2025



Abstract

Heart failure remains the leading cause of mortality worldwide, underscoring the urgent
need for early diagnosis to improve patient outcomes and alleviate the burden on health-
care systems. One of the key indicators of heart failure is elevated Jugular Venous Pressure
(JVP), which reflects increased venous pressure and fluid retention when the heart fails to
pump blood effectively. Traditional methods of measuring JVP are often time-consuming
and expensive. However, the advent of smartphones equipped with high-quality cameras
and advanced processing units present an opportunity for a more efficient and cost-effective
approach. This research proposes a novel framework utilizing machine learning and signal
processing techniques to measure the JVP height in the neck through smartphone video
recordings. The framework enables patients to capture and assess their JVP height by sim-
ply using their smartphones, offering a practical alternative to conventional methods. To
evaluate the effectiveness of the proposed system, a dataset comprising videos of patients
recorded from various angles and distances at a cardiopulmonary clinic was utilized. The
algorithm’s performance in detecting JVP height was compared with assessments made by
medical professionals using ultrasonic methods. The results demonstrate that the proposed
system is comparable in terms of accuracy in JVP height measurement with expert’s eval-
uations. This advancement suggests a promising solution for improving the accessibility
and efficiency of heart failure diagnostics, potentially transforming patient self-monitoring
and reducing healthcare costs.
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Author Contributions

This study presents a smartphone-based framework for the measurement of JVP using
deep learning and signal processing. The key contributions of this research are summarized
below:

• Advanced Feature Extraction: We developed a deep learning network to reliably
detect and track key anatomical landmarks, including the ear, clavicle, and sternal
notch.

• Integrated Physiological Metrics: The network measures Heart Rate (HR) and
Respiration Rate (RR) within a specifically defined Region of Interest (ROI) on the
neck, providing critical physiological inputs.

• Novel JVP Assessment Criterion: By integrating the mentioned measurements,
we introduce new, data-driven criteria for assessing JVP height.

• End-to-End Processing Pipeline & Clinical Validation: The complete process-
ing pipeline is validated using a comprehensive, clinically annotated dataset, ensuring
robustness and practical utility in real-world scenarios.

• Publications Supporting This Work:

– “Non-Contact Imaging of the Neck for Monitoring Cardiopulmonary Clinic Pa-
tients”: Focused on HR and RR detection based on the automatic ROI detection
on the neck.

– “Non-contact Heart Rate and Respiratory Rate Estimation from Videos of the
Neck”: Intrdouced a novel way of HR and RR prediction.
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1

Introduction

1.1 Background

Cardiovascular diseases (CVD) are the leading cause of morbidity worldwide, surpassing

cancer and chronic lower respiratory diseases in terms of annual fatalities. In the U.S.,

the prevalence of CVD encompassing Coronary Heart Disease (CHD), Heart Failure (HF),

1



1.1. BACKGROUND

stroke, and hypertension was 48.6% among adults over the age of 20 in 2020, totalling ap-

proximately 127.9 million individuals, with prevalence increasing with age for both genders.

Globally, CVD was responsible for an estimated 19.05 million deaths in 2020, marking an

18.71% increase since 2010 [1]. The incidence of HF notably escalates with age, showing

up to a fourfold higher prevalence (8.0%–9.1%) in U.S. adults aged 65 and older compared

to those under 65. Projections indicate that the number of Americans with HF will rise

to 8.5 million by 2030, according to National Health And Nutrition Examination Survey

(NHANES) data. There is a unanimous opinion that key global risk factors for HF include

advancing age, ischemic heart disease, hypertension, obesity, diabetes, and smoking [2].

From a financial perspective, the economic burden of CVD is substantial, with the average

annual direct and indirect costs in the United States estimated at $407.3 billion between

2018 and 2019, and direct costs having doubled from 1997 to 2019. Notably, hospitaliza-

tions for HF represent a major contributor, accounting for up to 80% of direct healthcare

expenditures [1].

HF can present in diverse ways, with right-sided HF or fluid accumulation in the body

often indicating a more severe and potentially life-threatening condition. Fluid overload

can be assessed and managed through the measurement of JVP, which serves as an indirect

indicator of (Right Atrial Pressure (RAP)). The heart comprises four chambers: the left

and right atria and the left and right ventricles. The right atrium is connected to the

superior vena cava, a large vein that channels deoxygenated blood from the brain and face

into the heart.

The superior vena cava branches into the internal and external jugular veins, which are
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1.2. PROBLEM STATEMENT

utilized for measuring JVP. The internal jugular vein, located approximately 1 to 2 cm

below the surface of the neck, is preferred for JVP measurement due to its larger diameter

and more direct alignment with the superior vena cava and right atrium. In contrast, the

external jugular vein, visible on the skin’s surface, has a more complex path with two 90-

degree angles between the right atrium and the neck segment. These angles can introduce

slight discrepancies in pressure readings, making the external jugular vein less reliable for

accurate JVP measurement. The pressure in these veins (i.e., the right internal jugular

vein Internal Jugular Vein (IJV)) is closely related to the pressure in the right atrium due

to their direct connection.

1.2 Problem Statement

Accurate measurement of JVP is a critical component in the diagnosis and management

of heart failure, as it offers a non-invasive estimate of central venous pressure and pro-

vides insights into cardiac function and fluid status [3]. Clinicians traditionally assess JVP

at the bedside by visually estimating the vertical distance between the sternal angle and

the highest point of jugular venous pulsation. However, this method is subjective, depen-

dent on clinical expertise, and often impractical for routine use in outpatient or remote

settings [4]. Although implantable hemodynamic monitors have demonstrated potential

for early detection of heart failure, they remain invasive and are not widely used outside

of specialized care due to procedural risks, infrastructure requirements, and cost-related

considerations [5]. Moreover, existing non-invasive techniques for estimating JVP such as

3



1.3. RESEARCH QUESTIONS

those based on contact Photoplethysmography (PPG), radar sensors, or infrared imaging

typically require controlled lighting conditions, specialized hardware, or direct skin con-

tact [6]–[9]. These constraints limit their feasibility for use in real-world, low-resource, or

home-based environments. While recent studies have explored non-contact methods for

extracting cardiovascular signals from video recordings, there is a lack of research focused

specifically on developing an accessible, AI-based framework for measuring JVP height us-

ing consumer-grade smartphones. In particular, the potential application of Skin-Motion

(sMOT) for neck-based monitoring remains underexplored. Therefore, a gap exists in

creating a practical, low-cost, and scalable solution that leverages modern mobile technol-

ogy, deep learning, and physiological modeling to enable non-contact measurement of JVP

height in everyday settings.

1.3 Research Questions

This study aims to develop a smartphone-based system that enables measurement of JVP

using deep learning and signal processing techniques. The goal is to create an accessible

and clinically meaningful tool for estimating JVP height from video recordings, potentially

supporting remote monitoring and telemedicine applications. To achieve this, the study

employs methods such as anatomical landmark detection through artificial intelligence,

signal extraction for physiological parameters, and integration of medical guidelines into

the computational framework. The research addresses the following key questions:

4
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• How accurately can AI-based models detect relevant anatomical landmarks to sup-

port JVP height estimation?

• Is the sMOT method a reliable approach for estimating HR and respiratory rate RR

from video recordings?

• Can a robust framework be designed that effectively integrates medical knowledge

and clinical constraints to enable JVP height measurement from smartphone-captured

videos?

1.4 Objectives

The increasing integration of telemedicine into healthcare, along with the widespread use of

smartphones equipped with high-resolution cameras and powerful processors, has created

new opportunities for non-invasive, remote patient monitoring. These advancements can

help reduce the burden on healthcare systems by enabling early detection and continuous

monitoring outside clinical settings, especially for patients with cardiovascular conditions.

While several frameworks have successfully demonstrated the remote estimation of physi-

ological signals such as heart rate and respiratory rate, little to no research has focused on

the measurement of JVP using smartphones. Existing studies often rely on artificial light-

ing, controlled environments, and specialized sensors (e.g., laser, ultrasonic, microwave,

infrared), which limits their practicality in real-world applications. Therefore, a need for

a solution that integrates clinical knowledge with widely accessible technology to enable

5
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practical and scalable JVP assessment is needed. The primary objective of this study is to

design and implement a smartphone-based framework for the measurement of JVP height,

using deep learning and signal processing techniques. The specific goals of the study are:

• To detect key anatomical landmarks on the neck, such as the clavicle, sternal notch,

and ear, supporting accurate JVP height estimation.

• To propose and develop an AI-based framework for JVP measurement that is clini-

cally informed and technically feasible.

• To design a near real-time data processing pipeline capable of handling video input

from standard smartphone cameras under typical lighting conditions.

1.5 Significance

The benefits of developing a contactless framework for JVP height measurement brings

imminent benefits for patients and healthcare systems that are as follows ;

1. Patient Comfort and Safety

• Traditional methods of measuring JVP typically involve direct physical exam-

ination, which may cause discomfort for patients and rely heavily on clinician

expertise. A contactless approach could eliminate the need for physical contact,

thereby enhancing patient comfort and enabling more consistent assessments.

6



1.5. SIGNIFICANCE

• Reduced Risk of Infection: In the context of infectious diseases (e.g., COVID-

19), minimizing physical contact is crucial. Contactless measurement reduces

the risk of transmitting infections between patients and healthcare providers,m

2. Increased Efficiency and Accessibility

• Efficient Assessment: Contactless technology can facilitate faster and more

efficient JVP measurements. This efficiency is particularly valuable in high-

throughput settings like emergency rooms and large clinics, where rapid patient

assessment is essential.

• Wider Accessibility: A contactless approach can be more easily deployed in

various settings, including remote or underserved areas. It can also be integrated

into telemedicine platforms, allowing for remote monitoring of patients.

3. Cost-Effectiveness

• Reduced Need for Invasive Equipment: By minimizing reliance on invasive tools

and physical examinations, contactless methods can lower the costs associated

with medical supplies and equipment.

• Decreased Labor Costs: Automating the measurement process can reduce the

need for manual assessments by healthcare providers, allowing them to focus on

more complex aspects of patient care.

4. Continuous Monitoring and Early Detection

7
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• Compatibility with Wearable Devices: Contactless JVP measurement can be in-

tegrated with wearable health devices, which are increasingly popular for remote

health monitoring. This integration supports a more comprehensive approach

to patient management.

• Data Analytics and Decision Support: Advanced contactless systems can be

equipped with data analytics capabilities, providing valuable insights and sup-

porting clinical decision-making through predictive analytics and trend analysis.

5. Research Contributions

The following are key contributions focused on developing methods for assessing car-

diopulmonary parameters. The contributions are reflected in multiple publications,

including work on heart rate and respiratory rate estimation from neck video data,

as well as JVP measurement.

• First Author – “Non-Contact Imaging of the Neck for Monitoring Cardiopul-

monary Clinic Patients”, accepted for publication in Biomedical Optics Express.

• First Author – Manuscript in preparation to be submitted to a journal.

• Co-author – “Non-contact Heart Rate and Respiratory Rate Estimation from

Videos of the Neck”, published in Proceedings of the IEEE EMBC [10]. The

author actively contributed to the dataset preparation.

8
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1.6 Scope and Limitations

Having examined the advantages of contactless patient monitoring, it is also important to

address and discuss the limitations associated with this approach. Certain physiological

and environmental factors, such as variant anatomies, difficulties with visualization in

obese individuals or those with thick necks [11], video acquisition tools and illumination

can adversely impact the performance of the proposed framework and need to be addressed

before proceeding. In short, the mentioned reasons could be summarized into the following

points;

• Anatomical Variations: The IJV’s anatomy can vary significantly among individ-

uals. Variations include the difference in location of multiple veins, different junction

points with the subclavian vein, or variations in the vein’s course and size. These

variations can affect the ability to accurately assess JVP using traditional methods.

• Obesity and Thick Necks: In patients with obesity or thick necks, the increased

subcutaneous fat or tissue can obscure the IJV, making direct visualization difficult.

This can hinder the accurate assessment of JVP, as the proposed framework relies

on the detection of the pulsations.

• Positioning Sensitivity: To minimize positioning effects, consistent patient po-

sitioning is necessary. Standardizing the measurement procedure, such as using a

specific angle of head elevation (typically 30 to 45 degrees), helps in achieving con-
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sistent results. Regular training and protocol adherence can mitigate the effects of

positional changes.

• Video Acquisition Tool: The quality of the extracted signal is significantly influ-

enced by the type of RGB sensor used. Unlike previous studies that utilized high-

bit-depth cameras (10 or 12-bit), this study employs two commonplace smartphone

cameras. This choice offers both advantages and limitations. While smartphone

cameras enhance accessibility and affordability, they lack the ability to capture raw,

uncompressed video, leading to potential signal degradation due to compression ar-

tifacts, ultimately affecting the signal-to-noise ratio.

• Illumination: Using a fixed light source on patients can enhance video quality and

improve the extracted signal. However, this study relies on ambient room lighting

rather than controlled illumination. While this approach increases the system’s ap-

plicability and repeatability in real-world scenarios, it also introduces variability that

may impact the quality of the captured signals.

• Technical Factors: A key challenge encountered during data collection was the lack

of standardized setup conditions for the recording equipment. Some recordings were

affected by noise and motion artifacts due to smartphones being placed directly on a

surface rather than being stabilized with a tripod or dedicated holder. Additionally,

the need to frequently adjust the camera angle introduced inconsistencies, impacting

the repeatability of video acquisition and reducing measurement reliability.
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1.7 Outline of the study

This study is organized into five main chapters, each addressing a specific aspect of this

research. The first chapter, Introduction, provides an overview of the research topic, in-

cluding background information and the problem statement. It discusses the significance of

noncontact JVP height measurement and outlines the research objectives and limitations.

Following the introduction, the Literature Review chapter examines existing research re-

lated to JVP measurement, including contactless monitoring technologies, and the use of

smartphone cameras in medical diagnostics. This chapter analyzes previous studies, and

current methodologies and identifies gaps in existing knowledge that the research aims to

address. The Methodology chapter details the research design and methods used to develop

and validate the proposed framework. It describes the experimental setup, data collection

procedures, and the algorithms or models employed. Additionally, it discusses the criteria

used for evaluating the framework’s performance and provides a comprehensive description

of the framework’s architecture. The Results chapter presents the findings from testing the

framework which includes both quantitative and qualitative analyses of the framework’s

performance, compares these results with existing methods, and interprets the findings in

relation to the research objectives. The final chapter, Conclusion, highlights the contribu-

tions of the study, discusses its limitations, and suggests directions for future research to

further enhance the framework or explore related applications.

11



2

Literature Review

2.1 Introduction

This literature review synthesizes key research on JVP, emphasizing its anatomical fea-

tures, the significance of its detection, and the methodologies and findings of relevant

studies. Inspecting the neck veins is important for two primary reasons: first, to identify

12
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elevated central venous pressure; and second, to detect specific abnormalities in venous

waveforms, which can be indicative of certain arrhythmias as well as valvular, pericardial,

and myocardial disorders. Central Venous Pressure (CVP) reflects the pressure in the

right atrium and can become elevated in certain conditions. An elevated CVP can cause

the neck veins to appear abnormally distended and is often associated with conditions

such as chronic lung disease, pulmonary arterial hypertension, and pulmonary stenosis.

