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Abstract

Cardiovascular diseases (CVDs) are major risk factors contributing to the increasing death

rate. Effective and regular monitoring of cardiac activities are useful for early detection

and clinical management of the CVDs. Many vital parameters, such as heart rate (HR),

heart rate variability (HRV), blood pressure (BP), oxygen saturation (SpO2), and respi-

ratory rate (BR) provide insight to cardiac health and help in diagnosing and treating

life-threatening diseases. In this study, two emerging cardiac modalities, such as seis-

mocardiography (SCG) and remote photoplethysmography (rPPG) are considered for the

estimation of cardiac vital parameters. The SCG is a non-invasive technique that captures

the chest wall vibrations induced by cardiac mechanical activities. The acquired SCG sig-

nal needs precise delineation and feature extraction prior to the measurement of human

vital parameters. The first part of the thesis involves the detection of the prominent peaks

of SCG cycles and investigates their possible clinical applications. A data-adaptive modi-

fied variational mode decomposition (MVMD) method along with simple decision rules are

incorporated to extract two fiducial points, AO and post-AC (pAC) peaks. Later, these

points are utilized to derive systolic blood pressure (SBP), diastolic blood pressure (DBP)

and HRV parameters. Another application is explored, which utilizes these feature points

along with the demographical information of the volunteers to identify ventricular depo-

larization events using a deep feedforward neural network (DFN). The proposed methods

are evaluated on publicly available CEBS database (at PhysioNet archive) and in-house

recordings created using a small electronic circuit board consisting of a 3D MEMs-based

accelerometer, pre-amplifier, and a filter.

In the second part of the thesis, camera-based rPPG technology is employed to generate

the cardiac waveforms and further used them as an application in vital measurements.

rPPG is a non-contact camera-based method that senses the variation in reflected light

intensity associated with the change in blood flow volume. Accurate estimation of cardiac
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parameters using this technology needs robust framework that facilitates the extraction

of reliable rPPG signal embedded within the video frames. Signal extraction frameworks

involve preprocessing steps, region of interest (ROI) selection, and proper filtering schemes.

In this direction, both conventional and deep neural network (DNN) based frameworks

are explored. The first method is a conventional technique that is based on 2D-variational

mode decomposition (VMD) scheme. Performance analysis suggests that the VMDmethod

performs well. However, this method is based on prior assumptions that may not hold well

for real time data. Therefore, in the second approach, few DNN architectures are designed

and developed without any prior assumptions to fit into the real dynamic settings. The

designed architectures are based on 1D, 2D, and 3D convolution neural networks (CNNs).

The input variable for the 1D-CNN is a raw signal generated by averaging the pixel values

within the region of interest (ROI), whereas a scalogram-based feature image is chosen as

an input for the 2D-CNN. Both the networks are proposed for the extraction of a reliable

rPPG waveform that is successively used for HR estimation and HRV analysis. In contrast

to 1D and 2D CNN frameworks, the input to the 3D-CNN is the raw video data. This

architecture is designed for multitask where remote electrocardiography (rECG) along

with rPPG is generated. The generated signals are quantified by estimating HR values

and comparing them with the corresponding ground-truth values. The robustness of the

proposed rPPG methods is evaluated using publicly available UBFC-rPPG, COHFACE,

and ECG-fitness datasets.
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1. Introduction

Cardiac vital parameters play an essential role in assessing cardiac anomalies and help reduce the

mortality rate. This thesis documents the estimation of major cardiac parameters using two emerging

biosensor modalities. The first one is a low-cost MEMS-based accelerometric device that acquires

the seismocardiogram (SCG) waveform. SCG is generated due to chest wall vibrations and it cap-

tures clinically relevant information associated with cardiac mechanical activities. In comparison to

other standard measurement tools, such as electrocardiography (ECG), phonocardiography (PCG),

echocardiography (ECHO), and magnetic resonance imaging (MRI), SCG provides more insight to the

cardiovascular activities [1]. The fiducial points reflecting the cardiac events are useful in the estima-

tion of cardiac vital parameters that are effective for cardiac analysis and disease diagnosis. SCG has

the potential to be a part of cardiac measurement tools. It may gain popularity due to its low cost and

ease of use. However, for data acquisition, the sensor needs direct contact with the subjects, which

may cause discomfort and limit the moving flexibility. To overcome the limitation of SCG modality,

the second approach explores a non-contact camera-based method for cardiac parameters estimation.

This method is based on the optical principle of photoplethysmography (PPG) and named as remote

PPG (rPPG) due to its contactless nature. In this approach a camera is used for the recording of

facial video data that is further processed for the extraction of rPPG waveform. Extracting a reliable

rPPG waveform for clinical applications involves robust frameworks consisting of preprocessing and

filtering schemes for eliminating the environmental interferences.

The first part of the thesis manifest the delineation and extraction of fiducial points of SCG

waveform. Whereas, the second part focuses in the design and development of robust frameworks

for rPPG waveform extraction. Overall the dissertation centers around the estimation of significant

cardiac parameters for cardiac health assessment. The rest of this chapter is organized as follows.

The first section 1.1 provides an overview of SCG including the recording procedure, morphological

characteristics of the SCG waveform and its physiological aspects alongside with ECG and PPG. It

also covers the literature surveys on SCGs potential applications. Section 1.2 presents the rPPG

technology, its physiological aspects, and the challenges in rPPG waveform extraction. Also, it presents

progressive state-of-the-art works on rPPG frameworks for rPPG waveform extraction followed by

clinical applications. Section 1.3 presents the motivation and the work-plan of the thesis. Finally, the

organization of the thesis is presented via graphical-abstract in Section 1.4.

2
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1.1 Seismocardiography

1.1 Seismocardiography

This section delves into the evolution of seismocardiography (SCG) technology, starting from its ori-

gin and exploring its numerous clinical possibilities. It encompasses the genesis, recording process,

and characteristics of SCG waveform. Additionally, it outlines the correlation between SCG’s fidu-

cial points and cardiac mechanical events. Subsequently, the challenging factors confronting SCG

technology, alongside a comprehensive literature review highlighting its progress are addressed.

1.1.1 Seismocardiographic Waveform

Seismocardiography is a non-invasive method to record the chest-wall vibrational data caused due to

change in volume, pressure, and shape of the heart during different stages of a cardiac cycle [14]. The

SCG waveform generated from the chest-wall vibration can be acquired by placing a micro-electro-

mechanical system (MEMS)-based tri-axial accelerometer sensor on the precordial area of the chest,

generally at the lower end of the sternum on the xiphoid process [15]. A tri-axial accelerometer

captures the SCG events in three orthogonal axes (x, y, and z), where x, y, and z represents the lateral

[left-right], longitudinal [foot-head], and sagittal [dorso-ventral] components, respectively. Among all

the axes, the z-component is mostly considered for the studies due to its significant variations with

heart events as compared to the other two components. The sensor is able to capture the mechanical

activities of both systolic and diastolic phases of heart with important fiducial points, such as opening

and closing of valves, isovolumetric moment, isotonic contraction, rapid blood filling and its ejection.

All these events are reflected as peaks and troughs on an SCG cycle, which are called fiducial or

feature points. Fig 1.1 shows the placement of a SCG sensor and a cycle of SCG waveform with its

corresponding fiducial points.

Sensor placement:

 Sternum (xiphoid process)

MC: Mitral valve closure
IM: Isovolumic moment
AO: Aortic valve opening
IC: Isotonic contraction
RE: Rapid ejection
AC: Aortic valve closure
MO: Mitral valve opening
RF: Rapid filling
LVET: Left ventricular ejection time

IVCT: Isovolumetric contraction time

IVRT: Isovolumetric relaxation time


Systolic profile Diastolic profile

(a) (b)

Figure 1.1: (a) Sensor placement for SCG acquisition and (b) SCG cycle with its fiducial points and time-
intervals.

3
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The SCG signal has a frequency range from 0.5 to 40 Hz, but its maximum energy lies in the

infrasonic range (≤30 Hz) [16]. The typical peak to peak amplitude range of SCG ranges from 5–

10 mg (milli-gravity, g = 9.81 m/s2) [17], however in the presence of motion artifacts it extends

up to 20–50 mg. The annotation of the SCG fiducial points is yet to be standardized, and it is

being annotated through mapping with other cardiac signals, such as echocardiogram, ECG, heart

sound, and arterial blood pressure [18]. The fiducial points and the time intervals between them

can be used for clinical applications. It captures many mechanical events that can be used to derive

important cardiac intervals, such as pre-ejection period (PEP), left ventricular ejection time (LVET),

isovolumetric contraction time (IVCT), and isovolumetric relaxation time (IVRT). Thus, annotation

of SCG is a primary task before deploying it for clinical usage.

1.1.2 Physiological Aspects of SCG

The heart is an electromechanical pump constituting two different pumps separated by a septum. Each

of these pumps are further subdivided into lower and upper chambers, called atrium and ventricle.

These chambers are partitioned by atrio-ventricular and semi-lunar valves, as shown in Figure 1.2.

The heart involves four primary phases: 1) isovolumetric relaxation, 2) inflow, 3) isovolumetric con-
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Figure 1.2: Human heart anatomy

traction, and 4) ejection. These stages involve mechanical events like valve opening and closing, rapid

filling, and rapid ejection of blood from the ventricles. The SCG waveform effectively depicts these

mechanical phenomena of the heart. Figure 1.3 shows the SCG waveform along with the simultane-

4

Abstract-TH-3588_186102009



1.1 Seismocardiography

PPG
Amp

ECG
Amp

SCG
Amp

ABP
Amp

Figure 1.3: Simultaneously recorded ECG, SCG, PPG, and ABP waveforms. MC: Mitral valve closure,
IM: Isovolumic moment, AO: Aortic valve opening, IC: Isotonic contraction, RE: Rapid ejection, AC: Aortic
valve closure, MO: Mitral valve opening, RF: Rapid filling, PEP: Pre-ejection period, LVET: Left ventricular
ejection time, IVCT: Isovolumetric contraction time, IVRT: Isovolumetric relaxation time, PTT: Pulse transit
time.

ously recorded ECG, PPG, and ABP waveforms. A cardiac cycle in each cardiac waveforms consists

of two phases, systole and diastole. The MC notch in the SCG is resulted due to mitral valve clo-

sure after complete ejection of blood from left atrium to left ventricle. At this point, the major left

ventricular depolarization through Purkinje fibers takes place, and in a standard ECG, the R-wave is

seen. The ventricular depolarization makes the ventricles contract leading sharp inward wall motion,

and decrease acceleration waves. At this moment, aortic valve is not opened. The ventricle works as

a closed chamber. The volume remains the same, the pressure increases rapidly due to rapid contrac-

tion. This phase is known as isovolumetric contraction and it cause the generation of the IM valley

point. This process is also reflected as S-wave in ECG which indicates complete depolarization of

ventricles. The period until the opening of aortic valve from the depolarization of the left ventricle is

known as pre-ejection period (PEP). When the ventricular pressure reaches to the aortic pressure, the

apex moves inward, and the walls are swelled, which increases the overall acceleration and opens the

aortic valve. This is indicated by AO peak point. The opening of aortic valve decreases and stops the

acceleration of inward wall motion, which is mapped with the IC valley point. Then, the ventricular

pressure rises and blood is rapidly ejected out from the left ventricle to aorta, which gives the RE

peak point. In ECG, this condition is traced as an isoelectric line and followed by onset of T-wave

5
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caused due to ventricular repolarization. The opening of AO peak also reflects the beginning of blood

flow as a onset point in PPG. Also, the similar behaviour is observed in the pressure waveform, where

the pressure gradually increases with respect to aortic blood pressure. Till the opening of aortic valve,

blood is circulated through out the body and it creates systolic peaks in PPG and pressure wave.

Once the aortic valve is closed, the AC point is generated. Also, the ventricular repolarization stops

that corresponds to the offset of T-wave in ECG. At this point, the volume and pressure of peripheral

blood starts reducing as reflected in PPG and ABP waveform. The closing of AC point in SCG and

offset of T-wave in ECG reflects the end of systolic phase. After this phase, the blood enters into

the atrium and the atrial pressure increases leading to rise in the acceleration. Once the mitral valve

opens, the atrium volume decreases and creates MO valley point. Consecutively, the blood flows into

the ventricles, and the heart walls move outward with increased acceleration. This action generates

the RF peak point. The time duration of rapid filling is traced by an isoelectric line. Within this time

period, the whole blood is circulated to the peripheral sites and at the end the volume and pressure

decreases, as depicted by the foot of PPG and ABP waveforms. This phenomenon ends the diastole

phase and this way, an SCG cycle is generated [15].

1.1.3 Challenging factors in SCG domain

The high sensitivity of accelerometeric sensor towards unwanted noises degrades the quality of the

recorded SCG signals, and creates difficulty in the interpretation of SCG fiducial points. The morpho-

logical structure of SCG is directly affected by large vibration, inhale and exhale phases of respiration,

lung volume variations, and motion artifacts [14, 18, 20]. In addition, SCG gets easily distorted by

many other factors, such as inter-subject variabilities (age, gender, body mass index), body postures

(sitting, standing, supine, walking), sensor displacement from the measurement site, heart rhythm,

cardiac contractility, valvular function, and blood vessels stiffness [21,22].