To accurately measure a patient’s CVP, clinicians should focus on assessing the veins on

the right side of the neck. This is because the right-sided veins have a direct path to the

heart, providing a more reliable measurement of venous pressure. In contrast, veins on the

left side of the neck must traverse the mediastinum, where they can be compressed by the

aorta. This compression can lead to an elevation in left jugular venous pressure, even when

the CVP and right venous pressure are within normal ranges [12]. The IJV is generally

preferred for central venous pressure measurement due to its direct alignment with the

superior vena cava and the right atrium. In contrast, the External Jugular Vein (EJV) is

characterized by two 90-degree bends between the right atrium and its course through the

neck. These bends can impede blood flow and create discrepancies in pressure readings.

As a result, the pressure in the external jugular vein may differ slightly from the pressure

in the heart, rendering it a less ideal candidate for accurate pressure measurement [3].
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2.2 JVP Characteristics

When the patient is in a supine position, the IJV is fully open and serves as the primary

route for blood draining from the brain and other extracerebral areas. However, when the

patient changes to an upright position, the jugular venous system experiences significant

flow limitations. In this position, the IJV tends to collapse due to a decrease in transmural

pressure caused by gravity, which leads to a notable increase in resistance within the vein

[13].

Because the carotid artery also pulsates in the neck, clinicians need to differentiate

it from the internal jugular vein. Venous pulsations exhibit a pronounced inward or de-

scending movement, while the outward movement is slower and more diffuse. In contrast,

arterial pulsations show a prominent ascending or outward movement, with the inward

movement being slow and diffuse [12]. As illustrated in Figure 2.1, dashed vertical lines

divide the cardiac cycle into two phases: systole and diastole. Each physiological signal is

labelled with its corresponding significant waves. For the Electrocardiogram (ECG), the

P wave represents atrial depolarization, the QRS complex indicates ventricular depolar-

ization and the T wave denotes ventricular repolarization. In the JVP tracing, the a, c,

and v waves are shown in blue, while the x, x’, and y descents are in gray, for the PPG

signal, ’s’ marks the systolic peak, and ’d’ marks the diastolic peak [6]. The following

Table 2.1 also outlines the differences between Cartoid and JVP pulsations, and a sample

of JVP signal is depicted in Figure 2.2. To explore the timing of these events in detail on
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the JVP trace: The A wave represents right atrial contraction, while the x descent marks

right atrial relaxation. Patients with reduced right ventricular (RV) compliance from any

cause can have a prominent a wave and it is absent with Atrial Fibrillation (AFib). The

x descent reflects the fall in right atrial pressure after the a wave peak and in normal

persons, the x descent is the predominant waveform in the jugular venous pulse [14]. The

c wave, once thought to be a carotid artifact, actually corresponds to right ventricular

contraction and tricuspid valve closure. The x’ descent occurs as the A-V valve ring moves

downward during right ventricular contraction. The v wave indicates right atrial filling,

which increases venous pressure as it overcomes the descent of the base and is smaller than

the a wave because of the normally compliant right atrium. The y descent starts with

the opening of the tricuspid valve at the beginning of diastole, causing a sharp decline in

venous pressure as the atrium empties into the ventricle [12]. In patients with atrial septal

defect (ASD), the a and v waves may be of equal height, and the v wave is accentuated.

With Tricuspid regurgitation (TR), the v wave will merge with the c wave. Normally,

venous pressure drops by at least 3 mm Hg during inspiration. However, a failure to de-

crease with inspiration (Kussmaul sign) suggests conditions like constrictive pericarditis,

restrictive cardiomyopathy, pulmonary embolism, right ventricular infarction, or advanced

systolic heart failure. A Kussmaul sign is observed in cases of right-sided volume overload

and reduced right ventricular (RV) compliance.

RAP and respiration are closely linked due to changes in intrathoracic pressure during

breathing. During inhalation, the diaphragm contracts, creating negative intrathoracic

pressure, which lowers RAP. This enhances the pressure gradient between the systemic
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Figure 2.1: ECG, JVP and PPG signals traces (From top to bottom) adapted and redrawn
from [6].

veins and the right atrium, improving venous return and increasing right atrial and right

ventricular filling. In contrast, during exhalation, intrathoracic pressure becomes less neg-

ative or slightly positive, especially during forced exhalation or in conditions like Chronic

Obstructive Pulmonary Disease (COPD). Pulmonary artery pulse pressure declines dur-

ing expiration, especially in patients with low right atrial filling pressure. Increased in-

trathoracic pressure during expiration can impair both right atrial and right ventricular

filling, resulting in a reduced stroke volume. There is a significant interaction between

intrathoracic pressure, right atrial filling, and right ventricular output, particularly during
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Table 2.1: Distinguishing Internal Jugular Waveforms from Carotid Pulses [12], [14].

Characteristic Internal Jugular Vein Carotid Artery
Character of movement Descending movement most

prominent
Ascending movement most

prominent
Number of pulsations per

ventricular systole

Undulating two troughs and
two peaks for every cardiac

cycle (biphasic)

Single brisk upstroke
(monophasic)

Palpability of pulsations Generally not palpable Palpable
Change with respiration During inspiration,

pulsations become more
prominent and drop lower

in the neck

No Change

Change with position Pulsations appear lower in
neck as patient sits up

No Change

Change with abdominal

pressure

Pulsations may temporarily
become more prominent
and move higher in neck

No Change

Effect of pressure Can be obliterated with
gentle pressure at the base

of vein/clavicle

No Change

expiration. The study [15] shows that as intrathoracic pressure rises during expiration,

pulmonary artery pulse pressure and right ventricular stroke volume decrease, which is

linked to impaired venous return and right atrial filling. The decline in pulmonary artery

pulse pressure is most pronounced in patients with normal RAP, where high intrathoracic

pressure leads to low transmural pressure in the right atrium, significantly impairing venous

return. In contrast, COPD patients with higher RAP (often associated with pulmonary

hypertension) do not experience as much of a decline in pulmonary artery pulse pressure

during expiration. This is because the dilated right atrium acts as a reservoir, maintaining
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Figure 2.2: Sample of a JVP signal (Left) with its power spectrum (Right).

right ventricular filling despite the increased intrathoracic pressure.

2.3 Background on CVP

Central venous pressure CVP can be measured using three primary approaches, along with

emerging methods that will be discussed subsequently.

2.3.1 Clinical Examination

This method estimates CVP by using the jugular veins as manometer tubes to the right

atrium. Two reference points are needed to determine the height of the blood column in

the jugular veins. The first point is the position of the right atrium, often referred to as the

”zero reference point.” Since the right atrium cannot be directly located on the thorax, the
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angle of Louis, which is at the junction of the manubrium and the body of the sternum, is

commonly used as a substitute. This landmark is typically 5 cm above the right atrium,

regardless of the patient’s position. The second point is the top of the column of blood in

the jugular vein, which is identified by visualizing the point of collapse. At this point, the

vein shows pulsations related to the cardiac cycle, while it is collapsed above this level and

distended and non-pulsatile below it. The vertical distance between the top of the jugular

pulse and the angle of Louis is measured. Adding 5 cm to this measurement provides the

CVP in centimeters of H2O [16] as shown in Figure 2.3.

The sternal angle is a more reliable reference point for bedside examination because

clinicians can consistently and accurately locate it with greater ease. A metric ruler is

positioned vertically at the sternal angle, and the vertical distance from this point to the

highest point of the jugular venous pulsation is measured. For the patients who have

normal CVP, the neck veins are fully distended when supine and completely collapsed

when upright. Therefore, a semi-upright position is employed for measurement [12] which

is in line with study [8] that examined different patients’ positions and compared the results

of Camera-based vibrocardiography imaging (cVCGI) with Ultrasound (US).

Although this method is the most established and commonly used for measuring JVP,

its accuracy can be limited. This is due to the reliance on the physician’s ability to

precisely align the measuring tools both vertically and horizontally. Additionally, obese

patients pose a significant challenge because a thick layer of fat can attenuate jugular

pulsations, making them harder to detect. Furthermore, when the CVP exceeds 25 cmH2O

and the top of the blood column is positioned above the angle of the mandible, it further
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complicates accurate measurement [16]. On the other hand, the non-invasive nature of this

method is beneficial as it requires minimal medical equipment and provides a simple way

to approximate values [3]. In summary, the estimated height of venous pressure reflects

Figure 2.3: Measurement process of venous pressure. The clinician needs to adjust the patient’s
position until the top of the neck veins becomes visible. In the semi-upright position, the top of
the neck veins is 2 cm above the sternal angle, which corresponds to a CVP of 7 cmH2O (2 cm
+ 5 cm) adapted and redrawn from [12].

CVP or RAP. While observers often differ in their CVP assessments, recognizing that

the pressure is elevated, rather than knowing the exact value, can still aid in diagnosis

and treatment decisions. A distance of greater than 3 cm (1.2 inches) in the reclined

position is considered abnormal and Venous pulsations above the clavicle with the patient

in the sitting position are clearly abnormal because the distance from the right atrium is

at least 10 cm (4 inches). The estimated central venous pressure CVP only moderately
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correlates with direct measurements. Bedside measurements in centimetres of water must

be converted to millimetres of mercury (mmHg) for accurate comparison with catheter-

based values, using the conversion factor: 1.36 cm H2O = 1.0 mmHg adapted and redrawn

from [12].

2.3.2 Catheter Examination

A less commonly used method for measuring JVP involves direct measurement with a

pressure-monitoring catheter. This technique is typically employed in critically ill patients

or those undergoing significant fluid shifts, such as during blood transfusions or surgery.

Right heart catheterization allows for the measurement of cardiac output, right heart,

and pulmonary pressures, enabling the calculation of derived hemodynamic parameters

like cardiac work indices and systemic and pulmonary vascular resistance. These key

hemodynamic variables provide detailed insights into the patient’s physiological condition,

which can improve management decisions and support the care of critically ill patients.

The first recorded cardiac catheterizations were performed by Hale in 1711, using brass

pipes to access the right and left ventricles of a horse’s heart via the internal jugular vein

and carotid artery.

The procedure begins with the use of ultrasound to locate the IJV, ensuring accurate

placement for subsequent pressure analysis. After the patient is induced with general

anesthesia, the IJV is accessed with a syringe needle. A guide wire is then advanced

through the needle into the vein, followed by the insertion of an intravenous cannula over
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the wire, which is done after removing the needle to minimize bleeding at the puncture

site. Finally, a pressure-monitoring catheter is inserted through the IJV to provide a direct

measurement of JVP.

While this method offers more reliable and consistent results compared to the mentioned

non-invasive technique, it is an invasive procedure that carries risks, including catheter

malfunction, thrombosis, infection, hemothorax, pneumothorax, and cardiac tamponade.

Additionally, improper needle placement can result in damage to nearby arteries or nerves,

potentially leading to significant vascular or neurological complications [17].

2.3.3 Ultrasound Measurement

IJV is best examined by real-time US with a high-frequency linear transducer, typically

operating between 7 to 9 MHz. In the transverse plane, the IJV appears as a black oval

structure on either side of the neck. The Common Carotid Artery (CCA) is also black but

is rounder than the adjacent IJV, exhibits more pronounced pulsations in real-time, and is

not compressible. During the Valsalva maneuver1, the size of the IJV increases, whereas the

CCA remains unchanged. An alternative approach would be by taking a deep inspiration or

passive leg elevation. The EJV is typically not visualized sonographically due to its smaller

size and high compressibility. In a sitting position, a patient with normal CVP will have a

nearly collapsed internal jugular vein (IJV), which may be barely visible in the transverse

1The Valsalva maneuver involves forced expiration against a closed glottis. It simulates various everyday
activities, such as straining during defecation, inflating a balloon, or playing a wind instrument like the
saxophone
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plane. The IJV will briefly distend during forced expiration or the Valsalva maneuver but

will quickly collapse with normal breathing. When in a semi-upright position, the top of

the blood column will be below the clavicles, and the IJV will collapse mid-neck. It should

be noted that a normal CVP would be between 0 to 10 cmH2O while for an elevated CVP

it would be above 10 cmH2O [16]. In [18], a study is conducted to compare the invasive

measurements with ultrasound and visual inspection of JVP on the neck. The correlation

of 0.79 between invasive and US measurements is yielded, while the visualization of JVP

was possible for only 69% patients with traditional approach compared to 100% for the US

measurements leading to this conclusion that the traditional bedside measurements could

be enhanced by ultrasound examination. The feasibility of obtaining a periodic signal

from the neck that illustrates the a, c and v waves and the x and y descents of the JVP

is explored using US B-mode through a sequential variation of the IJV-CSA2 during the

cardiac cycle in [19].

2.3.4 Emerging Approaches

New methods for detecting JVP can be divided into two key areas:

1. Wearable Devices: innovative technologies like PPG sensors and biosensors offer

continuous, non-invasive monitoring, enabling real-time tracking of JVP changes.

Study [6] demonstrates the feasibility of using a reflectance PPG sensor to extract the

JVP waveform from the neck. It was shown in their study that JVP-PPG signals were

2Cross Sectional Area
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inversely correlated with respect to reference arterial finger PPG. [20] demonstrates

the effectiveness of a wearable RF sensor capable of noninvasive acquisition of the

JVP features. In their research, they proposed a wearable near-field radio frequency

(RF) sensor affixed with a neck collar on the clavicle over the internal jugular vein

IJV to enable noninvasive JVP sensing. In a similar study [13], researchers explored

the feasibility of a wireless, non-invasive wearable device for acquiring the JVP signal,

aiming to validate it as a new tool. The device features a capacitive strain gauge

sensor, designed to be worn around the neck like a necklace, to measure the JVP

waveform, which later a similar approach was used for exercise monitoring to provide

additional parameters on cardiac filling and cerebral venous drainage to the widely

used heartbeat rate value [21].

2. Radars: Radars are advancing carotid and JVP detection by offering non-invasive,

real-time monitoring. This technology provides precise measurements of blood flow

and pressure, enhancing diagnostic accuracy and patient care. In [7] the feasibility

of monitoring respiration and carotid pulsation from a distance using impulse-radio

ultra-wideband (IR-UWB) radar is investigated. A prototype non-contact device

that employs microwave radar 24 GHz and 7 mW power has also been studied for

JVP measurement [22] as an alternative to the conventional bedside exam.

3. Cameras: Employing a wide range of cameras enhanced diagnostic precision and al-

lowed for more accurate assessments of cardiovascular health. Various studies have

been done on the Remote Photoplethysmography (rPPG) among which [23]–[27] and
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[28]–[30] are related to the unsupervised and supervised rPPG waveform detection

correspondingly, leading to HR estimation. These algorithms are primarily evaluated

on datasets such as COHFACE [31], UBFC [32], and PURE [33], all of which uti-

lize the face as the region of interest for processing. One of the first studies on the

neck using a camera was done in [34], where a camera was utilized to capture the

image from the neck and locate the whereabouts of the JVP, but the scope of the

study was limited due to the number of participants and not analyzing the resulted

waveforms. In [16], the feasibility of the remote assessment of the JVP using social

media apps was studied. To record the videos accurately, experts helped the patients

adjust their smartphones, repositioning their heads and changing the angle of the

patient’s body. Each patient underwent one bedside JVP assessment and up to four

remote assessments conducted by different cardiologists. Right heart catheterization

was performed on the same day, following the JVP evaluations. The study found

that remote JVP estimates correlated with bedside measurements at a rate of 63.5%.

A similar study is done in [35] where a video magnification algorithm is used to help

cardiologists with the detection of pulsations better and the results proved a better

accuracy compared to non-magnified videos. In [36], the theoretical foundation and

initial implementation of a non-contact remote system are presented. The system

uses a video camera to capture footage of a target area illuminated by a rectangular

LED source, introducing a novel vascular imaging technique known as Spatially Re-

solved Vascular Imaging (SRVI). This method collected waveform data from healthy

volunteers and, through comparison with ECG, identified the waveforms as originat-
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ing from the jugular vein and carotid artery. In another similar study, [8], using

US to verify the patient’s posture and skin-site variability within the neck captured

by cVCGI is studied. An optical imaging system is proposed in [9] for quantita-

tively assessing jugular venous response to CVP and they could confirm their studies

with JVP waveforms exhibited biphasic wave properties when time-aligned with an

electrocardiogram. In an insightful study [37], a technique to directly measure skin

deformations caused by the JV pulse using a very accurate subpixel registration al-

gorithm is proposed that uses a laser and a camera to record the displacement of

control points on the skin near the IJV and EJV. the negative correlation of the JVP

and Carotid is clearly shown and studied in [38] in which finger PPG was compared

with resulted signals from the absorbance leading into a spatial correlation map.

In [10], a novel algorithm was proposed for HR and RR estimation using RGB videos

captured from a patient’s neck with a smartphone camera. The study employed

Laplacian pyramid analysis to detect cardiac signals, where temporal signals were

extracted through multiscale analysis and processed in 10×10 blocks, followed by

principal component analysis (PCA) to obtain reliable HR and RR measurements.

Additionally, [10] relied on a manual method for extracting the ROI, whereas this

study introduces a deep learning segmentation network to automatically detect the

neck region for further processing.
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2.4 Theoretical Foundation

The following section reviews the state-of-the-art methods for the constituent components

of the proposed framework.

2.4.1 Object Detection:

Object detection is a key task in computer vision, focused on identifying and locating

objects like humans, animals, or cars in images. The two most important metrics for object

detection are accuracy (in both classification and localization) and speed. Object detection

is a key task in computer vision that supports other tasks like instance segmentation,

image captioning, and object tracking. Recent advances in deep learning have led to major

breakthroughs in object detection, making it a popular research topic. It is now widely used

in real-world applications such as autonomous driving, robot vision, and video surveillance.

Over the past two decades, the number of publications on object detection has significantly

increased [39].

Traditional object detection methods involve three main phases, each with its draw-

backs:

• Selection of region: Objects can appear in different parts of an image with varying

sizes and aspect ratios. A multi-scale sliding window approach is used to scan the

entire image, but it’s computationally expensive and leads to many unnecessary

selections.
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• Extraction of features: Once an object is located, features are extracted using meth-

ods like HOG, Haar-like, and SIFT to represent the object. However, creating a

perfect feature descriptor is difficult due to variations in background, lighting, and

perspective.

• Classification: Classifiers are used to recognize and categorize objects, making the

detection process more structured for visual perception.

Overall, traditional object detection methods are hindered by inefficiencies in region se-

lection, limitations in feature extraction, and classification complexities. Additionally,

the sliding window approach for generating bounding boxes is both computationally ex-

pensive and ineffective. Deep learning has the potential to overcome some limitations

of traditional techniques. Recently, it has become prominent for automatically learning

feature representations from data, leading to significant improvements in object detection

[40]. With the emergence of Convolutional neural network (CNN) models, deep learn-

ing enabled deep-level feature extraction with less bias, revolutionizing object detection.

However, for effective results, CNNs require large labelled datasets, which also increases

processing time. Deep Convolutional neural network (DCNN) act as the backbone for

object detection models. As the network becomes more complex with deeper layers and

more parameters, feature representation improves. In DCNN-based object detection, the

backbone CNN is responsible for extracting features. Various architectures, like LeNet [41],

AlexNet [42], R-CNN [43], Faster R-CNN [44], and GoogLeNet [45], are used as backbones

for object detection. Object detection methods are categorized into two types: single-stage
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and two-stage detectors [46].

A one-stage detector features a simpler architecture and excels in rapid image feature

extraction. Models such as YOLO [47], single-shot multibox detector (SSD) [48], RetinaNet

[49], and light-weight and adaptive network for multi-scale object detection (LADet) [50]

are examples of one-stage detectors that deliver effective results.

Two-stage detectors identify objects through a two-step process The first stage involves

detecting the regions where objects are located. In the second stage, deep learning models

are used to classify these detected regions. Examples of such detectors include RCNN,

spatial pyramid pooling in deep convolutional networks for visual recognition (SPP) [51],

Fast RCNN [52], and Faster RCNN.

2.4.2 YOLO

You Only Look Once (YOLO) has been proved one of the efficient object detection frame-

works among others. There are various versions of YOLO from YOLOv1 to YOLOv8 and

YOLOv8 is widely acclaimed for its versatility, effectively handling diverse vision tasks

such as segmentation, tracking, object detection, classification, and pose estimation.

The relationship between Latency and Accuracy is shown, which highlights the trade-

off between inference speed (latency in milliseconds per image on an A100 TensorRT FP16)

and accuracy (Right). YOLOv8 also achieves better accuracy with faster inference com-

pared to older YOLO versions. In the following Table 2.2 various YOLOv8 networks and

their details are described.
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Table 2.2: Different YOLO architectures from the smallest to the largest [53].

Model size mAP Speed(CPU) Speed (A100) params(M) FLOPs(B)
YOLOv8n 640 37.3 80.4 0.99 3.2 8.7
YOLOv8s 640 44.9 128.4 1.20 11.2 28.6
YOLOv8m 640 50.2 234.7 1.83 25.9 78.9
YOLOv8l 640 52.9 375.2 2.39 43.7 165.2
YOLOv8x 640 53.9 479.1 3.53 68.2 257.8

2.4.3 Video Magnification:

This is a technique used to enhance and amplify subtle changes in videos that are typically

invisible to the naked eye. It works by highlighting small variations in motion, colour, or

intensity, revealing details such as minute vibrations, slight deformations, or even physi-

ological signals like a heartbeat or breathing. Some small differences in videos are often

hard for the human eye to detect due to limited spatial perception. In biomedical applica-

tions, these subtle changes can reveal important physiological information, such as blood

flow, heart rate, and breathing. For example, shifts in skin tone caused by blood flow

can indicate heart activity, while slight oscillations in the head due to the carotid artery’s

pulse can be used to measure heart rate. Similarly, video analysis can amplify motion

related to blood pressure in various body parts and respiration, making these processes

visible and measurable. Video magnification techniques have various medical applications,

such as SpO2 extraction, heart failure monitoring, and surgery. They are also used in la-

paroscopy, detection of limb ischemia, examining tympanic membrane mobility, assessing

vascular function during surgery, free flap monitoring, retinal angiography, and detect-
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ing stress, anxiety, and depression through visual micro-motions [54]. This technique is

valuable in fields like medicine, where it can monitor vital signs, structural engineering

to detect small vibrations or deformations in buildings, and surveillance to track minute

movements or hidden details in video footage. Motion magnification techniques act like

virtual microscopes, amplifying small, imperceptible motions in videos. Unlike optical mi-

croscopes, these software-based methods enhance temporal variations in videos without

the need for extra equipment, making them cost-effective and low-maintenance. These

techniques provide an affordable alternative to traditional magnification, making them

appealing for various research and practical applications [55]. Motion magnification tech-

niques are categorized into Lagrangian and Eulerian methods. Lagrangian methods track

specific points or regions in a video over time, making them time-consuming and com-

putationally intensive. In contrast, Eulerian methods measure motion at fixed locations,

offering a more efficient, field-based approach. Both methods effectively capture subtle

motion signals from video with minimal manual effort. Fluid mechanics studies fluid mo-

tion using two main approaches: Lagrangian and Eulerian. The Lagrangian method tracks

individual fluid particles over time, similar to following someone’s movements, but it can

be complex and costly. The Eulerian approach, however, observes fluid properties at fixed

points, like watching water flow from a bridge. This method is more practical for technolo-

gies requiring fixed locations, such as tracking objects at specific pixels in video processing

[55].

Video magnification using optical flow and a Lagrangian approach was first introduced

in [56], however, it was too complex and time-consuming for practical use. Eulerian Video
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Magnification (EVM) [57] was developed later, which simplifies calculations and amplifies

subtle temporal changes in videos. However, EVM introduces noise and artifacts when

magnifying larger spatial frequencies. using a phase-based approach and steerable pyra-

mids in [58] improved upon EVM, reducing noise and allowing for greater magnification.

A study introduced the EVM-enhanced (E2VM) [59] post-processing technique to amplify

motion without increasing noise. E2VM builds on EVM for spatio-temporal motion anal-

ysis and uses image warping between original and magnified videos. It allows for greater

enlargement and reduces the impact of frame noise by not altering pixel values. However,

the process is time-consuming, and some amplification requirements may be missed dur-

ing image warping. Later a framework [60] using wavelet decomposition and denoising

was proposed to address noise and processing time issues, achieving better results than

previous methods.

• Lagrangian Motion Magnification: Lagrangian approach was first introduced

in [56] to amplify subtle motions in video sequences by tracking particle trajectories

over time. This method groups pixel clusters based on position, intensity, and motion

similarities. A motion similarity measure is used to categorize these motions, allow-

ing users to selectively magnify smaller motions while leaving larger ones unchanged.

The approach is simple and effective for enhancing small motions and can be applied

in various fields. The approach for motion magnification begins by registering input

frames to correct the camera shake and remove small motion artifacts. Initial track-

ing is performed to detect the motion of feature points, with outliers being discarded.

Feature points are then tracked across the sequence, and their trajectories are clus-
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tered into motion groups based on similarity, allowing small and large motions to be

grouped if they share a common cause. Each pixel is assigned to a motion cluster us-

ing motion data, with additional factors like position and proximity considered, and

graph cuts are used to ensure optimal assignment. The user can choose a specific

motion layer for amplification. Finally, the video is rendered, starting with a con-

stant background layer, copying outlier pixels, and then adding the magnified motion

layers. The approach has several limitations. It requires precise motion estimation,

which can be difficult and may lead to errors. It is computationally expensive, mak-

ing it unsuitable for real-time use. Artifacts may appear, particularly with complex

motion patterns or occlusion boundaries. The technique also depends on additional

processes like motion segmentation and image inpainting, which increase the overall

complexity [55].

• Linear Eulerian video magnification: The Linear Eulerian video magnification

approach is an efficient method for amplifying subtle motions in videos. It involves

decomposing the input video into spatial frequency bands using an image pyramid,

applying a temporal filter to remove frame noise, and then magnifying the filtered

spatial bands. These bands are combined with the original signal, and the spatial

bands are collapsed to produce the magnified output video. This approach has been

used in applications like visualizing blood flow by enhancing specific motion frequency

bands in videos [55].

Concept : For a 1D signal in translational motion, let I(x, t) be the image intensity
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at position x and time t, and δ(t) be the displacement function. The intensity due

to this motion is expressed as I(x, t) = f(x+ δ(t)) with I(x, 0) = f(x).

I(x, t) = f(x+ δ(t)) (2.1)

where

I(x, 0) = f(x) (2.2)

To amplify the signal by a factor of α, the target output signal is:

Î(x, t) = f(x+ (1 + α)δ(t)) (2.3)

Assuming a small displacement δ(t), a first-order Taylor series expansion yields:

I(x, t) ≈ f(x) + δ(t)
∂f(x)

∂x
(2.4)

Let B(x, t) be the result of applying a broadband temporal bandpass filter to I(x, t),

excluding f(x). Assuming δ(t) is within the filter’s passband, we have:

B(x, t) = δ(t)
∂f(x)

∂x
(2.5)

To obtain the magnified signal, amplify B(x, t) by α and add it back to I(x, t):

Ĩ(x, t) = f(x) + (1 + α)δ(t)
∂f(x)

∂x
(2.6)
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Using the first-order Taylor expansion for (1 + α)δ(t):

Ĩ(x, t) ≈ f(x+ (1 + α)δ(t)) (2.7)

This final equation represents the magnification of the spatial displacement δ(t) by a

factor of (1+α). Linear motion magnification methods using first-order Taylor expan-

sion struggle with high magnification or large motions, leading to noise amplification.

Eulerian video magnification with spatiotemporal filtering [59] is an improved version

of EVM, enabling greater amplification and reduced noise impact by mapping and

warping pixel-level motions without altering pixel values.

• Phase-based magnification: A Phase-based Eulerian approach introduced in [61]

to improve motion representation and noise resistance over linear methods. This

technique involves decomposing the video into multi-scales with complex steerable

pyramids, applying temporal band-pass filtering, and magnifying the phase. How-

ever, it is computationally intensive and slower. The input video is decomposed into

multi-scales using complex steerable pyramids and into complex wavelets at various

positions, scales, and orientations. A temporal band-pass filter is applied to each

sub-band image, magnifying the phase while keeping the magnitude unchanged. The

final video is then reconstructed

In the given process, a 1D image intensity undergoing translation over time, f(x +

δ(t)), can be modified to represent amplified motion as f(x + (1 + α)δ(t)). The
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function f(x) is decomposed into a Fourier series:

f(x) =
∞∑

w=−∞

Awe
iwx (2.8)

When incorporating translation over time, it becomes:

f(x+ δ(t)) =
∞∑

w=−∞

Awe
iw(x+δ(t)) (2.9)

A temporal bandpass filter isolates the phase component w(x+ δ(t)), and removing

the DC component yields:

Bw(x, t) = wδ(t) (2.10)

To enhance motion, the bandpassed phase Bw(x, t) is amplified by α, resulting in the

amplified sub-band:

Ŝw(x, t) := Sw(x, t)e
iαBw(x,t) = Awe

iw(x+(1+α)δ(t)) (2.11)

Finally, summing all sub-bands collapses the pyramid, resulting in the amplified

sequence f(x + (1 + α)δ(t)). The complex steerable pyramids are able to capture

local motions in a video by calculating the local phase across time for each spatial

scale and orientation. These phases are temporally band-passed to filter relevant

frequency bands and remove the DC component. The amplified motion is obtained

by multiplying the band passed phases by a magnification factor [55]. Phase-based
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methods for motion magnification are sensitive to noise, complex to implement and

require fine-tuning. They also show a weak performance in the presence of large mo-

tions and complex deformations. Furthermore, their high computational complexity

makes them time-consuming and unsuitable for real-time applications, limiting their

effectiveness in diverse scenarios with noisy or poor-quality videos [55].