In addition to unwanted effects causing morphological issues, there are some other difficulties asso-

ciated with SCG signal. The first and foremost is the requirement of universal standardization for the

annotated fiducial points and their corresponding clinical significances [14,20]. Further, the frequency

range of SCG needs standardization. Some studies have suggested that SCG lies in the infrasonic

range i.e., (≤25 Hz) [23], while others have specified that SCG contains some higher frequency compo-

nents up to 1000 Hz [24]. Next, is the optimal selection of the measurement axis among all the three

axes recorded using the accelerometer. Mostly, the axis corresponding to the dorso-ventral direction

6
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is considered for the studies. However, further investigations are needed to study the usefulness of

other two axes.

1.1.4 Advancement of SCG and its applications - A Review

The word seismocardiography was derived by combining the seismology technology with chest wall

vibrations generated from cardiac activities. It was termed by Russian researchers R. Baevski and

Bozhenko in the early 1960s [25], [26]. Bozhenko and his team had used a magnetic-spring oscillator as

an accelerometer to study the chest vibration signals and analyzed them with the concurrent ECG. In

contrast, Baevski’s group measured SCG by using the procedure followed by seismologists to measure

underground vibrations caused by earthquakes. Initially, the SCG signal was used in the Russian

aerospace-program for astronauts health monitoring [18]. Later, SCG was considered as a research

work and several experiments were performed in the International Space Station (ISS) [27]. After

2 decades i.e. around 1991, the clinical utility of SCG was first introduced by Salerno and Zanetti,

and later it was commercialized by SeisMed Instruments company in USA [28]. Successively, during

1991 to 1994, various studies were conducted clinically by integrating SCG with other cardiac sensing

modalities, such as ECG, ECHO, and MRI imaging to provide a more comprehensive assessment of

cardiac function [18,19,29–31]. Also, the combined information from multiple sources was used to de-

velop waveform nomenclature for cardiovascular dynamics and for improving the diagnostic accuracy.

However, due to bulky and heavy sensing device, the SCG technology didn’t get much popularity in

the early 1990s. Later, with the advancement in technology, small-sized, cost effective, noise resistive,

and highly sensitive MEMS accelerometers were developed and SCG signal was reinvestigated with

better accuracy. Few portable, wearable, and wireless SCG sensors were also developed to facilitate

continuous and ambulatory monitoring. In 2007, Castiglioni et al. introduced a wearable device by in-

tegrating an external triaxial MEMS accelerometer with their previously designed textile-based MagIC

smart shirt for long-term monitoring. The MagIC was designed in 2005 to monitor ECG along with

respiratory movements [32]. In their follow-up work they presented a modified version of this system,

named MagIC-SCG in which a smart vest is designed by integrating the accelerometer into electronics

with the textile electrodes and the piezoresistive plethysmograph [33], [34], [35]. In 2017, Andrew et

al. developed a SeismoWatch that involved an accelerometer and an optical sensor to monitor cuffless

blood pressure [36]. The sensors embedded in the watch acquires both SCG and PPG waveforms to

obtain the proximal and distal points for pulse transit time (PTT) measurement. Successively, the
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measured PTT is modelled to estimate BP. In contrast to wearable SCG sensors based on either rigid

accelerometers or non-stretchable piezoelectric membranes, Taewoo et al. introduced an ultra-thin

and stretchable electronic tattoo (e-tattoo) based sensor to simultaneously record ECG and SCG sig-

nals [37]. In their work, a soft SCG sensor and a pair of soft gold electrodes were integrated on a single

e-tattoo platform that was named as soft electro-mechano-acoustic cardiovascular (EMAC) sensing

tattoo. This tattoo was investigated to extract various cardiac time intervals including systolic time

interval (STI). In 2020, a wearable SeisMote system was presented that consists of multiple wireless

sensor nodes to simultaneously record ECG, PPG, acceleration, and rotational velocity from different

body areas [38]. The developed system was used to study the propoagtion of precordial vibrations

along the thorax and to investigate strategies of hemodynamic regulation in different vascular sites.

In another research, Shandhi et al. made a small wearable patch that simultaneously records the

ECG and triaxial SCG signals [39]. The data was recorded during right heart catheterization (RHC)

procedure and it was used to estimate the changes in pulmonary artery mean pressure (PAM) and

pulmonary capillary wedge pressure (PCWP). In 2023, a non-contact, wearable synchronous ECG and

SCG measuring system was developed. The effectiveness of the system was shown by recording the

data through multi-layer cloth [40]. Here signals were recorded from multiple sites and the bottom

of the sternum was found to be the optimal measurement point. In the same year, another multi-

node wireless wearable system named SeismoNet was designed to record concurrent ECG and SCG

signals from multiple locations of the human body for enhanced physiological sensing [41]. This study

showed that the combined recordings from multiple nodes improves the accuracy of heart rate (HR)

and breathing rate (BR) estimation.

SCG sensing technologies

Over the time, there have been an extensive growth in the SCG sensing technologies that contributed

in the quality improvement of recorded SCG signals. Different SCG sensing mechanisms used in the

recent studies are as follows [22]:

� Uniaxial/triaxial piezoelectric accelerometers [42–50],

� Uniaxial/triaxial MEMS accelerometers [11,21,51–55],

� 3-D axial gyroscopes [56–59],

� Smartphone accelerometers and gyroscopes [60–62],

� Laser Doppler vibrometers [63],
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1.1 Seismocardiography

� Microwave Doppler radars [64–66],

� Airborne ultrasound surface motion camera (AUSMC) [67]

Based on the type of sensors employed, SCG signals may contain axial and rotational components.

For instance, employing a uniaxial accelerometer allows measurement of the dorso-ventral SCG com-

ponent. Conversely, the utilization of both a triaxial accelerometer and a triaxial gyroscope enables

the extraction of heart-induced motion information in axial and rotational directions. Usually, SCG

sensors are affixed to the sternum or its left-side lower border. However, in many methods alternative

chest locations have been employed for recording SCG signals, such as the left clavicle, over the heart

apex, and the upper right sternal border [22].

The application of adhesive electrodes or sensors for recording ECG or SCG signals faces limita-

tions in certain scenarios, such as in highly infectious patients, burn victims, and premature infants.

Consequently, there is ongoing research into the development of contactless and efficient SCG acqui-

sition schemes. The utilization of these techniques has the potential to reduce skin coupling artifacts

commonly observed in SCG signals recorded using contact sensors on the body. Contactless meth-

ods include technologies like laser Doppler vibrometry (LDV), microwave Doppler radar (MDR), and

airborne ultrasound imaging [22].

LDV method measures the chest vibration velocity by comparing the frequency shift between

the outgoing and reflected laser beams [63]. To precisely measure SCG using LDV, the laser beam

must be incident perpendicular to chest surface, the chest surface must be reasonably reflective, and

chest movement resulting from respiration needs to be considered. These criteria can be addressed by

creating an algorithm that can automatically guide the beam to track a specific measurement point on

the surface of the chest. MDR is another non-contact method for SCG measurements [64–66]. When

acquiring the SCG signal with microwave Doppler radars, the SCG will manifest as phase variations

in the microwave signal. Subsequently, SCG signals can be extracted from this phase fluctuation.

However, the quality of the extracted SCG signals may degrade due to background microwave signals

reflection, commonly called as radar clutter. In addition to LDV and MDR, ultrasound imaging

was also investigated to capture 2D SCG maps of the body surface [67]. In comparison to other

non-contact methods, this technology is highly reliable as it enables the collection of SCG data from

various locations through distinct channels. However, it necessitates a planar measurement surface

that is parallel to the emission panel [67]. Also, it’s worth noting that these non-contact approaches
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have limitations over their sensor cost and size.

Piezoelectric and MEMS-based sensors are more compact and lightweighted compared to contact-

less sensors. Thus, these types of sensors can be applied in clinical settings for the ongoing and routine

monitoring of subjects. All this advanced SCG sensing technologies had opened new possibilities and

offered the advantage of capturing data during physical activities and sleep, providing deep insight

into cardiac performance in a wider range of conditions.

Processing of SCG signal

Apart from SCG sensing techniques, there has been an extensive growth in signal processing tools

for enhancing the quality of SCG waveforms. Usually, SCG is contaminated with noises from diverse

sources, such as friction noise, motion artifacts, sensor mechano-electronics, and environmental vi-

brations [22, 68]. The presence of these noises can pose challenges in signal interpretation, resulting

in inaccurate feature extraction. Hence, the preprocessing of SCG signals is regarded as a crucial

research objective. The preprocessing of SCG involves noise removal, segmentation and fiducial points

extraction. This section provides an overview of studies focused on the denoising and annotation of

SCG signals.

Signal denoising methods

Researchers have investigated multiple sensing approaches and signal processing tools to eliminate

the unwanted effects from SCG waveforms. In [69], a dual-sensor approach was employed to acquire

the SCG signals from posterior and anterior chest-surface. Subsequently, the motion artifact from

the signals was eliminated by utilizing a normalized least mean square (NLMS) filter. The results

indicated that using multiple sensors offers better resistance against motion noise compared to a single

sensor. However, employing multiple sensors raises the overall complexity of the system. In contrast to

sensor-based denoising schemes, most of the research groups had applied signal processing methods to

eliminate a wide-range of noises. Unwanted effects caused due baseline wandering, respiratory artifacts,

body vibrations, and white Gaussian noise were compensated by using conventional band-pass filter

[42,48,50,58,59,70–72], Kalman filter [73], fuzzy neural network [74], NLMS based adaptive filter [75],

empirical mode decomposition (EMD) [76], ensemble empirical mode decomposition (EEMD) [77],

median filter, Savitzky-Golay filter [17], and autoencoders [78]. The information of these noise removal

methods is summarized in Table 1.1.
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Table 1.1: Noise removal techniques used for SCG denoising.

Reference Method Suppressed noises

[11,42,44,45,48–50,58,
59,70–72,76,79–87]

Low-pass, High-pass, Band-pass,
Notch filtering

Baseline drift, respiration and
body-movement artifact

[33,88] Adaptive filtering Motion artifact

[89,90] Averaging theory Motion artifact

[64] Comb filtering Breathing noise from radar
signal

[76,77,88,91] Empirical mode decomposition,
Hybridized variational mode de-
composition

Baseline drift, respiration and
body movement artifact

[92] Ensemble empirical mode de-
composition (EEMD)

Vehicle-vibration artifacts

[93] Independent component analysis Motion artifact

[90,94] Median filtering –

[88] Morphological filtering –

[17] Polynomial smoothing Motion artifact

[17,55,90] Savitzky-Golay filtering Motion artifact

[88,95] Wavelet denoising Segmentation of HSs and SCG

[77] Wiener filtering –

[73] Two-stage Kalman filtering SCG artifacts

[78] Autoencoders White Gaussian noise

Annotation methods of SCG fiducial points

The fiducial points of SCG corresponds to different mechanical activities of the heart. Their annotation

is clinically significant for pathological interpretations and cardiac health assessment. The attributes of

fiducial points, such as amplitude, frequency, and temporal instants are useful for clinical applications

including hemodynamic parameter estimation, HRV analysis, detection and identification of cardiac

anomalies [96]. However, detecting these fiducial points becomes challenging in the presence of noises.

Hence, annotation is considered as an another step in the processing of SCG signals. The techniques

used for SCG annotation are well reported in [14, 18, 20, 97]. Most of the existing annotation works

are based on the time-domain or the frequency-domain approaches. There are several methods that
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are being focused to detect only the aortic valve opening (AO) point, as it is prominent in an SCG

cycle. The annotation of the AO peak is studied extensively in [16, 42, 71, 92, 98–105]. The majority

of these studies identifies cardiac events in an SCG signal by utilizing the ECG signal as a reference

[42,71,92,99,103]. In contrast to ECG assistance, [104] employed PPG signal as reference to estimate

systole and diastole phases, such as isovolumic moment (IM), AO, isotonic contraction (IC), aortic

valve closure (AC), post-AC (pAC), and mitral valve opening (MO) points. Also, few other studies

proposed algorithms to detect multiple fiducial points including IM, AO, and IC [16, 98]. In few

studies, SCG signals are annotated using gyroscopic recordings of the chest wall [58, 59].

Apart from relying on other cardiac signals for SCG annotation, a few researchers have developed

standalone algorithms for delineating SCG [101,102,105,106]. In [106], multiple envelopes were derived

to estimate IM, AO, and AC fiducial points. The envelopes: heart rate (HR), AO, and AC were

extracted using high pass filtering, absolute signal construction, and triple integration with optimal

parameters, such as window size and percentage of casualty index. Subsequently, peaks of each

envelope is detected that are named as PHRE, PAOE, and PACE corresponding to the envelopes HR,

AO, and AC, respectively. Finally, the locations of IM, AO, and AC peaks are determined within a 30

ms time-window from the locations of detected envelope peaks PHRE, PAOE, and PACE. This study

has shown the feasibility of standalone framework for fiducial point localization. However, constructing

an envelope for SCG signals with severe inter- and intra-beat variabilities is deemed inappropriate.