• Learning-based motion magnification: A novel approach using neural networks

that learns decomposition filters directly has been introduced in [62]. Their model,

trained on a synthetic dataset with two-frame inputs, amplifies the motion (veloc-

ity) between frames without relying on temporal filters to separate motions. Their

proposed network consists of three main components: an encoder, a manipulator,

and a decoder. The encoder extracts shape and texture representations from video

frames, similar to phase extraction in traditional pyramids. The manipulator am-

plifies motion by multiplying the difference between shape representations from two

frames with a magnification factor, while the decoder reconstructs the final magni-

fied output. The model uses a fully convolutional architecture with residual blocks

to enhance quality. During training, L1-loss is employed to ensure a clear separa-

tion between shape and texture, and a regularization term controls the influence of

intensity changes. The Adam optimizer is used for loss minimization. Additionally,

perturbations are applied to differentiate texture and shape representations, and the

magnification process focuses solely on motion amplification without distorting in-

tensity values [55]. This motion magnification approach using neural networks has

several limitations. Temporal filters, while reducing artifacts, complicate the design
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and can degrade performance, especially with slight motions and high magnifications.

The model requires large, diverse datasets, which are costly to create and struggle

with colour magnification, needing separate models and data. Training is computa-

tionally intensive, with long runtimes and overfitting and generalization issues often

arise. Additionally, errors from early frames can propagate, distorting the output,

and discrepancies between the paper and code add further uncertainty.

2.4.4 Optical Flow:

Motion analysis is a fundamental challenge in computer vision with applications in ar-

eas like autonomous driving and robotics. It involves estimating optical flow (2D-pixel

motion) and scene flow (3D motion). Traditional methods use variational techniques by

utilizing the energy minimization process, while deep learning has recently made significant

advancements by learning feature representations directly from data [63].

The evolution of optical flow algorithms began with early methods in the 1980s. The

Horn-Schunck method in [64] introduced a global energy minimization approach for dense

flow fields, while the Lucas-Kanade method in [65] provided a localized gradient-based

technique for small motions. Throughout the 1990s and 2000s, variational and energy-

based methods gained prominence, incorporating regularization techniques and multi-scale

(pyramidal) implementations to handle larger displacements. By the early 2000s, robust

estimators and feature-based approaches like Black and Anandan’s method in [66] im-

proved the handling of real-world complexities. The advent of SIFT Flow [67] used dense
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descriptors for non-rigid motion estimation. The 2010s saw the rise of deep learning-based

approaches, starting with FlowNet [68], which trained CNNs on synthetic data to achieve

significant efficiency and accuracy gains. PWC-Net [69] introduced pyramid, warping,

and cost volume structures, enhancing accuracy for small motions, followed by RAFT [70],

which achieved state-of-the-art results through iterative refinement. Recent advances focus

on real-time applications and unsupervised learning methods, driven by the need for effi-

cient, accurate optical flow estimation in real-world tasks like autonomous driving. In the

following, a review of dense optical flow estimation is presented, covering three categories:

knowledge-driven methods, data-driven methods, and hybrid-driven methods.

• Knowledge-driven: The initial framework for optical flow estimation was intro-

duced by Horn and Schunck (HS) [64], utilizing a variational approach to estimate

optical flow. Building on this, Lucas and Kanade (LK) [65] presented a local con-

straint method to estimate a sparse flow field. Numerous enhancements and modifi-

cations have since been developed based on the foundational HS and LK methods.

• Data-driven: Recently, convolutional neural networks (CNNs), a leading technique

in deep learning, have been effectively applied to address the optical flow problem.

Data-driven methods leverage labelled data for training, and the existing architec-

tures for these approaches fall into two main categories: U-Net and spatial pyramid

networks. Data-driven methods often require ground truth as a supervised signal,

which depends heavily on labelled data. However, obtaining dense pixel-level ground

truth for real scenes is both complex and time-consuming. CNNs have been intro-
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duced for optical flow with two models [68]: FlowNetS and FlowNetC. Both use an

encoder-decoder architecture (U-Net). FlowNetS processes two stacked images with

successive convolution layers, reducing the feature map scale to 1/64 of the origi-

nal input. FlowNetC, on the other hand, splits the input into two branches, each

with three convolution layers to extract features, and then uses a correlation layer to

compute the matching cost between the features.

• Hybrid-driven: Hybrid-driven methods utilize unlabelled data for training while

incorporating prior knowledge assumptions, such as brightness constancy, gradient

constancy, and spatial assumptions, to guide the learning process. Additionally, semi-

supervised approaches have been explored, utilizing both labelled and unlabeled data

to balance the advantages of supervised and unsupervised learning. However, semi-

supervised methods still yield lower accuracy than fully supervised ones on public

datasets.

2.5 Research Gaps

A review of the existing literature on JVP measurement reveals several critical gaps in cur-

rent methodologies. While advancements in ultrasound, radar, and camera-based technolo-

gies have improved medical diagnostics, the integration of novel, non-invasive approaches

for JVP measurement remains underexplored. This study aims to address these limitations

by introducing a more practical and accessible framework for JVP assessment. The key
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research gaps that this work seeks to fill are as follows:

• Use of clinic patient data: Unlike many studies that rely on healthy volunteers,

this research is based on a dataset collected from patients referred to a cardiologist

for cardiac disorders. This ensures that the study includes a diverse range of partici-

pants with varying underlying health conditions, making the findings more clinically

relevant.

• Room lighting conditions: Many existing studies conduct video acquisition un-

der controlled artificial lighting to enhance image clarity. In contrast, this study

uses normal room lighting to better simulate real-world conditions, improving the

applicability of the proposed method in non-clinical settings.

• Use of smartphone cameras: While previous research often relies on high-end,

specialized cameras, this study demonstrates the feasibility of using commonplace

smartphones for JVP measurement. This approach enhances accessibility, making

remote monitoring more practical for widespread clinical and home use.

• Multiple postures and camera angles: Most studies limit JVP measurement

to a single posture, typically a semi-recumbent position. This research expands the

scope by capturing data in two different positions (45-degree recline and fully sitting

upright) and from two distinct camera angles (direct and tangential). This varia-

tion provides a more comprehensive understanding of JVP dynamics across different

conditions.
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• Integration of object detection models: The potential of advanced object detec-

tion models in JVP assessment has been largely overlooked. This study incorporates

state-of-the-art deep learning models to the workflow, enhancing both efficiency and

accuracy in estimating and analyzing JVP features.

• Semi-automated JVP estimation framework: Existing research primarily fo-

cuses on detecting JVP pulsations without proposing a semi-automated framework

to locate and analyze JVP height dynamically. This study introduces a novel frame-

work capable of identifying JVP positioning and measuring its variations, paving the

way for a more reliable assessment method.

By addressing these gaps, this research aims to advance the state of the art in JVP moni-

toring, ultimately contributing to the development of a practical, non-invasive system for

remote cardiovascular assessment.
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Methodology

3.1 Introduction

In this chapter, the methodology of the proposed framework for evaluating the JVP height

measurement will be presented. Our approach encompasses three key components: data

collection, the development of a proposed algorithm, and the theoretical basis underlying
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each of the components of the proposed method. Each of the components is designed to

contribute to a comprehensive framework for JVP measurements using smartphones.

Data Collection: We begin with a detailed protocol for collecting JVP height mea-

surements from patients who volunteered to take part at a Cardiopulmonary clinic1. This

procedure involves positioning patients at various angles and using smartphones in various

degrees to standardize the measurement process as well as gaining insights into the results.

We will utilize advanced imaging technologies ultrasound method and camera recordings

to capture RGB video for analysis. This approach allows us to compare and validate our

framework’s results with the US method to make sure of its accuracy.

Proposed Algorithm: The algorithm aims to reduce manual measurement errors and

the costs associated with the US measurements as well as the time and workload of the

healthcare workers. Following data collection, we will develop and apply a novel algorithm

designed to analyze the JVP measurements. This algorithm leverages image processing

and machine learning techniques to detect jugular venous pulsation and quantify its height

with enhanced precision.

Theoretical Basis: Our methodology is grounded in the principles of cardiovascular

physiology and signal processing. By integrating these fundamental principles, we aim

to evaluate the effectiveness of the proposed approach in comparison with physicians’

assessments.

1A healthcare facility that specializes in diagnosing, treating, and managing conditions related to the
heart (cardio) and lungs (pulmonary) located in Orleans, Ottawa, ON, Canada.
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3.2 Data Collection

Informed consent has been obtained from patients for image acquisition and processing

as part of a clinically indicated echocardiographic study, and the study was approved in

accordance with the guidelines and regulations of the Montfort Hospital ethics committee.

The participants were seated in a hospital bed at a 45-degree position and 90-degree (sitting

position) for the study duration. Once the subject was relaxed and comfortable, the camera

recorded the subject’s neck for approximately 30 seconds. Recordings were performed

using two Android smartphones (Google Pixel 3a), with autofocus disabled, capturing

video at 60 frames per second and 1080p resolution from two perspectives: tangential

and front-facing (Figure 3.1). Patients were evaluated by a sonographer who acquired

images of the neck vein and carotid artery position by placing a vascular ultrasound probe

(Vivid E90 2D cardiovascular ultrasound system by GE Healthcare) on the patient’s neck

identified the location of the respective vessels, and marked a spot on the neck for further

investigation. It is notable that participants who suffered from a variety of medical heart

conditions, including congestive heart failure, coronary artery disease, shortness of breath,

hypertension, constrictive pericarditis, palpitations, and etc. participated in our study.

Various factors, including body mass index (BMI), body surface area (BSA), left ventricular

size (LV size), right ventricular basal size (RV size), right atrium volume index and left

atrium volume index, have been taken into demographic information. Cardiac disorders

are also categorized into:
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• Prolapse which includes Mitral Valve Prolapse (MVP)

• Tricuspid Valve Prolapse (TVP)

• Regurgitation including Mitral Valve regurgitation (MVR)

• Tricuspid regurgitation (TR)

Also in terms of Rhythm, it could be categorized into Normal Sinus Rhythm, Atrial Fibril-

lation, Premature Ventricular Contraction (PVC) and Bradycardia. The acquisition of the

neck video is simultaneously recorded as the ECG signal, respirometer (acquisition done

with the echo machine) and a belt technology from a Nox portable sleep monitor measures

the simultaneous heart rate and respiration of the patient. The two cameras were placed

on a tripod at about 1.2 m height, pointing toward the right side of the patient’s neck at

a distance of about 20 cm - 30 cm with two angles of 90-degree difference from each other

as shown in Figure 3.1. The participants had no skin makeup and wore suitable clothing

for recording the footage. It is essential to point out that the participants’ appearances

varied considerably; some had facial hair or wore glasses, and their skin tone ranged from

pale white to dark brown. Some participants were removed from further processing due to

inappropriate video quality or missing reference data.

The whole process, including the experimental setup of the conducted study and the

processing steps, is depicted in Figure 3.2. The camera was zoomed on the neck, recording

the neck region while the Vivid E90 2D system was monitoring the vital signs. From the

region of interest selected on the neck, the algorithm extracts a large number of rPPG and
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Figure 3.1: Two-view video acquisition.

sMOT time series depending on the region of interest. The data collection process followed

a structured approach to ensure consistency and reliability. The detailed steps are outlined

below:

1. Patients were asked if they were willing to participate as volunteers for data collection.

2. Participants were provided with a consent form to review, and those agreeing to

participate signed the form to indicate their cooperation.

3. Devices were set up to record the patient’s ECG, fingertip PPG, and breathing pat-

tern using a respiratory belt.

4. A camera was positioned in the direct view and tangential view to capture video
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Figure 3.2: The experimental setup for data acquisition.

footage of the patient’s neck.

5. The recording process began by first capturing vital signs, followed by video record-

ings. Three taps were applied to the patient’s chest on the ECG pads for later

synchronization purposes.

6. The recording lasted for 30 seconds, after which another three taps were applied to

the ECG pads to mark the end of the process.

7. The procedure was then repeated with the patient in a sitting position.

8. A sonographer marked key anatomical points on the patient’s neck for subsequent

analysis and evaluation.
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9. Finally, the patient was thanked for their participation and guided out.

3.3 Proposed Framework

The proposed framework for detecting JVP integrates object detection, video magnifica-

tion, and optical flow analysis. Several preprocessing techniques are employed to ensure

video quality before applying these methods to estimate JVP height, as illustrated in Figure

3.3.
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Figure 3.3: Proposed framework for JVP height measurement.

This framework is designed to measure Jugular JVP height, allowing patients to use

their own smartphones conveniently from the comfort of their homes. To ensure the videos
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are suitable for accurate processing, patients are advised to follow specific guidelines as

illustrated in Figure 3.4. These criteria, recommended by physicians and clinicians, aim to

enhance the quality and reliability of the captured videos. Before acquiring the video, the

patient should make sure that He/She follows the instructions, including:

• Find a well-lit area with a chair that has arm support.

• While sitting upright, use a cushion to support your neck and keep it relaxed.

• Make sure your neck and collarbone are clearly visible by tucking away long hair and

removing any jewelry or necklaces.

• Hold your smartphone in your right hand and rest your arm on the armrest while

aiming the camera at your neck.

• Keep the camera 20-30 cm from your neck and ensure the image is not blurry for a

clear, high-quality video.

• Gently tilt your head to the left to expose the veins. Please avoid talking, chewing,

or swallowing during the recording.

• Record the video for 30 seconds and avoid any movement during this time.

Once the video is properly acquired by the patient, the quality of the recording will be

assessed, with the primary criterion being a frame rate of 60 Frames Per Second (FPS)

with a minimum resolution of 1080p. This enhanced signal fidelity is crucial for accurate
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Figure 3.4: Patient’s guidelines from left to right.

processing, capturing subtle details that are essential for the system to determine the

JVP height effectively. This is in agreement with the findings in [71], which explain how

having higher FPS and resolution would be beneficial for processing. Among the various

factors influencing the signal’s Signal to Noise Ratio (SNR) are bit depth, compression,

and brightness. While the first two are beyond the scope of this study, the proposed

framework is designed to assess ambient illumination and notify the patient to adjust

lighting conditions if they are not suitable for optimal video acquisition. It should be

mentioned that compression has a detrimental effect on the yielded signal causing a loss of

details, temporal artifacts, and increased noise as studied in [72]. As for bit depth, higher

bit depths (e.g., 10, 12, or 14 bits) capture more precise variations in light intensity, which

can enhance the detection of subtle changes in skin colour due to blood flow. This improved

precision can lead to better rPPG signal extraction, particularly under challenging lighting

conditions. Illumination plays a crucial role in the performance of rPPG, as the technique

relies on detecting subtle changes in skin colour caused by blood flow. The illumination

processing block determines whether there is a sudden change in the brightness of the video

by obtaining the average value of the brightness in the frame comparing it with the previous

frame, and determining whether the difference between them exceeds the threshold; in
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addition to that, it also determines whether the average value of the brightness is below or

exceeds the preset threshold, which prevents the video itself from being low or high even

if there is no sudden change in the brightness. The advantage of this approach is that it is

simple and fast with performance averaging 20 FPS.

3.3.1 Operational Perspective

The primary objective of this study is to develop a comprehensive framework that assists

both patients and healthcare professionals in the expedited measurement of JVP height.

To achieve this, the proposed algorithm has been modified to ensure its compatibility and

effectiveness for this specific application. Figure 3.5 outlines the operational workflow of

the algorithm, starting with video acquisition conducted through an application designed

for recording patient videos. These videos are subsequently transferred to cloud storage via

Sync.com, where a copy is processed using the proposed framework. The algorithm outputs

an enhanced version of the video along with the analysis results, which are then forwarded

to the cardiopulmonary clinic for detailed review. Upon completion of the review, the

patient is notified of the findings.

3.4 Theoretics

In this section, a detailed explanation from a signal processing perspective will be presented.

Estimating JVP height has four major parts, which are shown in the following diagram;
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ClinicpatientHealth Care

Smartphone

Cloud Storage Server

Cloud Storage

1. Patient Referral:
The process begins with the referral of the patient to a healthcare practitioner. Based on the
practitioner's recommendation, the patient is instructed to use a specific application to record a
video of their condition.

2. Video Recording and Submission:
Once the video is recorded, it is uploaded to the cloud, where it is automatically forwarded to
the server for further processing.

3. Video Processing:
The server processes the video, and the results are then stored in the cloud.

4. Healthcare Practitioner Review:
The healthcare practitioner reviews the processed results. If necessary, the patient may be
asked to retake the video for additional clarification.

5. Final Decision and Clinic Instructions:
Based on the doctor's evaluation, the clinic provides the patient with the necessary instructions
or follow-up care.

Figure 3.5: Operational workflow of the framework.

1. Finding HR: This step is particularly important since we are going to find out the

fundamental frequency of the cardiac activities and use it to find the JVP in the next

steps. The process begins with the automated segmentation of the neck region from

the surrounding areas. For this purpose, a segmentation network [73], pre-trained on

the COCO dataset[74], was utilized. This network is designed for both instance and

semantic segmentation, leveraging point-based segmentation predictions at selected

locations through an iterative subdivision algorithm [73]. To enhance its applicabil-

ity to our specific context, the pre-trained network was fine-tuned using a dataset

of 500 annotated neck images from patients. This fine-tuning process significantly

improved the network’s robustness and reliability for accurate neck segmentation.

The segmented ROI typically includes anatomical features such as the sternocleido-

mastoid and trapezius muscles, accommodating variations in patient postures.

Following segmentation, the proposed approach employs dense optical flow, as de-

veloped by [75], to extract subtle skin motion displacement signals from the ROI.

Dense optical flow is particularly effective for capturing fine-grained motion, making
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it an ideal technique for analyzing skin displacement in this context. The complete

workflow of the proposed approach is illustrated in Figure 3.6, highlighting the seg-

mentation process, ROI selection, and subsequent extraction of skin motion signals.

For the sMOT analysis, the mean value of pixel displacements within a 5 × 5 block in

Input Frames Segmentation Optical Flow Signal Processing & Filtering Voting

Figure 3.6: Workflow of the HR and RR estimation.

the selected ROI is calculated using the dense optical flow algorithm. This approach

aggregates movement data across small neighbourhoods, effectively reducing noise

and enhancing the reliability of the resulting sMOT time-series signals. Initially,

the ROI contains n individual pixels, which, after processing with the optical flow

algorithm, yield n/25 sMOT time-series signals, corresponding to the 5 × 5 pixel

blocks. During processing, pixels with unusual trajectories that deviate significantly

from expected motion patterns are identified and excluded. Specifically, pixels ex-

hibiting displacement exceeding the maximum distance defined by the most stable

pixels are discarded. This is achieved by setting a threshold based on the calculated

variance of the output signals and removing points that fall below this threshold.

Outlier analysis revealed that fewer than 1% of the total pixels were classified as

outliers, ensuring the overall integrity of the data. After initial processing, each pixel
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and its corresponding time-series signal are grouped and assigned to their respective

block based on spatial positioning. The ROI is divided into non-overlapping square

blocks, with each block producing a single combined sMOT waveform. Compared to

individual pixel-based signals, block-based analysis offers greater robustness against

noise and data distortion, thereby enabling more accurate estimations of HR and

RR. Cardiac signals were extracted using cutoff frequencies of 0.7–4.5 Hz, while res-

piratory signals were filtered using a frequency range of 0.17–0.5 Hz of a third-order

Butterworth bandpass filter. These filters effectively removed unwanted noise and

retained the frequency components of interest, ensuring the reliability of HR and RR

estimations.

The power spectral densities (PSDs) of the processed signals in each block are esti-

mated to identify frequency components corresponding to physiological rhythms. For

each block, the frequency of the maximum power (first harmonic) and the second-

highest frequency component (second harmonic) are identified. The frequency with

the maximum combined power is stored as the heart rate candidate for that block.

This step ensures that the HR estimation incorporates both fundamental and har-

monic components, improving the accuracy of the frequency selection. To determine

a final HR value, a histogram-based approach is applied to the HR candidates derived

from all blocks. Each HR candidate contributes to a histogram bin corresponding

to its frequency. The frequency associated with the bin containing the maximum

number of occurrences is selected as the final HR. This approach offers significant

advantages, as it inherently mitigates the impact of outliers by relying on the most
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frequent HR candidates across all blocks. By aggregating frequency components in

this manner, the method ensures a robust and reliable HR estimation, even in cases

where individual blocks may yield noisy or inconsistent signals.

2. Extracting Respiration Waveform: This step plays a crucial role in ensuring

accurate JVP height measurement. While the RR is estimated in the previous step,

the full respiration waveform is necessary for further processing and signal refinement.

The clavicle, being a stable anatomical landmark that exhibits clear respiratory-

induced motion, serves as the target location on the neck for acquiring the respiration

waveform.

To facilitate this, object detection is performed using YOLO, a state-of-the-art deep

learning model for real-time object detection. The model has been trained on an

extensive dataset comprising over 5000 images of the ear and 800 images of the ster-

nal notch and clavicle, ensuring robust detection under various lighting conditions,

camera angles, and skin tones. The detection threshold is set at 0.75, meaning that

only clavicle candidates with confidence scores above this threshold are selected for

further processing. This ensures reliability and reduces false detections.

Once a clavicle candidate is consistently detected, it is used as the primary location

for extracting the respiratory signal. Optical flow analysis is then applied to track the

subtle vertical motion of the clavicle induced by breathing. To minimize noise and

enhance accuracy, the respiratory signal is extracted by averaging the motion values

within a 5×5 pixel region centred on the detected clavicle. Following extraction, the
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raw respiratory signal undergoes signal filtering to remove artifacts and unwanted

noise. A third-order Butterworth bandpass filter with a frequency range of 0.17–0.5

Hz is applied, allowing only relevant breathing frequencies (corresponding to 10–30

breaths per minute) to pass through. This step refines the signal, ensuring that only

the true respiratory-induced motion is retained.

To determine the dominant breathing frequency, the Fast Fourier Transform (FFT) is

computed on the filtered signals. The frequency component with the highest magni-

tude is identified as the fundamental breathing frequency. This extracted respiratory

signal serves as a critical input for the subsequent processing stages, ensuring precise

JVP height estimation in later phases.

3. Detection of the Line between Ear and Sternal Notch: During the study,

it was determined that the most effective approach for estimating JVP height is to

focus on a constrained and well-defined anatomical line connecting the right ear to the

sternal notch. This approach minimizes the search space and reduces the likelihood

of false detections compared to analyzing the entire segmented neck area from the

previous steps. While this method is not entirely free from error and may introduce

some inaccuracies, it significantly improves measurement consistency and reliability.

One of the main reasons for adopting the ear-to-sternal notch line is the inherently

diffuse and variable nature of JVP pulsations on the neck surface. These variations

in magnitude can introduce inconsistencies, reducing measurement accuracy. Addi-

tionally, since the jugular veins exist symmetrically on both sides, a standardized
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approach is necessary to ensure repeatability across subjects. Based on expert con-

sultation with a lead cardiologist, it was recommended to focus solely on the right

jugular vein, as it provides a more direct pathway to the right atrium, which is essen-

tial for accurate JVP assessment. Despite the benefits of this constrained approach,

several challenges were encountered. Anatomical variability posed a significant is-

sue, as differences in neck structure, including variations in fat distribution and skin

tone, affected the detectability of key landmarks such as the sternal notch. To ad-

dress these issues, YOLO-based object detection was employed to identify both the

ear and sternal notch. However, unlike the ear, which has a rigid and well-defined

structure, the sternal notch proved more challenging to detect due to its shape vari-

ability and occlusion in individuals with higher body fat (chubby necks). In some

cases, the sternal notch was not detected at all due to poor visibility or occlusion.

To compensate for instances where the sternal notch could not be reliably detected,

an alternative detection strategy was implemented. When the sternal notch was un-

detectable, the clavicle served as an alternative reference point, and in such cases,

the measurement line was extended from the ear to the clavicle instead of the ear-

to-sternal notch. While both the ear-to-sternal notch and ear-to-clavicle paths could

theoretically be used for JVP height estimation, they differ in clinical significance.

The ear-to-sternal notch path measures the height of the IJV, which is the preferred

approach for estimating right atrial pressure. In contrast, the ear-to-clavicle path

traces the EJV, which is more superficial and less reliable for JVP estimation due

to its twists and variable drainage path into the subclavian vein before reaching the
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superior vena cava. It should be noted that a feedback loop is provided for doctors

to verify detection results, helping to reduce false positives and false negatives.

Although both veins could be used interchangeably in some cases, the IJV is pre-

ferred due to its more direct connection to the right atrium, providing a more accurate

estimate of central venous pressure. Therefore, unless anatomical constraints neces-

sitate the use of the clavicle, the IJV-based measurement, following the ear-to-sternal

notch path, remains the primary focus of this study. This approach balances practi-

cality and accuracy, ensuring robust JVP height estimation across a diverse range of

subjects.

4. JVP height measurement: In the final stage, the results obtained from the

previous steps are integrated to estimate the JVP height. To ensure accurate differ-

entiation between the jugular vein and the carotid artery, two key clinical principles

were incorporated into the framework. First, the carotid artery is characterized by

a single brisk upstroke per cardiac cycle (i.e., monophasic waveform), whereas the

jugular vein exhibits a biphasic waveform, presenting two troughs and two peaks per

cardiac cycle. Second, the carotid pulse remains unchanged with respiration, while

jugular venous pulsations typically become more prominent and descend lower in the

neck during inspiration [12], [14]. These clinical features were carefully considered

to guide the subsequent stages of the processing pipeline and to minimize the risk of

misidentification between the carotid artery and the jugular vein.

The proposed framework integrates HR estimation, respiration waveform extraction,
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and precise anatomical measurements to estimate JVP height on the neck, as il-

lustrated in Figure 3.7. The first harmonic is identified based on the HR, which

corresponds to the fundamental frequency fh, and the second and third harmonics

are denoted as 2fh and 3fh, which will contribute to the framework in determining

the JVP signal. Let the breathing signal matrix be B ∈ Rn×m, where n is the number

of pixels in the ROI and m is the number of features (i.e, number of frames), and

each row By ∈ R1×m corresponds to the breathing signal at vertical position y. If

the clavicle reference signal be Bclavicle ∈ R1×m. The correlation between each row of

B and the clavicle signal is given by:

Cy = Corr(By, Bclavicle), ∀y ∈ {1, 2, ..., n} (3.1)

This can be expanded using the Pearson correlation coefficient as:

Cyn =

m∑
i=1

(By,i − B̄y)(Bclavicle,i − B̄clavicle)√
m∑
i=1

(By,i − B̄y)2 ·
√

m∑
i=1

(Bclavicle,i − B̄clavicle)2
(3.2)

where By,i is the i-th sample of the breathing signal at position y, B̄y is the mean of

the signal at row y, B̄clavicle is the mean of the clavicle signal, and Cyn is the Pearson

correlation coefficient between the signal at pixel n and the clavicle signal where

C ∈ Rn×1. Another criterion to be considered is obtained by looking at the power of
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the cardiac signal:

Py = P (2fh, y) + P (3fh, y), ∀y ∈ {1, 2, ..., n} (3.3)

where P ∈ Rn×1 is the resulting column vector containing summed harmonic powers

for all vertical positions. Taking the aforementioned clinical principles into account,

we define the following criterion for the assessment of JVP height:

HJVP = argmax
y

(max (∥Py∥−∥Cy∥, 0)) , ∀y ∈ {1, 2, ..., n} (3.4)

where ∥Py∥ and ∥Cy∥ denote the min-max normalized power and correlation values at

position y, respectively, both scaled to the range [0, 1]. Using Eq. 3.4, a single location

corresponding to the maximum difference value is initially identified. However, since

the JVP is physiologically distributed over a region rather than being confined to a

discrete point, we define the upper and lower bounds of the JVP region by including

all neighboring positions y for which the difference value D = (max (∥Py∥−∥Cy∥, 0))

exceeds 75% of the maximum, i.e., Dy > 0.75 · max(D) ∀y ∈ {H, ..., HJV P , ..., L}.

H and L are the higher and lower limits that fall within the criteria to define the

range of JVP. This approach enables the identification of a physiologically realistic

range for JVP height rather than a single pixel.

The processing workflow for JVP height estimation is shown in Figure 3.7 where the

ear (red rectangle) is connected to the sternal notch (green square) by a black line,
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Figure 3.7: Integration of the object detection with signal processing.

marking the ROI. This targeted ROI selection is motivated by the fact that the neck

region is susceptible to motion artifacts such as swallowing and contains overlap-

ping signals from both the carotid artery and the jugular vein. By constraining the

analysis to this specific region, the approach reduces computational load, improves

processing speed, and minimizes noise and outliers that could interfere with accurate

JVP estimation. The detected clavicle is highlighted in blue, and the reference res-

piratory signal is derived from filtering the optical flowing in that ROI. The sample

analysis is performed at five points along the ear-to-sternal notch line (left column,
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top to bottom). The filtered optical flow signal in the frequency components of 0.7-

4.5 Hz for these points is shown in the left column, followed by the PSD illustration

of the related signals in the middle column. Also, the respiratory components of the

signals by filtering with the bandpass filter in range (0.17–0.5 Hz) is illustrated in

the right column. The power summation at the second and third harmonics and the

correlation values are normalized between 0 and 1. Figure 3.8 illustrates how the

JVP location for the same patient in Figure 3.7 is estimated. Hjvp is determined

using the Eq.3.4 and Dy, which is the JVP region, determined by looking at the

region beginning from higher limit to lower limit. The JVP is treated as distance on

the ROI line, and the mean boundary values (i.e., lower limit and higher limit) along

the detected line are used for classification.
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max(||Py||-||Cy||, 0)

Py

Cy

Higher Limit Lower Limit

H jvp

Figure 3.8: Estimation of the JVP on the detected ROI line.