Identifying the optimal peak of an envelope is also challenging. Moreover, the window size is chosen

empirically for the integration task. In [101], Tilendra et al. proposed an automated method for AO

instants detection using multiscale wavelet decomposition (MWD). The steps involved in the detection

of AO peak instants are as follows:

� SCG signal is decomposed into nine different subbands using biorthogonal-3.9 mother wavelet,

� The probable AO peaks rich subbands are selected by a newly proposed dominant multiscale

kurtosis (DMK) and dominant multiscale central frequency (DMCF)-based criterion,

� SCG is reconstructed from the selected subbands,

� AO peaks in the reconstructed SCG are enhanced with weights, which are based on relative

squared dominant multiscale kurtosis (RSDMK),

� Systole envelope is constructed using Shannon energy (SE) and autocorrelation coefficients,
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� AO peaks are detected by a Gaussian-derivative-filtering-based logic.

The method has been tested on combined measurement of ECG, breathing and seismocardiogram

(CEBS) database. The method achieved overall detection rates as an average (sensitivity = 94.3%,

prediction rate = 90.19%, accuracy = 85.16%). Although the method achieves good sensitivity and

prediction rate, its accuracy was poor due to the presence of various artifacts that adversely affect the

quality of the signal. In their follow-up work, a data-adaptive time-frequency distribution technique

was presented to effectively resolve and analyze the SCG signal in the presence of noises [102]. They

employed variational mode decomposition (VMD) technique to suppress baseline drift from the signal,

and extracted significant modes to detect the AO peak instants. They modified the traditional VMD

method to yield the optimal parameter combination, including mode bandwidth constraint (α) and

the number of mode (K), which were manually selected in the original VMD. The systolic profiles

of the extracted modes were enhanced in the derived Gaussian derivative filtered modes (GDFM).

Subsequently, GDFMs with rich AO peaks were selected based on relative GDFM energy (RGE)

to reconstruct the signal. The AO peaks were approximated by envelope construction technique and

Hilbert transform-based peak detection logic. Finally, the assistance of a cardiac cycle envelope (CCE)

facilitated the identification of valid AO peaks. In 2022, a new time-varying decomposition method

based on the Hilbert Vibration Decomposition (HVD) was presented to estimate the HR envelope

from SCG [105]. The method consists of the following steps: SCG components decomposition using

the HVD algorithm, HR envelope extraction, peak detection on the extracted envelope, and interbeat

intervals calculation from the detected envelope peaks. A block diagram, depicted in Figure 1.4,

illustrates the algorithm of the method. The method has been tested and validated on CEBS database
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Figure 1.4: Block diagram representation of a previous annotation method, where AO peaks are detected
using HVD and envelope construction scheme.
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and its been compared with two other decomposition techniques, such as EMD and VMD. The cardiac

intervals obtained from the SCG were compared with those derived from the concurrent ECG signals.

The utility of the cardiac intervals was shown by estimating the HRV parameters in both time-

domain (SDNN, SDSD, RMSSD, pNN50, meanHR) and frequency domain (LF/HF). Notably, the

HVD method exhibited superior performance in estimating HRV parameters compared to the other

two techniques.

In [42], an automatic delineation algorithm was proposed to detect IM, AO, and AC points for

cardiac time intervals estimation. The algorithm was developed in a manner, where it can detect

fiducial points of SCG with or without using the ECG as the reference signal. In the standalone

approach, the points were detected from heart rate envelope that was calculated with the help of

moving average filtering. Further, they employed machine learning-based approach to precisely esti-

mate the fiducial points. The algorithm was designed to robustly eliminate the low-quality cardiac

cycles using probabilistic measure. Thakkar et al. presented automatic and fast annotation scheme

using binary classifiers, such as Naive Bayes (NB), Logistic Regression (LR), and Support Vector

Machine (SVM) [107]. The annotation framework was divided into three phases (i) preprocessing,

(ii) training, and (iii) testing. For training, three features were employed, namely amplitude, time of

appearance, and count. Preprocessing was conducted before testing phase to identify the candidate

peaks. The preprocessing was done to reduce the search area by dividing each SCG cycle into three

distinct zones. The peaks were detected using the maxima and minima of zones. The classifiers were

finally trained to select the desired peaks by filtering out the unwanted peaks. The method was eval-

uated using 9000 SCG cardiac cycles of 20 healthy subjects. Metrics such as, precision, recall, and

F-measure are evaluated followed by 5-fold cross-validation to validate the model. The method was

compared with state-of-the-art schemes that demonstrates its superior performance. Several machine

learning methods have been used in SCG studies for purposes beyond annotation, including SCG

classification of different phases of respiratory cycle [108–111], classification of low risk and normal

patients [62,112,113], and identification of artifacts [114].

In brief, the above SCG algorithms can be categorized in three different categories: SCG delineation

frameworks with reference to other cardiac modalities [16,42,58,59,71,92,98,99,103,104], standalone

temporal envelope construction [101,102,105,106], and machine learning approaches [42,62,107–114].
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Applications of SCG

The annotated fiducial points of SCG can be utilized to assess various cardiovascular parameters,

including HRV analysis, estimation of hemodynamic parameters, and the diagnosis of cardiovascular

diseases [97]. Many research work has demonstrated the application of SCG for monitoring HR and

BR [21,22], left-ventricular functions [115,116], valvular activities, blood flow in coronary artery during

angioplasty [29,115,116], and ventricular filling and ejection during ischemia [115]. The clinical utility

of the SCG signal reported in the literature, are outlined as follows:

� Heart rate and heart rate variability estimation:

Tadi et al. presented a Hilbert adaptive beat identification technique for heartbeat timings and

inter-beat time intervals measurement from healthy volunteers in supine, left and right recum-

bent positions [21]. In [117], a hidden Markov model approach was employed for SCG signals

processing that was followed by the expectation-maximization algorithm to learn the charac-

teristic points. Subsequently, Viterbi sequence of the signal obtained using Viterbi algorithm

was used to estimate instantaneous HR, HRV indices, and cardiac time intervals. Siecinski et al.

studied the influence of the heartbeat detector on the SCG signals by comparing the HRV indices

measured from SCG and ECG signals of CEBS database [118]. In [119], SCG signals recorded

in supine, 45 degree heads-up, and sitting postures were used to estimate HR during low- and

high-lung volume phases. Respiratory flow rate was used to extract lung volume information,

which was then employed to measure HR during the high and low phases of lung volume.

Recently, a automated procedure based on unsupervised learning was presented for HR and HRV

monitoring [120]. Initially, the process started with self-calibration solely relying on the SCG

signals to extract suitable heart template for each subject. Subsequently, beat detection and

timing annotation were performed to estimate HR and HRV indices. In [121], a comparison was

investigated between the time domain, frequency domain , and nonlinear HRV indices measured

from ECG, SCG, and gyrocardiogram (GCG) signals. The signals were recorded from 29 healthy

male volunteers and 30 patients with valvular heart diseases. The cardiac intervals for HR and

HRV were measured in three steps: (i) R-peaks on ECG were detected using Pan–Tompkins

algorithm, (ii) detection of local maxima in the SCG and GCG signals within 100 ms window from

the occurrence of R-peak, (iii) computation of intervals between each heartbeat for each signal.
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� Extraction of cardiac time intervals:

In the existing literature, various methods demonstrated the utility of SCG for the estimation

of cardiac time intervals (CTIs), including PEP, LVET, systolic time, and diastolic time [42,50,

117,122–125]. The timing information of cardiac activities and phases provides valuable insight

into various cardiovascular functioning, and opens a broad range of applications for cardiac

disease diagnosis and cardiac health assessment. Dehkordi et al. presented a comparative study

to assess the accuracies of estimated CTIs based on SCG, PCG, and impedance cardiography

(ICG) in relation to multimodal echocardiography technique [122]. The results showed that,

compared to ECHO, the accuracies of estimated PEP were 86%, 43%, and 43%, for SCG, PCG,

and ICG, respectively. The study concluded that SCG performs superior in comparison to

the other techniques in the estimation of systolic time intervals. In [50], a regression model

was employed to accurately measure the PEP using SCG. Multiple SCG sensors were placed

at different measurement sites to extract the set of timing features. The extracted features

were averaged and used along with their corresponding PEP to train the model. Then, the

trained model was used to measure PEP. Another regression model for PEP estimation was

introduced by Shandhi et al. [123]. Here, the model was trained using the data of accelerometer-

based and gyroscope-based SCG signals. The combination of both accelerometer and gyroscope

was observed to yield a more accurate estimation of PEP. In [124], patients suffering from

myocardial infarction were considered for CTI. Several systolic, diastolic, and global parameters

(myocardial performance index, blood pressure, HR) were estimated during an exercise tolerance

test involving ECG. Tavakolian et al. presented a SCG-based method to predict the diastolic

time [126]. They extracted AC and MC fiducial points and used ECG Q-wave as a reference to

measure the timing information. The average duration of timing intervals spanning 15 cardiac

cycles from Q to AC and Q to MC were employed to approximate the onset and end of the

diastole phase, respectively.

� Investigating cardiac-diseases using SCG:

The delineation of SCG has also been investigated to diagnose various cardiac diseases, such as

valvular defects, atrial fibrillation, atrial flutter, hypertension, myocardial ischemia, and coronary

artery diseases [22]. An overview of existing SCG applications associated with cardiac diseases

diagnosis are presented in Table 1.2. The table clearly depicts that SCG’s fiducial points along
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Table 1.2: Details of SCG fiducial points used for cardiac disease diagnosis.

Reference Extracted fiducial points Cardiac disease diagnosis

[96] MC, AO, AC, MO Valvular disease
[52,54,127,128] AO-AO interval Atrial fibrillation

[70] MC, AO, AC, MO Atrial flutter
[84] PEP, LVET Hypertension

[29,30,115] AO and RF amplitudes Myocardial ischemia
[49,50] PEP, Normalized-SCG Heart failure
[129] LVET interval Haemorrhage
[129] AC, MC Myocardial infarction

with timing intervals covers a wide range of applications for assessing cardiac health.

� Extracting respiratory patterns using SCG:

The morphology of an SCG waveform is influenced by various respiratory conditions. Therefore,

SCG can serve not only to measure cardiac health but also for assessing lung condition [22]. In

existing studies, few works have utilized SCG or ECG to detect respiratory inhale and exhale

phases, breathing rate sequence, and sleep apnea [46,108,130–132].

Pandia et al. devised an approach to investigate the cardiac vibrations for the recognition of

cardiopulmonary health [130]. The frequency domain analysis of the SCG signal was used to

study the impact of respiration, which prove more effective than time-domain analysis. In [108],

SVM was used to identify the breathing phases by incorporating the average value of 512 data

points from each systolic-profiles as a feature. In their follow-up work, they segmented SCG

beats into blocks of equal size in both temporal and spectral domains, and used their average

values as features [46]. Subsequently, optimal features group with higher identification rate was

selected using SVM. Alamdari et al. computed lower and upper envelopes of the SCG signals

to yield two accelerometer-derived respiration (ADR) signals [131]. For each volunteer, the

piecewise total harmonic distortion (THD) metric was employed to determine the best ADR

among the lower and upper envelopes for detecting respiratory phases. The results confirmed

that the suggested ADR technique can accurately detect respiratory phases of heartbeats with

an accuracy above 75%. In [132], a preliminary work was presented where the morphological

structure of SCG was studied under the influence of respiratory phases, such as normal and

stopped breathing. The interbeat variability of the SCG signal was estimated and employed to
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demonstrate morphological differences at various breathing levels. The features such as kurtosis

(K), energy of diastolic region (DE), amplitude of IM or IC instant (IA) were also explored in

the work to classify the breathing levels. The combination of these three features showed robust

performance in classification of the breathing levels.

Thus, the information captured by SCG has been explored for numerous clinical applications including

cardiac health monitoring and diagnosis of heart anomalies. Despite its advantages and wide range

of applications, it still has some limitations. SCG waveforms are usually corrupted from various

environmental interferences. Among all the noises, SCG is mostly vulnerable to motion artifacts and

its elimination is a challenging task. Since SCG gets easily affected by motion artifacts, its utility may

get limited for the states other than the resting condition. Also, many factors affects the morphology

of the waveforms, such as sensor positioning, heart displacements, body postures, gender, and age.

The feature points are yet to be standardized and needs universal acceptance before deploying it into

medical field. Furthermore, acquiring SCG needs direct contact of the sensor to the body. The signal

recording process may cause discomfort and limit the movement of the user. Also, placement of the

sensor for female subject may be a bit challenging.