64



4

Results and Analysis

4.1 Introduction

In this chapter, we present the results obtained from the key components of this study,

including object detection, optical flow analysis, and the performance of the integrated

framework as a whole for JVP height measurement. YOLO achieved high accuracy in
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detecting the ear, with reliable performance for clavicle and sternal detection, though ac-

curacy was slightly reduced due to the complexity of these structures. Video magnification

significantly enhanced the visibility of anatomical features, making subtle details more

discernible compared to non-magnified videos. This enhancement facilitated more pre-

cise detection and analysis. Optical flow analysis further refined our results by effectively

tracking dynamic movements, offering a clearer understanding of anatomical changes over

time. Together, these methods demonstrate a comprehensive approach to improving object

detection and analysis in medical imaging (shown in Figure 4.1). In the following, results

PreProcessing Object Detection Video Magnification

Optical FlowSignal Processing 

Input Video

JVP height
 estimation

HR and RR estimation

Figure 4.1: High-level illustration of the proposed framework.

of YOLO, video magnification, optical flow, and the signal processing for HR and RR

are examined correspondingly. Finally, the results of the Jugular Venous Pressure (JVP)

measurement are analyzed and presented.
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4.2 Object Detection

For our proposed framework, we have used YOLO which is a state-of-the-art object detec-

tion algorithm that processes images in a single pass, offering real-time performance and

high accuracy. By dividing images into a grid and predicting bounding boxes and class

probabilities, YOLO efficiently detects and classifies objects, making it ideal for dynamic

environments.

4.2.1 Ear Detection

As shown in Figure 3.3, camera motion detection relies on the ear detection block, which

must produce a value below a predefined threshold set during the experiments, emphasizing

the importance of ear detection at this early stage of the process. To train an ear detection

network, 5121 images have been labelled and 10% have been used for validation of the

pre-trained network of the smallest YOLOv8. The choice of the YOLOv8n is due to its

lower amount of parameters while maintaining the accuracy with low inference time. Fine-

tuning the network using the pre-trained network over the training network from scratch

is a better choice due to having limited labelled data and the fact training the network is

much faster. Figure 4.2 illustrates a batch of the training dataset (Left) and the results

regarding the validation dataset (Right).

The evaluation of the detector’s robustness is conducted through the use of confusion

matrices and F1 scores to provide a thorough analysis. True Positives (TP), False Pos-
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Figure 4.2: Performance comparison of YOLO object detection models for the ear detection.

Table 4.1: Confusion Matrix.

Predicted Positive Predicted Negative
Actual Positive True Positives (TP) False Negatives (FN)
Actual Negative False Positives (FP) True Negatives (TN)

itives (FP), False Negatives (FN), and True Negatives (TN), and Table 4.1) have been

established to standardize the criteria. Precision, Recall and F1-score are metrics used

to evaluate the performance of classification models. They provide insights into the ac-

curacy and reliability of the model’s predictions, particularly in cases where the classes

are imbalanced. Precision is the ratio of correctly predicted positive instances to the total

predicted positive instances, while Recall (Sensitivity or True Positive Rate) is the ratio

of correctly predicted positive instances to the total actual positive instances and The F1-

score is the harmonic mean of Precision and Recall, providing a single metric that balances

both which is particularly useful when you want a balance between Precision and Recall

and are dealing with imbalanced datasets. The mentioned network has been tested against

50 videos from the dataset that were not used for training, and the corresponding results
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are presented in Table 4.2. As it is shown, the network’s performance is acceptable with a

Precision of 0.94, Recall 1 and F1 score of 0.97.

Precision =
TP

TP + FP
Recall =

TP

TP + FN
F1 = 2 · Precision× Recall

Precision + Recall
(4.1)

Table 4.2: Performance of the Ear Detection Model.

Metric Value
True Positives (TP) 45
False Positives (FP) 3
True Negatives (FN) 0
False Negatives (TN) 2

Dropped Cases 0
True Positives (TP) 45

Precision 0.94
Recall 1

F1 Score 0.97

In Figure 4.3, the performance of a binary classification model is illustrated using dif-

ferent curves. The F1-Confidence Curve (Top Left) visualizes the trade-off between the

F1 score and the confidence threshold used for classifying predictions into positive or neg-

ative classes. The precision-confidence curve (Top Right) shows how precision changes

with different confidence thresholds in a classification model. It helps evaluate the model’s

performance by examining how confident the model is in its predictions and the resulting

precision at each confidence level. A precision-recall curve (Bottom Left) illustrates the

trade-off between precision and recall across different decision thresholds in a binary clas-

sification model. High Precision and High Recall indicate a good classifier that captures
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most positives with few false positives. Lastly, the recall confidence curve (Bottom Right)

visualizes how the model’s recall changes as the confidence threshold for classifying positive

instances is adjusted. Table 4.2 illustrates the results of using 50 labelled images that the

network hasn’t been trained on.

Figure 4.3: Performance comparison of YOLO object detection models for the ear detection.
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4.2.2 Sternal Notch and Clavicle Detection

Sternal/Clavicle detection could be considered similar to Ear Detection. However, the

primary reason for not combining all three detections into a single network is resource

management, specifically minimizing runtime and accommodating the multiple roles that

ear detection plays in subsequent processing steps. For this purpose, 800 images have been

labelled and annotated for the training process, as shown in Figure 4.4. Labels for this

dataset were created under the supervision of a health worker, as identifying the sternal

notch and clavicle in some patients can be challenging, especially for individuals with thick

necks. The high false positive (FP) values in both clavicle and sternal notch detection

negatively affected the overall performance of the framework. In other words, the network

incorrectly identifies something other than the clavicle as the clavicle, which could be due

to several factors. Firstly, the limited number of training images used for the network has

adversely affected its performance. Secondly, opting for the smallest version of the YOLO

detection module was prioritized for time efficiency, which also contributes to the higher

FP rates. Lastly, the irregular and shapeless nature of the sternal notch poses a critical

challenge. Although this point could be seen as the end of the automated workflow, such

scenarios have been anticipated. To ensure continuity, a manual override by an expert is

proposed (Figure 3.3) when both clavicle and sternal notch detections fall below a defined

threshold.

The recall-confidence curve shown in the Figure 4.5 illustrates how recall changes with

varying confidence values. As confidence increases, recall decreases, reaching zero at a
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Figure 4.4: Performance comparison of YOLO object detection models for the Sternal/Clavicle
detection.

Figure 4.5: Performance comparison of YOLO object detection models for the Sternal/Clavicle
detection.

confidence value of one. This indicates that as the classifier becomes more confident in

its predictions, it starts missing positive instances, resulting in lower recall. On the right

side, the F1 score peaks around a confidence value of 0.5. This suggests that the classifier

achieves its optimal balance between precision and recall at this threshold. As confidence

increases beyond 0.5, the performance of the binary classification task declines, showing

72



4.3. OPTICAL FLOW

Table 4.3: Performance of the Sternal/Clavicle Detection Model.

Metric Sternal Notch Clavicle
True Positives (TP) 25 27
False Positives (FP) 18 22
True Negatives (FN) 5 0
False Negatives (TN) 1 1

Dropped Cases 1 0
Precision 0.58 0.55
Recall 0.83 1

F1 Score 0.68 0.71

that no object is detected correctly with a confidence value of one. It could be seen that

the values of the Table 4.3 and the Figure 4.5 are close enough to show the agreement.

4.3 Optical Flow

Optical flow algorithms are essential in computer vision, facilitating motion estimation

between consecutive frames, which is crucial for applications such as object tracking, video

stabilization, and action recognition. OpenCV provides a suite of optical flow methods,

each designed to address specific challenges in motion estimation, balancing accuracy, noise

resilience, and computational efficiency.

Lucas-Kanade Optical Flow [76] is a foundational sparse technique that calculates the

motion of feature points based on the image’s intensity gradients. It is computationally

efficient and suitable for tracking relatively small displacements but is sensitive to noise

and can struggle when tracking complex, fast-moving objects due to its sparse approach.
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Robust Local Optical Flow (RLOF) [77] is a sparse optical flow algorithm, similar to

Lucas-Kanade but designed to be more robust against occlusions and varying lighting

conditions. It is particularly useful for handling challenging conditions in real-time appli-

cations. Farneback Optical Flow [78] improves upon this by offering a dense estimation

method, calculating the flow for all pixels using polynomial expansion. This method cap-

tures more comprehensive motion details across the entire frame, making it valuable for

applications requiring full motion fields. However, it is computationally more intensive,

limiting its use in real-time applications without optimization. PCAFlow [79] leverages

principal component analysis to provide dense optical flow with improved robustness in

handling complex motions. It delivers more accurate estimations but comes with higher

computational demands, making it suitable for detailed offline analysis rather than real-

time applications. Brox Optical Flow [80] is known for its high accuracy and robustness,

particularly in handling complex motion and capturing fine motion details. This method

is computationally intensive but provides high-quality results, making it suitable for appli-

cations where precise motion estimation is crucial, such as object tracking, video analysis,

and computer vision research. Dual TV-L1 Optical Flow [75] employs energy minimization

techniques to achieve a reliable balance between speed and accuracy, allowing real-time ca-

pabilities without sacrificing output quality. DeepFlow [81] incorporates deep matching

to handle large displacements and complex motion patterns, addressing the limitations of

traditional methods in scenes with significant motion. While effective, it is computation-

ally intensive, limiting its practical use in real-time scenarios. Overall, these optical flow

methods in OpenCV provide a spectrum of solutions, and the choice of method depends
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on the specific application requirements, balancing accuracy, and processing speed. Figure

4.6 presents the average computation time per frame for each optical flow method, calcu-

lated using ten videos from the database. The total computation time for each method

across all videos was divided by the total number of frames to obtain the average values

and lower values indicate faster processing. Based on the values that are shown in Figure

4.6, Pyramid Flow, Farneback, and Dual TV-L1 exhibited faster computation times com-

pared to the other methods. Figure 4.7 shows the relative accuracy of several optical flow

algorithms. Ten videos were analyzed, with the region of interest (typically the carotid

artery) manually selected in each. Contact PPG was used to estimate the fundamental

frequency, and the SNR at this frequency was calculated for each video and each optical

flow method. The results are compared in Figure 4.7. The algorithms PCAFlow, RLOF,

and Dual TV-L1 outperformed the other tested methods, yielding higher quality cardiac

signals for subsequent processing. Based on the performance criteria shown in Figures 4.6

and 4.7, the Dual TV-L1 algorithm [75] demonstrated both high accuracy and efficient

computation time and therefore, it was selected for use within the proposed framework.

4.4 Results

4.4.1 sMOT and vital signs

During this study, datasets of different sizes and patients have been used. For the purpose

of HR and RR estimation, data were collected from 138 participants (60 females and 78
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Figure 4.6: Average computation time per frame for different optical flows for ten videos.
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Figure 4.7: SNR(dB) values for different Optical Flows for ten videos.
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males) with a mean age of 61 years old (ranging from 17–90 yr) with an average BMI of 28.8

with a physician referral to the cardiac clinic or background cardiac diseases. The following

Figure 4.8 illustrates the cardiac disorder distribution as well as their heart rhythm among

patients. In the following, Table 4.4 indicates the participants’ demographics in detail.
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Figure 4.8: Distribution of the cardiac disorders between participants (Left), and Heartbeat
Rhythms (Right).

Table 4.4: Demographic of the Study participants.

Participants 60 Female, 78 Male
Age 61 ± 15.21
BMI 28.8 ± 5.94
BSA 1.92 ± 0.22

LV size (mm) 44.1 ± 6.37
RV basal (mm) 38.43 ± 8.55
RA Vol Ind 29.8 ± 16.29
LA Vol Ind 39 ± 15.45

In Figure 4.9, a comparative analysis of sMOT and rPPG using the mentioned approach

[24] at the carotid region in both time and frequency domains is presented. rPPG signals are

calculated in the same way of sMOT signals as described for finding HR in Section 3.4 with
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this exception that average values of pixels are used instead of optical flow results. Since

rPPG is only used to show the agreement in findings with sMOT, only the average values of

the pixels in the manually chosen area throughout the video frames are taken, and the green

channel is used for further processing with the same filtering approach and parameters

for sMOT to acquire the rPPG signal at that location. The first and third columns of

Figure 4.9 depict the extracted sMOT and rPPG signals in the time domain which are

normalized as well. These signals illustrate the temporal dynamics of cardiac activity for

each participant. Notably, for some participants, such as the third patient, the sMOT

and rPPG signals exhibit a zero-phase shift, indicating strong temporal alignment between

the two modalities. The second and fourth columns of Figure 4.9 show the single-sided

power spectra of the time-series signals. These spectra reveal the frequency components

of the sMOT and rPPG signals. A key observation is that the dominant frequency in

both signals aligns closely with the HR, which is approximately 1 Hz. This alignment

demonstrates that both sMOT and rPPG methods capture similar frequency components

and share the same fundamental frequency, underscoring the consistency and reliability of

these two approaches for cardiac signal extraction. This analysis highlights the robustness

of sMOT and rPPG techniques in capturing cardiac activity and validates their potential

for clinical applications. It should be noted that only sMOT is used for this study and

Figure 4.9 is illustrated to demonstrate agreement in both time and frequency domains,

these methods provide complementary insights into physiological dynamics, with potential

implications for non-invasive monitoring of HR and RR.
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Figure 4.9: Comparison between the sMOT and the corresponding rPPG in time and
frequency domain for 8 subjects.
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4.4.2 Heart Rate Estimation

The agreement between the estimated HR and the extracted HR from reference ECG is

illustrated using Bland-Altman and correlation plots shown in Figure 4.10. For the Direct

view with 45-degree and sitting positions, the mean value of the estimated HR is 65.59

and 66.03 bpm, and for the tangential view with 45-degree and sitting positions, the mean

value of the estimated HR is 65.19 and 65.97 bpm.

In the Bland-Altman plot, the black dotted lines and the numbers beside them indicate

95% confidence intervals of the mean bias between the reference HR and estimated HR

using sMOT or rPPG measurements. As shown in Figure 4.10 1st row (direct view with

45-degree patient position), the correlation coefficient is 0.994 and the corresponding BA

plot illustrates near zero bias with mean=−0.82 (bpm), and 95% of the data falls between

−3.07 beats per minute and 1.42 beats per minute. The 2nd row illustrates the results for

the sitting position with the same camera view with the correlation coefficient 0.992, and

the corresponding BA plot illustrates near zero bias with mean=−0.86 (bpm). 3rd and

4th rows are related to the tangential view with patients in 45-degree and sitting positions

correspondingly with correlation coefficients 0.994 and 0.991 relatively and bias −1.05 and

−0.92 respectively.
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Figure 4.10: Direct view result for sMOT-based HR. 45-degree patient’s position (1st row) and
sitting (2nd row). Tangential view result for sMOT-based HR. 45-degree patient’s position (3rd

row) and sitting (4th row).
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4.4.3 Respiration Rate Estimation

Our experiments showed that the lower-frequency components, particularly those contain-

ing respiration patterns, are more susceptible to motion artifacts, as their frequencies often

overlap with those of the motion itself. In addition, the respiration of some subjects is ir-

regular, and the respiration rate is difficult to determine even from the reference respiration

belt. Therefore, the agreement between the estimated RR and the reference RR is worse

than the agreement between the estimated and reference HR. For the Direct view with 45-

degree and sitting positions, the mean value of the estimated HR is 15.53 and 15.84 beats

per minute (bpm), and for the tangential view with 45-degree and sitting positions, the

mean value of the estimated HR is 15.32 and 15.78 beats per minute (bpm). In the Bland-

Altman plot, the black dotted lines and the numbers beside them indicate 95% confidence

intervals of the mean bias between the reference HR and estimated HR using sMOT or

rPPG measurements. As shown in Figure 4.11 1st row (direct view with 45-degree patient

position), the correlation coefficient is 0.847 and the corresponding BA plot illustrates near

zero bias with mean=0.3 (bpm), and 95% of the data falls between −3.49 beats per min

and 4.8 beats per minute. The 2nd row illustrates the results for the sitting position with

the same camera view with the correlation coefficient 0.846, and the corresponding BA

plot illustrates near zero bias with mean=0.46 (bpm). 3rd and 4th rows are related to

the tangential view with patients in 45-degree and sitting positions correspondingly with

correlation coefficients 0.867 and 0.859 relatively and bias 0.2 and 0.48 correspondingly.
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Figure 4.11: Direct view result for sMOT-based RR. 45-degree patient’s position (1st row) and
sitting (2nd row). Tangential view result for sMOT-based RR. 45-degree patient’s position (3rd
row) and sitting (4th row).
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4.4.4 JVP height measurement

The final step in the proposed framework is to determine the JVP height on the neck. For

this part, 61 participants (25 females and 36 males) with a mean age of 61 years (range:

26–86 years) and an average BMI of 28.75 were chosen for this section. Among these

participants, 5 reported smoking more than half a pack daily. In order to exactly locate

the pulsation location of the JVP, the ROI is limited to the line that connects the sternal

notch to the ear. Limiting the ROI region to a line could be beneficial to reduce the amount

of computation and process time as well as remove the unwanted noise and outliers that

may interfere with the proposed framework. Based on the expert’s opinion, we could use

two points alternatively including the sternal notch or clavicle to draw the line to the ear

which has been detected in the previous steps in Figure 4.12.

The following Figure 4.13 illustrates the results of the proposed approach for 4 patients

in a reclined position (45 degrees) and the cameras in direct and tangential view with

the corresponding labels put by the cardiologists and physicians. It should be noted that

the JVP location is distended on the skin and it covers a region on the neck and not a

single pixel. To ensure a fair comparison of the JVP height values, a line is first drawn

from a common reference point to connect the expert’s annotations. The measurements

are then projected onto a vertical axis and normalized to the range [0, 1]. This process is

applied to both the proposed results and the expert labels to digitize the values, enabling

a direct and consistent comparison. In terms of height, results can be classified into three

groups, Normal, Mild and Severe. This classification has been done for the purpose of
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Figure 4.12: Detected Regions of Interest (Ear, Sternal Notch, Clavicle) on the Top Row, and
the line connecting them on the Bottom Row for processing.

the diagnosis and to compare the annotated results by the experts with those obtained

from the proposed approach.

In Table 4.5, the results for 61 patients are reviewed.

4.5 Analysis

Table 4.5 summarizes the results for each patient along with the corresponding measure-

ments provided by the doctors (shown in the two rightmost columns). Typically, each
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Table 4.5: Summary of results across patient positions and camera angles

NAME 45P˙ Direct View 90P˙ Direct View 45P˙ Tangential View 90P˙ Tangential View Label’s
Location

Class

Case1 ✓ 0.4∼0.5 2 ✓ 0.3∼0.4 1 ✓ 0.2∼0.4 2 ✗ NA NA 0.3∼0.4 2
Case2 ✗ NA NA ✓ 0.25∼0.3 1 ✗ NA NA ✓ 0.2∼0.3 1 0.1∼.15 1
Case3 ✓ 0.1∼0.35 1 ✗ NA NA ✓ 0.1∼0.2 1 ✓ 0.1∼0.2 1 NA NA
Case4 ✓ 0∼015 1 ✓ 0.3∼0.35 1 ✓ 0∼0.2 1 ✗ NA NA NA NA
Case5 ✓ 0.4∼0.5 2 ✗ NA NA ✗ NA NA ✗ NA NA NA NA
Case6 ✓ 0.2∼0.6 2 ✗ NA NA ✗ NA NA ✓ 0.1∼0.25 1 0.1∼0.6 2
Case7 ✓ 0∼0.1 1 ✗ NA NA ✗ NA NA ✗ NA NA 0.1 1
Case8 ✓ 0.1∼0.3 1 ✓ 0∼0.1 1 ✓ 0∼0.3 1 ✗ NA NA 0∼0.3 1
Case9 ✓ 0.3∼0.4 2 ✓ 0.2∼0.3 1 ✗ NA NA ✗ NA NA 0.2 1
Case10 ✓ 0.1∼0.15 1 ✓ 0.1∼0.2 1 ✗ NA NA ✗ NA NA 0.1 1
Case11 ✓ 0∼0.15 1 ✓ 0.05∼0.2 1 ✗ NA NA ✗ NA NA 0.1∼0.2 1
Case12 ✓ 0.1∼0.2 1 ✗ NA NA ✗ NA NA ✓ 0.1∼0.2 1 0∼0.2 1
Case13 ✓ 0∼0.2 1 ✗ NA NA ✓ 0∼0.2 1 ✗ NA NA 0∼0.3 1
Case14 ✓ 0.45∼0.6 2 ✓ 0.4∼0.6 2 ✗ NA NA ✓ 0.25 1 0∼0.3 2
Case15 ✗ NA NA ✓ 0.1∼0.15 1 ✓ 0.2∼0.3 1 ✓ 0.05∼0.15 1 0.1∼.15 1
Case16 ✓ 0∼0.2 1 ✓ 0∼0.1 1 ✗ NA NA ✓ 0.2∼0.6 1 0.1∼0.2 1
Case17 ✓ 0.4∼0.5 2 ✗ NA NA ✗ NA NA ✗ NA NA 0.1∼0.15 1
Case18 ✓ 0∼0.1 1 ✓ 0.2∼0.35 1∼8 ✓ 0∼0.2 1 ✓ 0∼0.2 1 0.1∼0.2 1
Case19 ✓ 0∼0.2 1 ✓ 0∼0.2 1 ✗ NA NA ✗ NA NA 0∼0.2 1
Case20 ✗ NA NA ✗ NA NA ✗ NA NA ✓ 0∼0.3 1 0∼0.1 1
Case21 ✗ NA NA ✗ NA NA ✓ 0.2∼0.55 2 ✓ 0.05∼0.15 1 0.1∼0.2 1
Case22 ✓ 0∼0.2 1 ✓ 0∼0.1 1 ✓ 0∼0.25 1 ✓ 0.1∼0.25 1 0.1∼0.2 1
Case23 ✓ 0.1 1 ✓ 0∼0.1 1 ✓ 0.2 1 ✓ 0.1∼0.2 1 0∼0.1 1
Case24 ✓ 0∼0.2 1 ✗ NA NA ✓ 0.1∼0.2 1 ✓ 0.1∼0.2 1 0.1∼0.15 1
Case25 ✗ NA NA ✓ 0.1∼0.2 1 ✓ 0∼0.05 1 ✓ 0∼0.2 1 0∼0.35 1
Case26 ✓ 0.1∼0.15 1 ✗ NA NA ✗ NA NA ✗ NA NA 0.1∼0.15 1
Case27 ✓ 0.4∼0.5 2 ✗ NA NA ✗ NA NA ✗ NA NA 0.1∼0.5 2
Case28 ✓ 0.7∼0.8 3 ✓ 0.15∼0.25 1 ✓ 0.7∼0.8 3 ✗ NA NA 0∼0.1 1
Case29 ✓ 0∼0.1 1 ✗ NA NA ✗ NA NA ✗ NA NA 0∼0.4 2
Case30 ✗ NA NA ✓ 0.4∼0.55 1∼8 ✗ NA NA ✗ NA NA 0.1∼0.6 2
Case31 ✗ NA NA ✓ 0.3∼0.6 2 ✗ NA NA ✗ NA NA 0.1∼0.55 2
Case32 ✓ 0.35∼0.45 2 ✓ 0.35 1 ✗ 0∼0.35 2 ✗ NA NA 0.5 2
Case33 ✓ 0.4∼0.6 2 ✓ 0∼0.2 1 ✓ 0.5∼0.7 2 ✓ 0.45∼0.55 2 0.4∼0.5 2
Case34 ✓ 0.45∼0.6 2 ✗ NA NA ✓ 0.8∼0.95 3 ✗ NA NA NA NA
Case35 ✓ 0.3 1 ✓ 0.8∼1 3 ✗ NA NA ✗ 0.3 1 0.1∼0.65 2
Case36 ✓ 0∼0.3 1 ✗ NA NA ✗ NA NA ✗ NA NA 0.1 1
Case37 ✓ 0∼0.2 1 ✓ 0∼0.2 1 ✓ 0.05∼0.3 1 ✓ 0.05∼0.3 1 0.05∼0.1 1
Case38 ✓ 0.05∼0.1 1 ✗ NA NA ✓ 0.05∼0.1 1 ✗ NA NA NA NA
Case39 ✓ 0.05∼0.1 1 ✗ NA NA ✓ 0.15∼0.2 1 ✗ NA NA 0.1∼0.2 1
Case40 ✗ NA NA ✗ NA NA ✓ 0∼02 1 ✗ NA NA NA NA
Case41 ✗ NA NA ✗ NA NA ✓ 0.5∼0.6 2 ✗ NA NA 0.1 1
Case42 ✗ NA NA ✗ NA NA ✓ 0.1∼0.2 1 ✗ NA NA 0.1∼0.3 1
Case43 ✗ NA NA ✓ 0.1∼0.45 2 ✓ 0.15∼0.3 1 ✓ 0.15∼.025 1 0.1 1
Case44 ✓ 0∼0.2 1 ✗ NA NA ✗ NA NA ✗ NA NA 0∼0.2 1
Case45 ✓ 0.2∼0.35 1 ✗ NA NA ✗ NA NA ✗ NA NA 0.1 1
Case46 ✗ NA NA ✗ NA NA ✓ 0∼0.2 1 ✗ NA NA 0.1∼0.2 1
Case47 ✗ NA NA ✓ 0∼0.2 1 ✗ NA NA ✓ 0∼0.2 1 0.1∼0.2 1
Case48 ✗ NA NA ✓ 0∼0.2 1 ✗ NA NA ✗ NA NA 0.1∼0.3 1
Case49 ✓ 0∼0.6 2 ✗ NA NA ✓ 0.5∼0.6 2 ✗ NA NA 0.2 1
Case50 ✓ 0.8∼1 3 ✓ 0.8∼1 3 ✗ NA NA ✗ NA NA 0.1∼0.2 1
Case51 ✓ 0.4∼0.6 2 ✓ 0∼0.3 1 ✓ 0.5 2 ✓ 0.1∼0.35 1 0.1∼0.45 2
Case52 ✓ 0.8 3 ✗ NA NA ✓ 0.6∼0.8 3 ✓ 0.4 1 0.2∼0.7 2
Case53 ✓ 0.7∼0.85 3 ✓ 0.74∼0.85 3 ✓ 0∼0.2 1 ✓ 0∼0.2 1 0.1∼0.5 2
Case54 ✓ 0∼0.2 1 ✓ 0∼0.2 1 ✗ NA NA ✗ NA NA 0.1∼0.15 1
Case55 ✓ 0.05∼0.15 1 ✓ 0.05∼0.15 1 ✓ 0.4∼0.6 2 ✗ NA NA 0.1 1
Case56 ✓ 0.1∼0.2 1 ✗ NA NA ✓ 0.45∼0.65 2 ✗ NA NA 0.2∼0.25 1
Case57 ✓ 0.4∼0.85 3 ✓ 0.4∼0.65 2 ✓ 0∼0.3 1 ✓ 0∼0.3 1 0.1∼0.25 1
Case58 ✓ 0.05∼0.1 1 ✓ 0.05∼0.1 1 ✓ 0.2∼0.3 1 ✓ 0.2∼0.3 1 0.1∼0.2 1
Case59 ✓ 0.9∼1 3 ✓ 0.9∼1 3 ✓ 0.8∼1 3 ✓ 0.8∼1 3 0.1∼0.2 1
Case60 ✓ 0.9∼1 3 ✗ NA NA ✓ 0.5∼0.6 2 ✓ 0.2∼35 1 0∼0.2 1
Case61 ✓ 0.1∼0.35 1 ✗ NA NA ✓ 0.65∼0.85 3 ✓ 0.2∼0.45 3∼8 0.1∼0.2 1
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Figure 4.13: (Top Row) Patients in a reclined position, (Bottom Row) The maximum and the
Minimum of the estimated JVP height on the neck.

patient has two measurements indicating label locations. Check marks and cross marks

are used for each position of the patient to show if the results are consistent with the doc-

tor’s opinion. One measurement is taken with the patient at a 45-degree reclined position,

and the other while sitting upright at 90 degrees. The lower of the two values corresponds

to the JVP measurement in the upright position, while the higher value corresponds to the

45-degree position. For analysis, the lower value is compared with the 45-degree position,

and the higher value with the 90-degree position. This is because JVP is more visible when

the patient is reclined and often collapses when sitting upright, as illustrated in Figure 4.13.

(JVP readings are marked with blue dots, and carotid points with red dots.)
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If the patient’s reading is the same for the reclined and sitting up position, then one

value will be used for different positions’ analysis. As shown, six ”NA” values in the right-

most column are associated with discrepancies between the labels and the physician’s video

review. These cases have been excluded from further analysis. Each class is assigned a

number 1,2,3 representing Normal, Mild and Severe cases similar to what we already

have with doctor’s labels and annotation. The experiment has been done in four different

situation namely 45P˙ Direct View, 90P˙ Direct View, 45P˙ Tangential View, 90P˙ Tan-

gential View. Figure 4.14 presents the unresolved cases for various positions and camera

angles. These issues may arise from the inability of optical flow techniques to capture

signals, which can be attributed to factors such as the homogeneity of the skin surface,

SNR, lighting conditions at different angles, and other factors that are further discussed

in the following chapter.