Looking into the limitations of the SCG, the research direction is diverged to a more advance technology

for cardiac parameters estimation. The objective of this thesis is to consider all the ergonomic aspects

while estimating the vitals for health monitoring in clinical and non-clinical settings. To overcome

the problems of SCG, a non-contact camera based method is studied and investigated for cardiac

parameter measurements. The non-contact functionality of the camera will play a significant role by

providing comfort during continuous health monitoring. In addition, the camera sensors are widely

available and easily accessible by any individual. Thus, the second part of the thesis is documented

on this technology which is named as remote photoplethysmography (rPPG). The rPPG technology

is explained in details in the follow-up Section 1.2.

1.2 Remote Photoplethysmography

Remote photoplethysmography (rPPG) is an emerging technology in computer vision that facilitates

non-contact monitoring of cardiac health using widely available cameras. Over the past two decades,

this domain has grown rapidly, with an exponential increase in research undertaken along with tech-

nology. This technology has a vast potential in the future of digital healthcare due to its low cost, ease
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of use and convenience. Hence, we explored this technology for the estimation of cardiac parameters

for both clinical and non-clinical environments. This section provides a summary of the rPPG tech-

nology, covering its foundation, state-of-the-art computational methods, and subsequently challenges

and applications associated with the method.

1.2.1 rPPG Signal

The characteristics of rPPG signals is identical to the conventional PPG signals. The sole difference lies

in the recording process of the signals: one is obtained using contact sensors, while the other is recorded

without any contact using imaging devices such as professional, mobile, or web cameras. Therefore,

the signal recorded by the camera is termed remote PPG, signifying the generation of the PPG signal

from a remote location. The PPG signal is one of the cardiac waveforms that captures the activities of

cardiovascular system, reflecting variations in blood flow volume in the microvascular bed beneath the

skin [133]. The waveform is generated based on optical properties, such as absorption, scattering, and

transmission properties of measurement sites under a specific wavelength of light. The PPG signal

is composed of a pulsatile (alternating current (AC)) component and a non-pulsatile (direct current

(DC)) component. The pulsatile component reflects cardiac synchronous variations in the blood

volume with each heartbeat. It can be used to detect ventricular fibrillation and ventricular tachycardia

[134]. The non-pulsatile component is a much larger slowly varying quasi-static baseline that is affected

by biological characteristics, including tissue composition, basic blood volume of the measurement

site, and external factors such as measurement device specifications and ambient light. It carries

valuable information about respiration, thermoregulation, sympathetic nervous system activities, and

venous flow [134]. Fig 1.5 shows the principle of PPG signal generation and temporal characteristics

of the waveform. Here, the PPG signal is derived by inverting the recorded light intensity from a

photodetector after the transmission or reflection of light through human tissue.

The frequency range of the pulsatile DC and AC components of PPG ranges from [0.15-0.5 Hz] and

[0.5-5 Hz], respectively [134]. Similar to other cardiac waveforms, PPG also reflects both systolic and

diastolic phases of a cardiac cycle as shown in Figure 1.5. Various features of PPG are derived using the

contour of the waveform, such as systolic amplitude, pulse width, pulse area, pulse-to-pulse interval and

many more. All these features are applied in clinical applications for real-time monitoring of various

physiological parameters, including HR, BP, cardiac output, breathing rate, and oxygen saturation.

In addition, the PPG is utilized for the assessment of vascular (arterial diseases, stiffness, and ageing)
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Figure 1.5: Principle of PPG generation and temporal characteristics.

and autonomic function (HRV/pulse rate variability (PRV)) [135]. Figure 1.6 displays the features

extracted directly from PPG signal and its derivatives. The definition and clinical significance of these

features are listed in Table 1.3. Since rPPG replicates the PPG waveform, all the characteristics of

PPG can be mapped to rPPG. Consequently, the applications of PPG can be explored remotely using

the rPPG waveform.

Acquisition of rPPG signals

The working of rPPG is based on the optical principle of the conventional PPG system that relies

on the absorption spectrum of haemoglobin and other tissue components [135]. The system usually

involves a light source (red, green, or IR light) and a photodetector to function. The measurement

site is illuminated by a dedicated light source, and the photodetector senses the small variations in the

reflected or transmitted light intensity due to the change in blood volume. The magnitude of the light

intensity is directly proportional to the amount of blood present at the peripheral site. Thus, the PPG

technology is able to acquire a pulsatile waveform that reflects synchronous blood volume variation

during systolic and diastolic phases of each heartbeat. In contrast to PPG, rPPG does not require a

dedicated light source, and it is operational under ambient lighting conditions using the readily avai-
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Table 1.3: Summary of existing photoplethysmogram (PPG) features and their clinical applications

Reference Feature type Feature Feature description Clinical use

[136]

Basic

Systolic amplitude Maximum amplitude of the systolic phase

Pulsatile component of blood volume

[137] Stroke volume

[138] Local vasodilatation

[139] Pulse width
Time interval between the x% of the maximum systolic
amplitude Systemic vascular resistance

[140]

Pulse Area

The total area of the PPG in a pulsation Surgical skin incision

[141]
The area of the systolic section, or the area of the dias-
tolic section, divided based on the dicrotic notch Total peripheral resistance

[142,143]
Pulse-to-pulse

The time interval between the maximum systolic ampli-
tudes of two adjacent pulsations Cardiac cycle

[144]
interval The time interval between the pulse onsets of two adja-

cent pulsations Heart (or Pulse) rate variability

[145,146]

Combined

Perfusion index
The ratio of the amplitude of the pulsatile component to
the non-pulsatile component Peripheral perfusion

[147]
Large artery stiff-
ness index

Ratio of subject’s height and the time interval between
the systolic and diastolic peak Arterial stiffness

[148]
PPG augmentation

The ratio of the systolic peak amplitude to the diastolic
peak amplitude of a PPG

Arterial stiffness
index

The ratio of the difference between the systolic peak am-
plitude and diastolic peak amplitude to the diastolic peak
amplitude of a PPG

[149] Pulse transit time
Time difference between the specific features of PPGs
measured at two different body sites Cuffless blood pressure

[150]

1st derivative

Crest time
Time interval between the pulse onset and the first zero-
crossing of the derivative

Longer in vascular disease or hypertension
patients

[151]
∆T

Time difference between the first and the second zero-
crossing points proceeding in the positive to negative
value of PPG derivative

Time taken for the blood ejected from the
heart to pass to the peripheral blood vessel

[152–154] 2nd derivative b/a

Ratio of the amplitude of the early systolic negative peak
to the amplitude of the early systolic positive peak of
SDPTG

Proportional to the stiffness of blood ves-
sels, and increases with age; Inversely re-
lated to lead poisoning; Proportional to the
Framingham risk score

Continued on next page
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Table 1.3 – Continued from previous page

Reference Feature type Feature Feature description Clinical use

[152,155]

2nd derivative

c/a

Ratio of the amplitude of the late systolic re-increasing
peak to the amplitude of the early systolic positive peak
of SDPTG

Vascular stiffness, and decreases with age;
Identifying hypertensive patients

[152] d/a

Ratio of the amplitude of the late systolic re-decreasing
peak to the amplitude of the early systolic positive peak
of SDPTG

Inversely proportional to vascular stiffness,
and decreases with age; Evaluation of va-
soactive agents

[152,156] e/a

Ratio of the amplitude of the early diastolic positive peak
to the amplitude of the early systolic positive peak of
SDPTG

Inversely proportional to vascular stiffness,
and decreases with age

*SDPTG: Second derivative of PPG

PPI: Pulse-to-pulse interval; Asys: Systolic area; Adia: Diastolic area; dV/dt: PPG slope; PW: Pulse width 
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Figure 1.6: Basic features of PPG.
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1.2 Remote Photoplethysmography

lable low-cost camera as a photodetector sensor. The camera sensor senses the reflected light intensity

from the skin surface for the measurement of the rPPG signal. However, due to the involvement of a

camera, the desired rPPG signal gets embedded in a series of video frames unlike in the case of PPG

system where the signal is readily available. Therefore, this system involves various processing steps

to extract a rPPG waveform. Figure 1.7 illustrates the schematic rPPG setup and the general pipeline

for signal extraction. The acquisition setup involves a imaging device that records the facial video of

a subject under natural or artificial light source. Subsequently, the recorded facial video is processed

for the extraction of rPPG signal. The video can be processed using both conventional and deep

learning techniques. The conventional algorithms consists of different steps, such as region of interest

(ROI) selection and tracking, spatial pooling, color channel selection, and digital filtering schemes. In

contrast, deep learning techniques involves 1D, 2D, or 3D neural networks for rPPG estimation task.

An ambient or dedicated light source

Inc
ide

nt
 

Reflected

waves

lig
ht

Imaging
device

Recorded
video frames

Acquisition setup

Processing unit

Subject

ROI selection 
and 

tracking
Spatial
Pooling

Color
channel 
selection

Digital
signal

processing

Feature
extraction

End-to-end
neural network

1D/2D neural
network rPPG signal extraction

and physiological
parameters estimation

Processing steps for rPPG signal and vitals estimation

*ROI: Region of interest

Figure 1.7: Schematic of rPPG system and basic building blocks of rPPG technology.

1.2.2 Physiology behind PPG waveform

The PPG waveform undergoes morphological changes in response to variations in subsurface blood

volume pulses associated to cardiac activities. Additionally, changes in the waveform can also occur as

a result of respiration, arterial activity, venous activity, and autonomous nervous system. Both systolic

and diastolic phases of a cardiac cycle can be identified in a PPG waveform in correspondence to the

amount of blood volume present at the peripheral sites. The PPG waveform and its characteristic

points are depicted in Figure 1.5. It exhibits an ascending and a descending curve, indicating the rise

and fall in capillary blood volume resulting from cardiac contraction and dilation, respectively. The

rising and descending curve corresponds to the systole and diastole phase of the PPG waveform. The
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initiation of pulsation, where the blood volume is minimum before the systolic phase, is represented by

the onset point. The point at which the blood volume is at its maximum is indicated by the systolic

peak. Following this, the blood volume starts to decrease, and the diastole phase takes place, marked

by a transient rise and fall in PPG. The transient rise and fall occurs due to temporal elevation of

blood volume in capillaries, caused due to a pressure gradient in the reverse direction to the blood

flow, occurring just before the closure of aortic valve [157, 158]. At this moment, recessed instant is

depicted as a dicrotic notch, and the point where the first derivative of the signal is nearest to zero

following the systolic peak is identified as a diastolic peak [159]. The morphological structure of the AC

component of the PPG waveform is primarily contributed by the blood flow volume associated with

cardiac phases. In contrast, various physiological factors, such as respiration, vascular compliance,

vascular tone, pain, and drug use contributes to the baseline or DC part of the PPG.

1.2.3 Parameters Affecting rPPG Morphology

In rPPG technology, the signal is derived from the recorded video, capturing the subtle skin colour

changes imperceptible to the naked human eye. The subtle changes in pixel values within the video

frames lead to relatively low amplitudes and SNR value in rPPG signal. These can be easily influenced

by motion artifacts, illumination variation, facial expression, and inter-subject skin tone variability

[160]. Consequently, these unwanted effects can easily distort the small pixels variations corresponding

to cardiac and pulmonary events. In addition, there are significant ethical and privacy considerations

related to rPPG measurements that needs to be taken into account before handling the signal.

Challenges from sensing point of view:

� Identifying the optimal qualities of an image sensor (sensor type, color filter array, bit depth,

frequency bands specification, imager size, frame rate, and resolution) and assessing the sensi-

tivity of measurements with respect to all these parameters is highly valuable. However, it is

a difficult task to precisely characterize the impact of each property of the camera on rPPG

measurements.

� Standardizing the distance between the camera and measurement sites is essential. Exploration

of the recording setup and its impact on the signal quality needs further investigation.

� Regulatory approval is one of the biggest challenges in the rPPG measurements due to the
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1.2 Remote Photoplethysmography

availability of wide range of cameras with varying specifications.

Challenges from environmental factors:

� rPPG measurements are highly susceptible to motion artifacts, rendering the system less prac-

tical compared to the conventional PPG approach. These motion usually includes rigid and

non-rigid motions. Rigid motions are caused due to head rotation or translation, whereas eye

blinking, mouth talking, and emotion expressing contributes to the non-rigid motions [161]. The

existence of these motions has a significant impact on the desired rPPG signal, introducing

undesirable periodical noises, displacing measurement sites in consecutive frames, and causing

variation in reflected light. The removal of motion artifacts becomes more challenging when the

frequency of unwanted noises overlaps with the signal of interest.

� The composition and dynamics of ambient lighting conditions alters the rPPG. Dynamic changes

in ambient light intensity, position, and direction may yield relatively large pixel variations

compared to those resulting from physiological events.

� Subject’s body appearance, including skin-tone, facial structure, facial hair, and obstructions

caused by apparel, also impact rPPG measurements.

Additionally, the designed rPPG models for physiological measurements exhibit bias that are

often challenging for detection. Most of the available datasets are recorded from fair skin type

subjects, leading to methods being primarily evaluated on these data. This creates difficulties in

generalizing the methods. Thus, significant validation of the camera-based technology is required

before deploying it in real-world dynamic settings.

1.2.4 rPPG, its Extraction and Application - A Review

The rPPG-data is vulnerable to various environmental interferences, such as motion artifacts and

illumination variation, as well as intrinsic quantization noise from sensors. Hence, the main objective of

the rPPG system is to develop algorithms capable of isolating pulsatile information from environmental

noises. Various methods have been proposed in the literature for extracting reliable rPPG signals,

with some specifically designed for the direct estimation of cardiac vitals. The reported methods can

be broadly classified into two categories: (i) Conventional signal processing approaches and (ii) Deep

neural network (DNN)-based frameworks. In this section, we delve into the in-depth discussion of
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state-of-the-art methods and potential applications of rPPG.

In the early 2000s, Blazek, Wu, and Hoelscher introduced the use of CCD-near infrared (NIR)

imaging system for the first time to measure cardiopulmonary signals [162]. Their work established

an evidence that an imaging system can be used to visualize skin vessels and analyze local changes in

peripheral blood volume. After a short span of time, Verkruysse et al. studied this imaging approach,

employing a digital consumer-level visual band RGB camera [163]. Since then, extensive research

has been conducted, consolidating the rPPG concept and leading to the emergence of a new research

domain in non-contact physiological measurement [160,161].

All computational rPPG algorithms are designed based on the principle of optical models, such

as the Beer-Lambert law (BLL) [164, 165] and Shafer’s Dichromatic Reflection Model (DRM) [166].

These models serve as the foundation for modeling lighting, imagers, and physiology. The Figure 1.8
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Figure 1.8: Principle of rPPG based on the dichromatic reflection model (DRM).

illustrates the DRM model which is the basis for comprehending the algorithmic principles behind

rPPG. Assume the light source with a constant spectral composition but varying intensity. The RGB

values of the k-th skin pixel in a video frame is defined by a time-varying function as [166]:

Ck(t) = I(t) · (vs(t) + vd(t)) + vn(t) (1.1)

where Ck denotes a vector of the RGB values captured by the camera, I(t) is the luminance intensity

level that varies (i) with the light source and (ii) with the distance between the light source, camera,

and skin-tissue. I(t) is modulated by the specular reflection vs(t), which is a mirror like reflection

from the skin surface, and the diffuse reflection vd(t), the absorption and scattering of light in skin
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tissues. vn(t) represents the quantization noise of the camera sensor, which can be effectively mitigated

by averaging certain pixels. vd(t), vs(t), and I(t) can be decomposed into a stationary and a time-

dependent part using linear transformation.

Therefore, the diffuse reflection vd(t) can be written as:

vd(t) = ud · d0 + up · p(t) (1.2)

where ud is the skin-tissue unit color vector, d0 is the stationary reflection strength, up is the relative

pulsatile strength caused by haemoglobin and melanin absorption, and p(t) denotes the underlying

physiological signals of interest.

The sepcular reflection vs(t) can be expressed as:

vs(t) = us · (s0 +Φ(m(t), p(t))) (1.3)

where us is the unit color vector of the light source spectrum; s0 and Φ(m(t), p(t)) depicts the sta-

tionary and varying parts of specular reflections; m(t) represents all the non-physiological variations

associated with flickering of the light source, facial expressions, and head rotation.

The luminance intensity I(t) can be expressed as:

I(t) = I0 · (1 + Ψ(m(t), p(t))) (1.4)

where I0 is the stationary component of the luminance intensity, and I0 · Ψ(m(t), p(t)) is the inten-

sity variation captured by the camera. The interaction between physiological and non-physiological

motions are usually represented by non-linear functions, Φ(·) and Ψ(·). The stationary skin reflection

can be represented using a single component, formed by combining the stationary components from

both specular and diffuse reflections:

uc · c0 = us · s0 + ud · d0 (1.5)

where uc indicates the unit color vector of the skin reflection and c0 is the reflection strength. Using

Eqs. 1.2 to 1.5, Ck can be derived as:

Ck(t) = I0 · (1 + Ψ(m(t), p(t))) · (uc · c0 + us · Φ(m(t), p(t)) + up · p(t)) + vn(t) (1.6)

The products of time-varying components are relatively small and they can be discarded from Eq. 1.6,
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resulting the approximated Ck as:

Ck(t) ≈ uc · I0 · c0 + uc · I0 · c0 ·Ψ(m(t), p(t)) + us · I0 · Φ(m(t), p(t)) + up · I0 · p(t) + vn(t) (1.7)

The goal of the camera-based physiological measurement algorithms is to extract signal of interest, p(t)

from vector of RGB values, Ck(t). The traditional rPPG algorithms have ignored p(t) inside Φ(·) and

Ψ(·) by assuming a linear relationship between Ck(t) and p(t). This assumption holds true only when

the measurement site remains stationary under constant lighting conditions i.e., the variable m(t) is

small. However, in practical dynamic conditions, m(t) is not negligible, and the linear assumption

could degrade algorithm’s performance. To capture a broader and more complex relationship between

Ck(t) and p(t), various machine learning techniques have been investigated.

1.2.4.1 Signal processing Approaches

Classical signal processing methods offer several advantages for estimating vital signs from video

data: (i) simplicity of implementation, (ii) computational efficiency, (iii) easy interpretability, and

(iv) relatively transparent. The general framework of the signal processing-based approach for mea-

suring physiological parameters using a camera is illustrated in Figure 1.9 and explained in detail

below.

ROI selection 

and 


tracking
Spatial

Pooling

Color

channel 

selection

 1) Filtering
 2) Dimensionality 
    reduction

 1) Frequency analysis

 2) Peak detection


Input: Video
frames Pre-processing steps Signal estimation  Vitals estimation

Figure 1.9: General framework of traditional rPPG algorithms.

Input Video data:

Researchers have investigated rPPG algorithms using video data recorded with cameras having differ-

ent specifications and under dynamic environmental conditions. Most of conventional rPPG algorithms

were assessed on privately owned databases. However, a wide range of public datasets are available

for rPPG experimentations. Table 1.4 provides the summary of publicly available rPPG datasets.

Each dataset consists of video recordings with simultaneously recorded physiological signals. The

videos available within each dataset are of different resolutions and frame rates. Each dataset covers
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Table 1.4: Summary of rPPG datasets

Dataset Subjects
Video Specifications

Gold standard
No. Resolution fps

MANHOB 27 527 780*580 61 ECG, EEG, Breathing
VIPL-HR 107 3130 960*720/1920*1080 25/30 PPG, HR, SpO2
COHFACE 40 160 640*480 20 PPG
UBFC-rPPG 42 42 640*480 30 PPG, PR
UBFC-Phys 56 168 1024*1024 35 PPG, EDA
MR-NIRP 18 37 640*640 30 PPG

OBF 106 212 1920*1080 60 PPG, ECG, BR
PURE 10 59 640*480 60 PPG, SpO2
rPPG 8 52 640*480/1920*1080 15 PPG, SpO2
PFF 13 85 1280*720 50 PR
CMU 140 140 25*25 15 PR
MVPD 13 *** ***** 30 ECG, PPG, BR, SpO2, BP,

HR, temperature
AFRL 25 300 658*492 120 ECG, PPG, BR

MMSE-HR 140 102 1040*1392/ 640*480 25 HR, BR, BP
MR-NIRP-Car 19 190 640*640 30 PPG, SpO2

V4V 179 1358 1040*1392 25 HR, BP, BR
PFF 13 85 1280*720 50 PR

VicarPPG 10 20 720*1280 30 PPG
ECG-Fitness 17 207 1920*1080 30 ECG

MMVS 129 762 1920*1080/ 640*480 25 PPG, BR, BP
BSIPL-RPPG 37 *** 640*480 30 PPG
RGB Video I 25 *** 658*492 120 ECG, PPG
RGB Video II 18 *** 1920*1080 24 PPG
Infrared Video 12 *** 640*240 62 PPG

FaceForensics++ 43 1000 ***** 30 *****
SCAMPS 2800 2800 72*72 ***** PPG, PR, BR, Action Units

various dynamic conditions, including skin tone, lighting conditions, and physical states. These public

datasets serves a transparent test sets for fair evaluation of methods and benchmarking.

Pre-processing steps

The pre-processing phase involves ROI selection and tracking, spatial pooling, and color channel

selection, as explained below.

� ROI selection and tracking: Initially, the most appropriate region of interest (ROI) is identi-

fied and located in the first frame of the video and later the same ROI is tracked and detected in

the consecutive frames using various tracking algorithms. As rPPG algorithms focus on the fa-

cial region as the ROI, it is essential to determine the bounding box of face. In most of the work,
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Viola-Jones (VJ) algorithm [167] is employed to extract the bounding box of the facial region.

Additionally, other popular face detection libraries, such as Dlib [168], discriminative response

map fitting (DRMF) [169], Multi-Task cascaded convolutional networks (MTTCNN) [170], and

MediaPipe face mesh [171] are also being utilized for the task. A fixed subset of the facial

bounding box has been chosen by some researchers as the ROI, typically excluding regions with

low pulsatile information, such as the eyes, lips, eyebrows, and background pixels.

The ROI identified in the initial frame is tracked across the video to ensure that the pixels within

the ROI remain invariant to subject motion. The tracking algorithm updates the location of

ROI in each frame, thereby reducing computational time by avoiding the re-detection of the

ROI. Various tracking algorithms, including good-features-to-track [172], Kanade-Lucas-Tomasi

(KLT) feature tracker [173], kernel-based object tracking [174], and tracking-by-detection with

kernels (CSK) [175], have been employed to track the ROI.

� Spatial pooling: The conventional PPG provide blood volume variation directly in 1D signal

form. However, due to utilization of a camera in rPPG technology, the required signal needs to

be extracted from the sequence of 2D frames using the selected ROI. This involves averaging of

pixels within the ROI in each frame, yielding the generation of raw RGB traces. This process

is known as spatial pooling and it significantly improves the signal to noise ratio (SNR) in the

presence of minor motion artifacts [135].

� color channel selection: The generated raw RGB traces show different strengths of the pulse

wave and it is found that the green channel has better SNR due to its greater absorptivity for

both oxyhemoglobin and deoxyhaemoglobin compared to other two channels [163]. Therefore,

several works were done with the single green channel to study the remote pulse signal [161,176].

However, some researchers extracted the pulse waveform by a linear combination of RGB chan-

nels using blind source separation (BSS) techniques, including independent component analysis

(ICA), and principle component analysis (PCA) [177–180]. They suggested that incorporat-

ing three channels and employing the BSS approach could further enhance the quality of the

estimated pulse signals by reducing the motion artifacts.
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Signal estimation

� Filtering: Despite ROI tracking and spatial pooling, the raw traces may include external noises

caused due to subject’s body movement, illumination change, intersubject skin tone variability,

facial expression, and other factors. Many researchers have applied one or more digital filters

on the raw traces by utilizing the feasible frequency range information of HR and expected

noise sources. The purpose of filtering step is to increase the SNR of the desired physiological

waveform. Typically, this filtering step is performed prior to dimensionality reduction. However,

in some cases, it has been applied post dimensionality reduction or both before and after the

reduction process. Most commonly bandpass filter has been utilized by researchers to eliminate

both low- and high- frequency noises. A frequently selected frequency range is 0.7 Hz to 4 Hz,

which corresponds to a HR ranging from 42 bpm to 240 bpm [177,178,181]. Apart from bandpass

filter, researchers have experimented with several other digital filters and signal decomposition

schemes, such as, moving average filter, adaptive filter, wavelet transformation, and fast Fourier

transform (FFT)-based methods, to reduce the noises [182–184].

� Dimensionality reduction: It is assumed that a linear combination of raw RGB traces can

result a more accurate and precise rPPG signal. Hence, dimensionality reduction methods are

employed to reduce the three RGB traces into a single robust signal that encapsulates pulse

information. The methods used to extract rPPG signal from RGB traces can be classified into

two categories: (i) Blind source separation (BSS) approach [177, 178, 185–188] and (ii) Skin-

reflection model based methods [166,179,189,190].

BSS methods, including ICA and PCA, determines the optimal combination of raw signals to

recover the pulse signal, and their formulation can be expressed as follows:

S(t) = W ·Ck(t) (1.8)

Where S(t) represents underlying source signals which includes the pulse and artifacts, Ck(t)

is a vector of observed RGB traces, and W denotes the de-mixing matrix obtained from PCA

or ICA. After BSS operation, the task is to determine the pulse signal by selecting the most

periodic signal from the obtained source-signal S(t). The ICA approach was first introduced

by Poh et al. where they used a laptop webcam to extract HR from the facial video recording

of a subject [177]. In their work, they selected the second component produced by ICA as the
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desired rPPG signal. However, the selection of a fixed ICA component cannot be generalized for

all the cases. Later, the limitation was addressed in a revised version of their algorithm [178].