Figure 4.15 shows the confusion matrix for four different situations with an accuracy of

46% for 45P˙ Tangential View, 54% for 45P˙ Direct View, 72% for 90P˙ Tangential View,

and 59% for 90P˙ Direct View. This pattern is further visualized in Figure 4.16, which

illustrates the mean of the predicted values, calculated as the average of the lower and

upper bounds for each patient and each position, plotted against the clinically measured

distances for three severity categories. While it provides a statistical comparison between

the proposed approach and clinical measurements, it does not explicitly distinguish between

true positives, false positives, or false negatives. As such, its interpretation is primarily

statistical rather than diagnostic.

As mentioned, Figure 4.16 provides a comparison of the proposed approach’s results

88



4.5. ANALYSIS

45P  
Dire

ct 
View

45P  
Tangentia

l V
iew

90P  
Dire

ct 
View

90P  
Tangentia

l V
iew

0

5

10

15

20

25

30

35

Figure 4.14: Number of unresolved cases for each position and camera view (the lower the
better).

with expert measurements, specifically in terms of the JVP distance from the clavicle,

which is illustrated as follows: The values in Table 4.6 correspond to those in the figure

and are reported as median [Q1 Q3], with Q1 and Q3 denoting the first and third quartiles.

Table 4.6: Quantitative values of statistical comparison of measured JVP height.

Position
Clinical Experimental

Normal Mild Severe Normal Mild Severe
45° Reclined – Tangential View 0.2 [0.1–0.2] 0.475 [0.4–0.5] NaN 0.2 [0.2-0.3] 0.6 [0.475–0.6] 0.8 [0.8–0.965]
45° Reclined – Direct View 0.2 [0.125–0.2] 0.5 [0.45–0.6] NaN 0.2 [0.125–0.2] 0.55 [0.5–0.6] 0.85 [0.8125–1]
90° Upright – Tangential View 0.1 [0.025–0.1] 0.4 [0.4–0.4] NaN 0.225 [0.2–0.3] 0.425 [0.35–0.55] 1 [1–1]
90° Upright – Direct View 0.1 [0.1–0.1] 0.45 [0.4–0.5] NaN 0.2 [0.125–0.2] 0.5 [0.375–0.6] 1 [0.925–1]
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Figure 4.15: Confusion Matrix of the Predicted Classes Vs. True Classes for each Patient’s
Position and Camera View.
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Figure 4.16: T-test results of the clinically measured versus proposed approach for the resolved
cases.

4.6 Discussion

Locating the JVP on the neck with a camera involves various challenges stemming from

technical, physiological, and environmental considerations. Like any research study, this
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investigation also has its limitations, which will be discussed in the following sections.

• Illumination is one of the primary challenges in video acquisition. Proper lighting

is essential for capturing the subtle details of veins, but excessive light or inconsistent

lighting can cast harsh shadows or overexpose the skin, thereby obscuring vein visibil-

ity (as shown in Figure 4.17). Ambient light interference can further complicate the

situation, making it difficult to distinguish veins without specialized lighting, such as

Near-Infrared (NIR). In the majority of research studies focusing on the neck, artifi-

cial light sources have been employed, including Light Emitting Diode (LED) arrays

in the blue and NIR ranges, fluorescent lamps, halogen lamps, and other unspecified

lighting setups. As is described in Chapter 3, usual room lighting (Fluorescent lamp)

has been used for the experiment and data collection. However, the effects of the

amount of light reflected on the neck will be reviewed in the following section. For

this experiment, two different lighting conditions have been studied. For one minute,

the patient is recorded under the usual lighting conditions, and for another minute,

the lamp is turned off, and only environmental light is used. For each of the patients,

ECG and PPG are also available, and the results of the algorithms applied to the

videos can be compared fairly, indicating the importance of lighting conditions in

video acquisition and related studies. Also, glare from oily or shiny skin can reduce

the quality of captured images, while reflections from the environment can inter-

fere with vein detection. These reflections and unwanted highlights can obscure fine

details, leading to poor imaging results.
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Figure 4.17: (Top Row) Patients in a room with environmental lighting, (Bottom Row)
Patients in a room with fluorescent lamp lighting.

• Specialized cameras are required for extracting pulsatile signals from the face,

such as those related to heart rate or blood flow, by detecting subtle changes in skin

colour or reflectance due to blood flow. Camera resolution is critical as well. A high-

resolution camera is required to capture the fine details of veins, and the depth of

focus needs to be adjusted precisely to avoid blurring. However, ensuring the camera

is correctly focused on the surface of the skin while keeping the veins sharp can be

tricky. Here are the primary types of cameras used for this purpose, along with their

characteristics and roles in capturing pulsatile signals.

RGB cameras capture images in red, green, and blue colour channels. These can
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be used to extract pulsatile signals by detecting subtle colour changes in the skin

as blood volume changes with each heartbeat. As demonstrated in [57], standard

webcams can be used to extract pulse signals from facial regions by applying EVM,

which enhances subtle temporal variations in pixel intensity caused by blood flow.

Similarly, [24] showed that heart rate can be estimated using conventional digital

cameras by analyzing the green color channel, which corresponds to changes in blood

volume.

NIR cameras operate in the infrared spectrum, typically between 700 nm and 1000

nm, making them less sensitive to visible light variations. This characteristic makes

NIR cameras suitable for environments with fluctuating lighting conditions, as they

provide more consistent measurements. Moreover, NIR cameras can capture signals

from deeper skin layers, potentially improving signal quality. Despite these benefits,

NIR cameras offer limited colour information compared to RGB cameras, which may

impact certain analysis techniques. Additionally, they are generally more expensive

than standard RGB cameras.

High-speed cameras, which capture video at very high frame rates often exceeding

100 FPS, provide high temporal resolution essential for precise detection of rapid

physiological changes. This high temporal resolution allows for more accurate mea-

surements of heart rate and other physiological signals, and enhances the ability to

analyze subtle movements and variations. However, high-speed cameras generate

large amounts of data, requiring significant storage and processing power, and they

are typically more expensive than standard cameras.
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Depth-sensing cameras, such as those using Time-of-Flight (ToF) or Structured Light

technologies, provide information about the distance between the camera and the

subject. While primarily used for capturing 3D information, depth cameras can

complement rPPG by providing additional context for signal extraction. The 3D

information helps in isolating the face from the background, reducing noise from ir-

relevant movements, and improving the accuracy of physiological signal extraction

by providing spatial context. However, depth cameras involve more complex data

processing requirements and are generally more expensive than standard RGB cam-

eras.

Thermal cameras detect infrared radiation emitted by objects, translating it into

temperature data. Although not traditionally used for rPPG, some research explores

their potential in capturing physiological signals based on temperature variations

related to blood flow. Thermal cameras are advantageous because they operate in

the non-visible spectrum, similar to NIR cameras, and provide additional physiolog-

ical information that can complement rPPG measurements. However, they typically

have lower temporal resolution, which may limit the accuracy of physiological mea-

surements, and they are generally more expensive and less commonly available for

consumer use.

• Skin tone plays a significant role. In darker skin tones, the higher melanin content

can make veins harder to detect. Additionally, the texture of the skin—whether

it’s smooth or features wrinkles, freckles, or hair—adds noise to the image, which
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complicates the process of isolating veins from other surface details.

• Physiological variability adds further complexity. Individuals have unique vein

structures, and some people naturally have more prominent veins on their necks than

others. For some, veins may be barely visible or hidden beneath layers of skin, which

makes detection difficult. Age also plays a role, as older people may have more visible

veins due to thinner skin, while younger individuals might have veins that are less

apparent. Another challenge is the depth of veins. Veins that are closer to the skin’s

surface are easier to detect, but those that are deeper are less visible and harder

to capture with a regular camera. Factors like blood pressure, hydration, and body

temperature can affect vein prominence, causing them to appear more or less visible

depending on the subject’s physical state.

• Motion artifacts present a significant issue. Even slight movements, such as swal-

lowing or neck rotation, can distort the image and affect vein detection. Additionally,

natural muscle movements and the pulse of the veins themselves can cause shifts,

making it hard to get a stable view.

In summary, detecting veins on the neck using a camera is a challenging task that requires

overcoming lighting issues, skin tone variations, motion artifacts, and resolution limitations,

often demanding advanced image processing techniques and specialized equipment.
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Conclusion

5.1 Introduction

From the beginning of this study, several key questions guided our research efforts. One of

the primary challenges was incorporating criteria, such as those outlined in Table 2.1, which

are grounded in cardiovascular physiology, into the processing framework. Another major
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concern was the development and integration of separate components, including object

detection and signal processing modules, into a unified and comprehensive methodology.

While multiple approaches were explored, only the final and most effective method is

presented in this study.

In the final chapter, the accuracy of the proposed method was evaluated against a

dataset obtained with US measurements, which requires significant resources and health-

care personnel. Additionally, the study’s limitations, discussed in the relevant section,

highlight certain constraints that may have influenced the results. These factors under-

score the need for further refinements to enhance the robustness and applicability of the

framework in real-world clinical settings.

5.2 Contribution

The findings of this study contribute to several key areas.

Firstly, the integration of an object detection module for identifying key anatomical

landmarks namely the ear, clavicle, and sternal notch, introduces a novel approach for

automated anatomical feature recognition. This research uniquely addresses the indepen-

dent detection of both the clavicle and sternal notch, which are critical for accurate JVP

measurement. To date, no prior work has specifically tackled the challenge of reliably

detecting these anatomical points in a fully automated manner, showing the originality

of this framework. While the detection rate still requires further refinement to enhance
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robustness across diverse skin tones, lighting conditions, and body types, this study es-

tablishes a foundational methodology for future advancements in automated anatomical

landmark detection. This challenge was framed as a key research question, investigat-

ing the feasibility of detecting anatomical features on the neck in a real-world setting.

As demonstrated in Chapter 4, the successful detection of the clavicle and sternal notch

significantly contributes to the overall framework for JVP measurement, illustrating its

importance in achieving a reliable, non-invasive clinical tool.

Secondly, the study presents a novel methodology for detecting HR and RR on the

neck using a combination of neck segmentation and sMOT, a voting-based strategy, and

signal processing techniques. The challenge of achieving a robust and reliable measurement

of these vital signs was a key aspect of this research and was posed as a second research

question. As discussed in Chapter 4, the results demonstrate the feasibility of this method,

highlighting its potential for real-world applications in telemedicine, cardiopulmonary as-

sessment, and continuous patient monitoring.

Thirdly, and most importantly, this research represents one of the first attempts to

semi-automated JVP height measurement on the neck, stepping toward non-invasive car-

diovascular monitoring. Traditional JVP measurement relies on manual clinical assess-

ment, requiring trained professionals to visually estimate the jugular pulsation relative to

anatomical reference points. This study bridges the gap between clinical expertise and

automation by developing a comprehensive AI-driven framework that eliminates the need

for manual intervention. This framework integrates multiple advanced computer vision

and signal processing techniques into a seamless pipeline. It begins with object detec-
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tion, which automatically identifies critical anatomical landmarks such as the ear, clavicle,

and sternal notch, ensuring accurate spatial localization. To extract JVP waveforms with

high fidelity, the system employs a combination of optical flow analysis and Eulerian video

magnification, enhancing subtle pulsations that would otherwise be imperceptible. By suc-

cessfully combining these elements into a fully automated manner, this research provides

a major step forward in remote cardiovascular assessment. The ability to estimate JVP

height non-invasively using only a standard camera opens new possibilities for heart failure

monitoring and early cardiovascular disease detection. This work directly addresses the

third research question, which explores the feasibility of automating JVP measurement,

and the findings presented in Chapter 4 demonstrate the framework’s potential to serve as

a valuable tool in both clinical and remote healthcare settings.

Finally, one of the primary goals of this study was to develop a real-time framework for

JVP height measurement. However, during the evaluation of computational performance,

it became evident that the system did not operate in real-time. Specifically, analyzing a

one-minute video required over an hour of processing time, with the majority of this delay

attributed to the video magnification step. The computational burden of video magnifica-

tion significantly increased as the number of processing layers expanded, making real-time

implementation impractical in its initial form. To address these challenges, the code was

restructured and optimized, and CUDA-based GPU acceleration was integrated into the

processing pipeline. By leveraging parallel computing capabilities, particularly in optical

flow calculations and video magnification processing, the overall runtime was successfully

reduced to approximately twenty minutes per one-minute video. This represents a notable
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improvement in the system’s efficiency and marks a significant advancement toward achiev-

ing real-time processing. Despite these optimizations, further performance enhancements

are still required to achieve true real-time operation.

5.3 Future Work

To improve the accuracy and reliability of JVP measurements, it is essential to address

several key challenges that may negatively impact performance. Future research should

focus on implementing strategic advancements to mitigate these limitations and enhance

the robustness of the measurement framework.

To improve the accuracy of the results, one suggestion is to combine data from both the

direct and tangential views. Additionally, implementing multiple magnification approaches

can help ensure that the most optimal version, offering effective enhancement with minimal

added noise, is applied to the video. Moreover, training different networks with different

sizes helps to reduce the problem of false positives and provides a more reliable framework

for object detection.

As discussed earlier, unwanted motions and motion artifacts negatively impact the

accuracy of JVP measurement. To address this limitation, implementing an advanced mo-

tion registration scheme is crucial for effectively tracking the subtle physiological changes

occurring in the neck. A robust registration framework would allow for the precise align-

ment of consecutive frames, minimizing distortions caused by involuntary head movements,
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breathing-induced shifts, or external disturbances. By compensating for these variations,

an improved registration approach would enhance the detection of pulsatile signals by en-

suring that the jugular vein remains consistently positioned throughout the video sequence.

This would allow even the smallest fluctuations in venous pulsation to be accurately cap-

tured and analyzed, leading to more reliable and precise JVP assessments.

Illumination proved to be a critical variable in this study, significantly influencing the

accuracy and consistency of JVP estimation. Variations in lighting conditions, such as

changes in ambient brightness, shadowing effects, and reflections, introduced challenges

in reliably capturing venous pulsations. To overcome these limitations, there is a strong

need to develop a robust framework capable of adapting to different lighting environments.

One potential solution involves recording video samples under diverse lighting conditions

to build a more comprehensive dataset that enables the system to generalize effectively.

Additionally, integrating an end-to-end deep learning network could significantly enhance

the framework’s resilience to lighting variations by learning invariant features that are less

sensitive to illumination changes could be considered as an alternative.

By focusing on these key areas including advanced registration techniques, and the

development of end-to-end neural networks to handle the variety of illumination changes,

future work can substantially enhance the performance of the JVP measurement method.

These advancements are expected to lead to more accurate cardiovascular assessments and

ultimately result in better patient outcomes.
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