Cardiac parameters were estimated from an ICA component having highest peak response in

the measured power spectrum. In other studies, the preferred pulse signal was determined by

evaluating the power spectral percentage attributed to the first harmonic [185, 186]. PCA is

the second popular BSS algorithm that has been utilized to separate raw traces into linearly

uncorrelated components and arranged them based on variance [187, 188]. The criterion used

in the ICA method for selecting desired component can also be applied to the components

generated by PCA. In [187] and [188], the authors utilize both ICA and PCA schemes for

pulse rate estimation and reveal that PCA is computationally efficient and outperforms the ICA

method. The authors investigated these BSS techniques only under a constrained environment,

demonstrating their effectiveness in successfully eliminating noise. However, later, the focus

got shifted from lab conditions to a variety of realistic settings. In these scenarios, researchers

introduced model-based approaches to tackle more challenging conditions, including dynamic

light changes and large body motions. In this direction the classical examples are chrominance

(CHROM) [189], blood volume pulse (PBV) [179], and plane-orthogonal-to-skin (POS) [166]

based methods. De Haan et al. designed the CHROM method [189] to eliminate specular

reflections by building two orthogonal chrominance signals from the original RGB traces. The

performance assessment demonstrated that the CHROM method outperformed the BSS-based

ICA and PCA techniques when dealing with exercising motions. Further, in their follow-up

research, they proposed a PBV-based method to enhance the motion robustness [179]. Using

the signature of blood volume variation, this model distinguished pulse-induced color changes

from motion artifacts in temporal RGB signals. The approach exhibited significant improvement

compared to their previously proposed CHROM method, particularly in handling data with

prominent motion artifacts. In 2017, Wang et al. proposed the robust physically-grounded

demixing approach for rPPG recovery that was based on defining a plane orthogonal to the

color space of the skin (POS) [166]. The evaluation of this approach involved a comparison with

BSS approaches, CHROM, PBV, and other state-of-the-art methods, using a private dataset that

incorporates dynamic challenges. Among all the methods, POS achieved the best performance,

making it well-suited for situations involving motion. In another work [190] an orthogonal
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matrix image transformation (OMIT) method was proposed to remove compression artifacts

that involves face stabilization, dynamic selection of region of interest (ROI), and RGB to rPPG

transformation. All these model based techniques used the prior knowledge about the physical

and optical properties of the skin and physiological waveform pattern that eventually helps to

improve the estimated signal quality. These traditional rPPG algorithms are summarized in

Table 1.5.

Vitals estimation

� Frequency analysis: After recovering the rPPG signal, physiological parameters like HR can

be estimated through frequency analysis. For this purpose, the pulse-train undergoes transfor-

mation from the time domain to the frequency domain, and the frequency index with the highest

peak response in the measured power spectrum is selected as the estimate for the HR frequency.

For this various approaches have been employed, including discrete Fourier transform (DFT),

FFT, discrete cosine transform (DCT), Welch’s method, STFT [177,180,181,186,211].

� Peak detection: Apart from frequency analysis, parameters can be estimated in the time-

domain through peak detection. Usually, the signal undergoes refinement through interpolation

before the peak detection process [178, 195, 212]. Using the peaks information, HRV indices,

along with HR values, can be determined.

Traditional signal processing methods have made significant contributions towards the growth of

rPPG technology. However, these methods have similar pitfalls. They made naive assumptions

on the underlying waveform properties to simplify the noise reduction process that may deviate

from the practical scenarios and result in inaccurate measurements. Additionally, the pixel

averaging in the pre-processing step overlooks valuable spatial and color space information crucial

for generating reliable physiological signals. This motivated researchers to explore the benefits

of supervised learning and deep neural models.

1.2.4.2 Deep neural network-based frameworks

In recent years, deep learning (DL) technique has been successfully utilized by researchers from dif-

ferent domains to solve practical problems. The DL technique can perform effectively if the designed

network is trained with a large amount of data with various scenarios related to the desired task. This

characteristic makes the DL method robust and flexible to solve rPPG problem under different pract-
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Table 1.5: Summary of conventional rPPG algorithms

Reference/

Signal Extraction Signal estimation

Parameters HR Dataset
Year

ROI ROI Raw Filtering Dim

detection definition signal reduction estimation

[163]/ 2008 Manual BB, FH RGB BPF *** HR, BR *** Private

[177]/ 2010 VJ [60% W] Face RGB *** ICA HR FFT Private

[178]/ 2011 VJ [60% W] Face RGB MAF, BPF ICA
HR, HRV,

BR

Lomb peri-

odogram
Private

[180]/ 2012 Manual BB, FH
(RG/ GB/

RB)
BPF ICA/ PCA HR FFT Private

[191]/ 2012 VJ Face RGB *** ICA HR FFT Private

[185]/ 2013 Manual
Single point

from head
RGB

Normalize,

BPF
ICA HR FFT Private

[192]/ 2013 ***
Region be-

low eyes
Monochrome BPF ***

HR, SpO2,

BR
FFT Private

[193]/ 2013 Manual SBB G *** *** HR FFT Private

[194]/ 2013
VJ [60% W

: 80 % H]
Face NIR MAF ICA HR, BR FFT Private

[189]/ 2013 VJ+ SK
Skin re-

gions
RGB

Normalize,

BPF

Fixed lin-

ear
HR FFT Private

Continued on next page
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Table 1.5 – Continued from previous page

Reference/

Signal Extraction Signal estimation

Parameters HR Dataset
Year

ROI ROI Raw Filtering Dim

detection definition signal reduction estimation

[195]/ 2014 FLM FLM based RGBCO
Detrending,

BPF
ICA

HR, HRV,

BR
FFT, PD Private

[181]/ 2014

VJ +

DRMF FLM based G

Centralize,

detrending,

LPF

*** HR FFT

Private,

MANHOB

[182]/ 2014 VJ Cheeks RG

BPF,

Adaptive

BPF

Adaptive

GRD HR FFT Private

[183]/ 2014 Manual +

FLM

Multiple

ROIs

RGB Spatial

pruning,

adaptive

BPF

PCA HR FFT, PD Private

[186]/ 2014 VJ SBB y comp. MAF, BPF PCA HR DCT Private

[179]/ 2014 VJ+SK Skin regions RGB
Normalize,

BPF

Fixed lin-

ear
HR FFT Private

Continued on next page
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Table 1.5 – Continued from previous page

Reference/

Signal Extraction Signal estimation

Parameters HR Dataset
Year

ROI ROI Raw Filtering Dim

detection definition signal reduction estimation

[164]/ 2015 Manual
Multiple fa-

cial patches
G

Detrending,

MAF

Fixed lin-

ear
HR Welch PSD MANHOB

[196]/ 2015
Face track-

ing method
Face G **** **** HR STFT Private

[197]/ 2015
Deformable

face model

Seven facial

regions
G BPF **** HR, HRV

FFT, PD
Private

[198]/ 2016 ****
Skin re-

gions
RGB 2SR algorithm HR

PD
Private

[199]/ 2016 GFTT Mouth area RG CHROM algorithm HR FFT Private

[200]/ 2017 **** Skin pixels RGB POS algorithm HR DFT Private

[188]/ 2017 Manual
Forehead +

Cheeks
RGB

Normalize,

HPF

ICA/

PCA
HR FFT Private

[201]/ 2018
Grid-based

approach
Multiple LWIR

LPF, BPF,

HPF
**** BR FFT Private

[202]/ 2018 DRMF Cheeks RGB BPF EEMD HR Welch PSD MANHOB

Continued on next page
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Table 1.5 – Continued from previous page

Reference/

Signal Extraction Signal estimation

Parameters HR Dataset
Year

ROI ROI Raw Filtering Dim

detection definition signal reduction estimation

[203]/ 2018
Cascade de-

tector
Face RGB BPF EMD HR FFT Private

[184]/ 2019

VJ [60% W

: 80% H]

Four Face

regions
RGB

LMSAF ICA/

PCA

HR,

HRV,IBI,

SpO2
FFT Private

[204]/ 2019 VJ Face RGB BPF SSA HR STFT, PD Private

[205]/ 2019 Face track-

ing method

Forehead +

Right cheek

RGB Laplacian

pyramid,

BPF, MAF

ICA HR, PTT,

BP

PD Private

[206]/ 2019 **** Face RGB
Detrend,

Normalize
ICA BP PD Private

[207]/ 2020 KCF

Skin re-

gions Monochrome

Gaussain

smoothing,

BPF

PBV +

PCA

HR, SpO2,

BR FFT Private

[208]/ 2020 CCNN
Nostril +

Chest
Monochrome

Median fil-

tering, BPF
**** BR, Apnea

Lomb-

Scargle
Private

Continued on next page
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Table 1.5 – Continued from previous page

Reference/

Signal Extraction Signal estimation

Parameters HR Dataset
Year

ROI ROI Raw Filtering Dim

detection definition signal reduction estimation

[209]/ 2020 MTCNN Cheeks RGB BPF, LPF CHROM HR STFT
Private,

PURE

[210]/ 2021
VJ [70% W

: 60 % H]

Multiple

super pixels
RGB BPF, LPF ***

HR, HRV,

BR
FFT Private

[190]/ 2023
SSD +

DAN

Skin re-

gions
RGB

Detrending,

BPF, MAF
OMIT HR STFT

PURE,

COHFACE,

Face-Video-

Database,

UBFC,

MANHOB

Note: VJ: Viola-Jones algorithm, BB: Bounding box, FH: Forehead, BPF: Band pass filter, MAF: Moving average filter, SBB: Subset of bounding box, SK:
Skin detection, FLM: Facial landmark detection, DRMF: Discriminative response map fitting, LPF: Low pass filter, FFT: Fast Fourier transform, GRD: Green-red
difference, STFT: Short time Fourier transform, LMSAF: Least mean square adaptive filter, SSA: singular spectrum analysis, PD: peak detection, CCNN: Cascade
convolutional neural network, MTCNN: Multi-task cascaded convolutional networks, SSD: Single shot multibox detection network, DAN: Deep alignment network,
KCF: Kernelized correlation filters.
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1.2 Remote Photoplethysmography

-ical scenarios. Different deep neural networks (DNN) models involving both supervised and unsuper-

vised approaches have been found in the current state-of-the-art. These studies include convolutional

models [213–217], transformers [218–220], generative adversarial networks [221, 222], and contrastive

learning [223,224].

Chen and McDuff [213] were the first to propose a convolutional attention network (CAN)-based

DeepPhys model for physiological measurement. They utilized both spatial information (appearance)

and temporal dynamics (motion) of video data through which the network learns an appropriate

ROI and recovers the blood volume pulse (BVP) and respiration waveforms. Niu et al. [214] also

employed a CNN-based ImageNet network to estimate HR. They designed a novel spatiotemporal

feature map using the raw RGB traces extracted from multiple ROIs. Further, they improved the

network’s performance by incorporating an attention mechanism in their succession work [215]. In

2019, Qiu et al. [216] were motivated by Eulerian video magnification (EVM) technique [225] and

applied it to design a robust feature. The feature image was intended to enhance the blood flow

information by amplifying the facial pixel color changes using EVM. Subsequently, HR was estimated

by mapping the feature map to a CNN. Song et al. [217] constructed another type of feature map using

the pulse waveform estimated from the conventional CHROM method and used it with a ResNet18

model to measure HR. Other than CNN models, transformer-based architectures are becoming a

choice for many computer vision tasks. In 2021, Liu et al. [218] presented the preliminary work on

remote physiological measurement using a transformer-based model. Aliicja et al. [219] have also

applied a transformer model for breathing measurement. Later, Yu et al. [220] proposed an end-to-

end PhysFormer network to enhance the rPPG representation using local and global spatiotemporal

features. Although transformers have provided good accuracy in many works, they are computationally

expensive, and training them for an extensive data sequence is challenging. Few researchers have

investigated generative adversarial networks (GAN) to generate realistic rPPG waveforms. Hao et

al. [221] presented a Dual-GAN that jointly estimates the BVP and noise distribution. BVP and noise

GAN promote each other’s capability and yield a noise-robust BVP waveform. PulseGAN [222] is

another such example where authors used the chrominance signals as an input to the GAN model to

estimate realistic rPPG pulse signals.

In contrast to all the above supervised learning methods where labeled data are required during the

training process, few works have demonstrated rPPG estimation with unlabelled video data using un-
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supervised learning scheme. The unsupervised learning methods are desirable in the research domain

where synchronized input source and target datasets are difficult to obtain. Gideon et al. [223] pre-

sented a fully self-supervised approach that involves the resampling of videos using a saliency sampler

module. The videos were resampled to create positive pairs with a matching HR and negative pairs

with different HR. Further, the model was fine tuned in a supervised manner on a smaller dataset.

Similarly, Sun and Li [224] proposed a Contrast-Phys unsupervised model that involved a 3D-CNN

architecture for spatiotemporal rPPG (ST-rPPG) blocks extraction, and the training was performed

with a contrastive loss to generate the rPPG waveform. In short, the above-discussed on DL techniques

can be classified into two groups: (i) feature map based methods and (ii) end-to-end methods. The

feature based methods [214–217, 221, 222] usually focus on deriving handcrafted features that serve

as an input to a defined neural network. In this approach, the quality of the generated feature map

affects the network’s performance. In contrast, the end-to-end methods [213,218–220,223,224] directly

learn the informative features from the raw input video data. However, this require a large dataset

to fit the model and they are computationally expensive due to the involvement of 3D networks. The

DNN-based rPPG methods are summarized in Table 1.6.

Table 1.6: Summary of DNN-based rPPG algorithms

Category Network name Dataset Parameter Reference

Feature-based

SynRhythm MANHOB-HCI, MMSE

HR

[214]

******** MMSE, VIPL-HR [215]

EVM-CNN MANHOB-HCI, MMSE [216]

******** MANHOB-HCI, VIPL-HR,

ECG-Fitness, UBFC-rPPG
[217]

NAS-HR VIPL-HR, PURE [226]

ViT-rPPG COHFACE, UBFC-rPPG [227]

MSDN COHFACE, VIPL-HR, PURE [228]

Dual-GAN UBFC-rPPG, VIPL-HR, PURE

HR, HRV, BR

[221]

PulseGAN UBFC-rPPG, VIPL-HR, PURE,

MANHOB-HCI, BSIPL
[222]

******** MMVS, VIPL-HR, UBFC-rPPG [229]

Continued on next page
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Table 1.6 – Continued from previous page

Category Network name Dataset Parameter Reference

End-to-End

EfficientPhys AFRL, UBFC-rPPG, MMSE,

PURE

HR

[218]

******** PURE, COHFACE, MR-NIRP-

Car, UBFC-rPPG

[223]

Contrast-phys MR NIRP, OBF, UBFC-rPPG,

MMSE, PURE

[224]

HR-CNN COHFACE, MANHOB-HCI,

PURE, ECG-Fitness

[230]

Siamese-rPPG COHFACE, UBFC-rPPG,

PURE

[231]

GraphPhys VIPL-HR, MANHOB-HCI,

MMSE, OBF

[232]

MSSTNet PURE, UBFC-rPPG [233]

ETA-rPPGNet PURE, COHFACE, UBFC-

rPPG, MMSE

[234]

LSTC-rPPG UBFC-rPPG [235]

TranPhys UBFC-rPPG, COHFACE,

VIPL-HR

[236]

DeepPhys RGB Video I, RGB Video II,

MANHOB-HCI, Infrared Video
HR, BR

[213]

PhysFormer VIPL-HR, MANHOB-HCI,

MMSE, OBF

HR, HRV,

BR

[220]

Shuffle-

rPPGNet

UBFC-rPPG, PURE
HRV

[237]

CL-SPO2Net UBFC-rPPG, FaceForensics++,

MVPD
SpO2

[238]
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Potential Applications of rPPG

Physiological signals extracted from cameras can be employed for both clinical and non-clinical appli-

cations. Over the past few years, many research works have explored the rPPG technology, demon-

strating its feasibility across various potential applications.

Clinical applications:

In clinical settings, rPPG can be utilized to continuously monitor various physiological parameters

for health assessment. In the existing literature, various methods illustrated the use of rPPG for the

measurement of physiological parameters, such as HR [161,163–165,177–184,213–217,220,221], HRV

indices [178,184,195,220–222], BR [163,178,195,201,213,219–221,239–242], pulse transit time/ pulse

wave velocity [199, 205, 243–245], blood perfusion [162, 225], BP [205, 206, 244, 246–250], atrial fibril-

lation [251, 252], blood oxygen saturation (SpO2) [184, 207, 253, 254], glucose [255, 256], and systolic

and diastolic peaks [212, 257, 258]. Contactless measurement of all these vital parameters is highly

valuable for patients with fragile skin injury or infections. This approach can provide a convenient

experience for infants and elderly patients, whether they are at home or in the ICU. Furthermore,

rPPG is well-suited for telehealth, an emerging health assessment approach utilized by over half of

the healthcare organizations in the U.S. [259]. The incorporation of telehealth with rPPG technology

brings numerous advantages to society: (i) enables social distancing and ensures safety for frontline

healthcare workers, particularly during pandemics; (ii) decreases the workload of hospitals; (iii) man-

ages users’ daily routines by minimizing the time required for clinic visits and reducing waiting hours

for doctor consultations. In addition, telehealth facilitates vitals measurement from any location us-

ing a consumer-level camera, assisting in the early detection of symptoms related to various health

problems. A list of articles that have investigated numerous clinical applications of rPPG is provided

in Table 1.7.

Table 1.7: Reported clinical applications of rPPG

Applications References

Neonatal monitoring [193,201,239–242,260–262]
Kidney dialysis [253]
Sleep monitoring [207,208,254,263]
Health screening [264]

Telehealth [194,251,265]
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Non-clinical applications:

Apart from clinical applications, rPPG finds extensive applicability in consumer-grade products. The

potential non-clinical rPPG applications are as follows:

� Affective computing: As rPPG utilizes consumer level cameras, it has great potential for

affective computing and human-computer interaction applications. It has been investigated for

human affects interpretation, such as emotion recognition [252,266], pain recognition [267–269],

cognitive stress estimation [212,270], and engagement detection [271]. Moreover, rPPG can also

be used as polygraph during lie detection, as telling a lie involves the activation of autonomic

nervous system (ANS), leading to variations in mental and physiological parameters [161].

� Driver safety: In the automotive sector, rPPG can be employed to reduce the number of road

accidents. In this aspect, rPPG can monitor drivers and their physiological status, assisting

in identifying factors such as drowsiness, illness and fatigue that may contribute to accidents.

This monitoring can serve to alert drivers, enabling them to adjust their behavior to prevent

accidents. Several research works based on rPPG schemes are conducted for monitoring drivers’

health status [196,202,203,209,272–277].

� Deepfake detection: This technology has also grabbed attention for identifying fake videos

and verifying the subject’s liveliness. Few attempts have been made to identify deepfake videos

by capturing anomalies in physiological signals [278,278–280].

� Face anti-spoofing: Researchers have utilized rPPG for anti-spoofing systems [281,282]. This

advancement in the technology can be used as a biometric authentication tool. It helps in

preventing intruders from bypassing core security conditions by using a fake ID similar to that

of an actual user, all without physical contact. The potential of rPPG technology for security

purposes is demonstrated in various articles [283–287].

� Fitness monitoring: Monitoring physiological conditions during fitness training can help indi-

viduals in avoiding over-exertion and adjusting the training process according to their needs and

condition. rPPG technology seems more attractive for tracking significant vitals compared to

contact based devices like smartwatches and digital bracelets, which may cause discomfort and

pain during vigorous exercise. Few researchers have studied the performance of various rPPG

methods under fitness training set-ups [179,200,204,288,289].
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1.3 Motivation and objectives

This thesis examines two modalities for estimating cardiac vital parameters using signals, namely SCG

and rPPG. The research on both the signals had made remarkable progress in the field of biomedical

engineering. However, there are certain research gaps in both domains that prompted us to formulate

the objectives for this thesis. The motivation for our research objectives arises from the benefits

and existing research gaps in these technologies, which are outlined along with the thesis’s work plan

below.

SCG is immensely used in recent years due to technological advancements and miniaturization of

accelerometers. In contrast to other cardiac signals, an SCG is able to capture more diagnostic

information and has potential applications in clinical and non-clinical aspects. Also, SCG sensor is

somewhat simple, lightweight, portable, user friendly, and cost-effective than the other cardiac sensing

devices. The estimation of fiducial points from SCG are useful to derive essential parameters for

disease diagnosis and cardiac health assessment. However, detecting and extracting the fiducial points

is a crucial task due to presence of noises and inter- and intra-beat variabilities. In most of the

studies the maxima point within a fixed window is considered to detect the prominent AO peaks.

However, this windowing technique may produce inaccurate estimation for the case where the AO

peak has smaller amplitude than the MC or RE peaks under a systole profile. In other state-of-

the-art methods, the detection of SCG fiducial points rely on other cardiac modalities besides SCG.

Acquiring more than one signal and estimating the location-specific feature points makes the system

computationally complex and expensive. Also, many methods have utilized the fiducial points of other

cardiac signals with the fiducial points of SCG to estimate and analysis the systolic time intervals. For

example, R-peak of ECG along with AO peak of SCG is used to derive PEP. Also, some of the blood

pressure (BP) estimation methods have introduced the use of concurrent SCG and PPG signals for the

PTT estimation. For this purpose, they suggested the AO peak of the SCG as a proximal point and

systolic peak or onset of the PPG as a distal point. The mapping of SCG events with other cardiac

signals helps in the precise estimation of the critical points. However, involvement of different sensing

modalities reduces the flexibility of the system and may cause discomfort to the subject. Motivated

from these points, the first part of the thesis is oriented towards the estimation of clinically used

cardiac parameters using only the feature points of SCG signal. The main objectives are given as

follows:
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� To utilize a standalone framework to detect various SCG fiducial points, and employing them

in a mathematical model to estimate systolic blood pressure (SBP) and diastolic blood pressure

(DBP).

� To study the prominent AO peaks for HRV analysis.

� To detect ventricular depolarization events from standalone SCG fiducial points using a deep

feedforward network.

Contact-based cardiac modalities have played an important role in estimating vital signs. However,

they rely on sensors that must be in direct contact with the body, limiting the flexibility and mobility

of users. This approach may cause inconvenience and discomfort for subjects undergoing long term

monitoring. Moreover, contact-based sensors are not appropriate for patients with burned skin and

infants with fragile and sensitive skin.

As rPPG is the non-contact counterpart of PPG, all the cardiac parameters that are estimated using

PPG can also be measured remotely using rPPG. After an extensive state-of-the-art literature survey,

it is found that the research community has a significant interest in rPPG technology owing to its

numerous advantages as listed below:

� Measurement comfortability due to noncontact functioning

� Ability to sense large area at a time

� No deformation of the blood vessels unlike in the case of the contact PPG finger probes, and

� Potential to be used ubiquitously with the increasing number of smart-phone cameras.

All these advantages makes rPPG as the most promising technology for remote health assessment.

In recent years, the rPPG research community has significantly evolved and has developed several

rPPG algorithms that demonstrate promising results, suggesting the potential to achieve accuracy

comparable to traditional contact-based methods. However, the magnitude of the signal acquired

remotely has low SNR compared to contact-PPG and the system is highly sensitive to environmental

interferences. Most of the state-of-the-art methods are not efficient in the presence of dynamic noises.

Majority of the methods were designed under certain assumptions for simplification of noise reduction.

However, those assumptions may not fit for practical applications where noises are more diverse
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and may lead to inaccurate results. Moreover, the rPPG system is only investigated to capture

the blood volume variation that is associated with the cardiac mechanical phenomenon. However,

till date, none of the studies have experimented to capture the electro-cardiac activity using the

camera. Studying both electrical and mechanical events of heart can promote the rPPG technology

beyond its fundamental contribution towards cardiac health assessment. Motivated by the benefits of

rPPG technology, the goal of the second part of the thesis is to formulate robust algorithms for noise

compensation and precise estimation of vitals. The objectives are outlined as follows:

� To develop a time-frequency based framework for reconstructing reliable rPPG signals, aiming

to facilitate accurate HR values estimation.

� To devise deep neural networks (DNN) for generalizing the rPPG system in dynamic environ-

ments. The framework includes both 1D- and 2D- convolutional neural networks (CNNs) for

HR and HRV analysis.

� To investigate electro-cardiac activity by generating rECG from video data alongside the pre-

investigated rPPG signal, using a 3D-CNN based end-to-end bitask network.

1.4 Thesis Outline

The works contributed to the thesis are depicted in Figure 1.10. It is divided into three parts, which are

signal recording using two different sensing modalities, fiducial points extraction from the signals, and

their application for cardiac health assessment. The first block represents the data acquisition, where

concurrent cardiac waveforms, such as SCG, ECG, and PPG are acquired from the corresponding

sensors. Also, simultaneous facial video data is recorded along with ECG and PPG for rPPG investi-

gation. In the second block, the approaches used to detect the prominent peaks of SCG and rPPG are

illustrated. For extracting features from the signals both conventional and deep neural network-based

methods are explored. Application of both the modalities for cardiac health-parameters estimation by

analysing the extracted fiducial points are shown in the third block. The standalone delineated fea-

tures of SCG are used to measure BP, HRV analysis, and systolic time intervals. The camera modality

show its applications in HR measurement and HRV analysis. The investigated research works are or-

ganized in the thesis as follows: Chapter 2 presents the standalone approaches to delineate the fiducial

points of SCG. It further shows the applications of the extracted feature points in the estimation of
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1.4 Thesis Outline

cardiac parameters. Whereas, Chapter 3 presents a conventional method to extract rPPG waveforms

from video data to estimate HR. In Chapter 4, 1D and 2D convolutional neural networks (CNNs)

are explored for HR and HRV analysis from the estimated rPPG waveforms. Chapter 5 presents

an end-to-end bitask network based on 3D-CNN to estimate rECG signals alongside with the rPPG

waveforms. A summary of the contributed works and their future scopes are discussed in Chapter 6.
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2. Cardiac Parameters Estimation Using Seismocardiography

This chapter presents the estimation of cardiac parameters using the SCG signal. The parameters are

derived from the fiducial points of SCG waveform, involving precise delineation and feature extraction

of the signal. The delineation of the SCG signal is accomplished using a standalone approach that does

not require any other reference cardiac signal, such as ECG. The method focused on estimating the

aortic valve opening (AO peak) and post aortic valve closing (pAC peak) points. Usually, the AO peak

is prominent within a cardiac cycle of the SCG waveform, and its detection is considered as a primary

step that helps delineating other fiducial points. However, detecting the AO point is a critical task in

an SCG signal. To address this issue, the proposed study employs a data-adaptive modified variational

mode decomposition (MVMD) method and proposed simple decision rules to extract fiducial points.

The extracted fiducial points are utilized for the application of BP measurement and HRV analysis.

Another application is investigated, where fiducial points of SCG is combined with demographical

information of subjects, to identify ventricular depolarization events using a deep feedforward neural

network (DFN).

The chapter is organized as follows: The dataset used for the experimentation and evaluation of the

methods is described in Section 2.1. The delineation algorithms for AO and pAC peaks are outlined in

Section 2.2. Section 2.3 presents a mathematical model designed using SCG fiducial points to estimate

BP. Estimation of HRV indices is illustrated in Section 2.4. Section 2.5 describes a DFN framework

to generate R-peaks instants on SCG waveform. Finally, a summary is provided in Section 2.6.

2.1 Data Collection

A small electronic circuit board is employed for non-invasive acquisition of the SCG signals. The

circuit board is designed using a low-cost and miniaturized MEMS-based tri-axial accelerometer sensor,

a pre-amplifier, and a fourth-order Butterworth low pass filter (LPF). The utilized accelerometer is

ADXL335 with a minimum full-scale range of ±3 g [290]. The SCG signals are acquired by mounting

the sensor node near the lower end of the sternum with the help of an elastic chest-band. In addition,

ECG, PPG, and ABP signals are also recorded for the experimentations.

Figure 2.1 shows the experimental setup for simultaneous recording of SCG, ECG, PPG and ABP

signals. Data was recorded for 6 minutes from 10 healthy subjects (9 male and 1 female, age: 25-31

yrs, weight: 74±10 kg, height: 169±9 cm) in supine position. For all the subjects, recordings were

done for ECG in Lead-II configuration using Ag-AgCl electrodes, z-component of the SCG signal at
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2.2 AO and pAC fiducial points detection

Figure 2.1: Experimental setup for signal acquisition.

the lower end of the sternum with self-built SCG acquisition circuit board [1], PPG at fingertip using

Nonin medical’s SenSmart® optoelectronic finger clip sensor, and ABP using finger-cuff provided

by CNAP® Monitor 500. All signals, including reference ABP signal, were synchronously obtained

using the MP150 DAQ system (BIOPAC Systems, Inc., Santa Barbara, CA, USA) at a sampling rate

of 1 kHz. Data acquisition was performed at the Electro Medical and Speech Technology (EMST)

Laboratory, IIT Guwahati with prior consent of the subjects and ethical approval from the institutional

review board (IRB).

2.2 AO and pAC fiducial points detection

All the studies presented on SCG signal analysis involves the extraction of fiducial points, including AO

and pAC peaks instants. These points are employed for various measurements of cardiac parameters

that can be used for both clinical and non-clinical applications. The methodology for detecting AO

and pAC is described in details in the subsequent sections.

2.2.1 AO peak detection

For the detection of AO peaks, a data-adaptive variational mode decomposition (VMD) is employed

as a major tool on dorso-ventral SCG signals [1]. The VMD scheme can resolve a multicomponent

signal x(t) into its principal modes (mk), nonrecursively [291]. Each of the decomposed modes is band-
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Figure 2.2: MVMD model for automatic adjustment of mode bandwidth constraint (α) for given number of
modes (K) [1]. Note that FH denotes the desired low pass cut off frequency for the VMD decomposition, and
ωk denotes center frequency of mode-k.

limited around a center frequency (ωk). The constrained variational problem for the decomposition

can be formulated as [291]:

min
mk,ωk

K∑
k=1

∥∥∥∂t ([mk(t) + jm̂k(t)] e
−jωkt

) ∥∥∥2
2

s.t.

K∑
k=1

mk(t) = x(t) (2.1)

where m̂k = 1
πt ⊗mk(t) represents the Hilbert transform of mode mk and k (k = 1, 2, ...,K) denotes

the mode index. Here, ‘⊗’ is used as mathematical convolution operator. The unconstrained repre-

sentation of above optimization problem [Eq. (2.1)] can be achieved using quadratic penalty term and

Lagrange multipliers [291]. Now, the modified equation is expressed as follows:

L(mk, ωk, λ) = α
∑
k

∥∥∥∂t ([mk(t) + jm̂k(t)] e
−jωkt

) ∥∥∥2
2
+
∥∥∥x(t)−∑

k

mk(t)
∥∥∥2
2
+
〈
λ(t), x(t)−

K∑
k=1

mk(t)
〉

(2.2)

where α represents the balancing parameter of data-fidelity constraint. The VMD optimization prob-

lem is solved using alternate direction method of multipliers (ADMM) [291]. In the VMD algorithm,

selecting an appropriate set of mode bandwidth constraint (α) and number of modes (K) is a challeng-

ing task. Thus, it needs further development to automatically control the allowable bandwidth (α) in

each variational mode for a particular application. For this purpose, a modified VMD (MVMD) model

was proposed to optimize the α parameter [1]. It involves two nested and recursive criteria, as shown

in Figure 2.2. Through an example, the decomposition results obtained during the intermediate stages
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Figure 2.3: Decomposed modes during intermediate stages of the MVMD process (a) during initialization
stage, (b) stage when criterion 1 is satisfied, and (c) stage when criteria 1 and 2 are satisfied and the mode
bandwidth constraint is optimized.

of the model are shown in Figure 2.3. The pseudocode for AO peak detection is given in Algorithm 1.

Although the method provides a robust detection of the AO peaks, it produces misdetections and false

detections in some critical cases. To address this issue, a post-processing scheme is proposed.

2.2.2 Post-processing for AO peak detection

A post-processing technique is developed and employed in Algorithm 1 to improve the performance

of the AO peak detection by reducing the false alarming conditions.

Let, pks = [p1, p2, · · · , pK ] is a vector of detected AO peaks in a SCG segment. At first, the

difference of each consecutive AO peak instants is calculated as:

dk = pk+1 − pk, (2.3)

where, k (k = 1, 2, · · · ,K − 1) denotes the peak index. Then, median-difference of these AO instants

is computed as a reference, say M . The error between dk and M is compared with a threshold (say

TH). Usually, the following three false alarming situations are encountered in the AO peak detection

process. These cases are shown via synthetically generated SCG amplitude envelopes for systolic and

diastolic profiles in Figure 2.4.

(i) Missing AO peaks: This false negative condition is identified if (dk−M) > 3×TH, and it can

be avoided by determining the maxima as new AO peak in time-interval of pk +W to pk+1−W

in the SCG, where W = 60 ms.
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Algorithm 1 AO instant detection in an SCG signal

Input: SCG signal x[n]; n = 1, 2, ....., N
Low-Frequency Artifacts Removal

Decompose signal x[n] using MVMD
[mI

i , ω
I
i ] = VMD(x, α1,K1); i = 1, 2, ...K1

// where mI
i := decomposed ith mode of x[n],

ωI
i := central frequency of mI

i ,
α1 := allowing mode-bandwidth,
K1 := number of decomposed modes

Extract the detrended SCG signal
xd[n] = x[n]−

∑
i m

I
i [n]

Systolic Profile Enhancement
Resolve useful signal components using MVMD
[mII

j , ωII
j ] = VMD(xd, α2,K2); j = 1, 2, ...K2

Extract Gaussian derivavtive filtered modes (GDFMs)
gj [n] = d[m]⊛mII

j [n]; m = 1, 2, ...L− 1
// where Gaussian derivative kernel d[m] := g[m+ 1]− g[m],

Gaussian window g[l] := exp

(
−1
σ2

[
l

(L−1)/2

]2)
; 0 ≤| l |≤ (L− 1)

2
Compute relative GDFM energy (RGE) for mode selection

RGE: ej =
Egj∑
j Egj

; j = 1, 2....K2

Reconstructed signal: s[n] = e2j∗gj∗ + Pe2j∗−1gj∗−1 +Qe2j∗+1gj∗+1

// where ej∗ denotes maximum RGE and j∗ is corresponding mode index
P=1, Q=0 ← if | ej∗ − ej∗−i |< ρ; ρ ∈ [0, 1]
P=0, Q=1 ← if | ej∗ − ej∗+i |< ρ;
P=0, Q=0 ← otherwise

AO Peak Approximation
Construct envelope on systolic profiles
Difference envelope: Denv = Uenv − Lenv

// where Uenv, Lenv: upper and lower envelopes of s[n], respectively
Thresholding: Tenv[n] = (D2

env[n] > τ)×Denv[n];
τ = η · std(D2

env[n]) // where η = 2
Find zero-crossing locations
Approximated AO peaks: a[v]← Positive zero crossings of T̂env[n]

// where T̂env corresponds Hilbert transform of Tenv; and v = 1, 2, ..., V
Estimate True AO peaks using cardiac cycle envelope (CCE)
Construct CCE using absolute operator and triple integration on GDFMs
True AO peaks: ã[k]⇐= a[v] elements lying within the range Q

// where Q ∈ (CCE peakk,CCE peakk + 350ms); k = 1, 2, .....,K
Output: Detected AO peak locations ã[k]

(ii) False detection on systole profile: An AO peak detected in the systole profile is considered

as false positive, if the condition (dk −M) < −0.7 ×M is satisfied. This false positive can be

corrected by discarding pk+1 peak.

(iii) False detection on diastole profile: After taking care of the first two conditions, the pks

and dk vectors are updated. Subsequently, the method looks for the false positive in the diastole

profile by checking the conditions, (dk −M) < −TH and (dk+1 −M) < −TH. If both the

conditions are satisfied, pk+1 peak is discarded to correct this false positive case. In this way, an

AO peak correction strategy is adopted in our proposed method.
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Figure 2.4: SCG envelopes showing false alarming conditions in AO peak detection. (a) Case 1: missing AO
peak, (b) case 2: false detection on systole profile, and (c) case 3: false detection on diastole profile

2.2.3 pAC peak detection

The pAC peaks are detected using a technique given in [103]. At first, it divides each of the consecutive

AO-AO intervals at their midpoint (M1), which is expressed as:

M1 =
pk + pk+1

2
(2.4)

where, pk and pk+1 are consecutive AO peaks from the updated pks vector. In a similar manner, the

interval between pk and M1 is again divided to obtain the pAC as:

M2 =
pk +M1

2
=

3pk + pk+1

4
(2.5)

Now, the SCG signal is segmented from M2 to M1 for each of the cycles. Subsequently, the DC-

offset is removed and amplitude normalization is performed. Subsequently, moving average filtering

is applied to reduce irregularities. To detect all pAC points, the trends in the segments are removed

by applying a Butterworth high pass IIR filter with an empirical cut-off frequency of 10 Hz. Finally,

the pAC peaks are detected as maximas of the processed SCG segments.

2.3 Cuffless Continuous Blood Pressure Measurement

High blood pressure is a major risk factor that leads to serious cardiovascular diseases (CVDs), such

as hypertensive heart disease, stroke, and coronary artery disease [292]. Effective and continuous
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monitoring of BP gives important insights of cardiovascular regulation patterns. It provides clinically

relevant information useful for early detection of hypertension and helps in the clinical maintenance

of the CVDs. To monitor the continuous BP in real time in an intensive care unit (ICU), the most

common method is to insert a cannula needle in a suitable artery. For arterial blood pressure mea-

surement, it is a gold standard method. Because of its invasive nature, it may introduce some other

clinical complications, such as bleeding, infection, and ischemia. Also, it requires a standard clinical

setting and an expert. Among other modalities, mercury sphygmomanometer is considered as the

most accurate non-invasive device. However, it requires an inflatable cuff that may cause discomfort

and pain to the user. Moreover, it only provides the instantaneous blood pressure, and thus, cannot

be used for long term ambulatory BP monitoring. Arterial tonometry and arterial volume clamp are

other primary techniques to obtain continuous BP in non-invasive way, but they need occlusive cuff [2].

All these devices have limitations for continuous and long term BP measurement. Therefore, in such

a perspective, techniques that can provide continuous BP monitoring without occluding cuff would be

advantageous for day-to-day cardiac health assessment.

In recent years, research on cuffless BP measurement methods for continuous BP monitoring has

gained much attention. In literature, it is found that the pulse transit time (PTT) is employed to

estimate blood pressure. The PTT is defined as the time taken for a cardiac pulse in artery to travel

from a proximal point to a distal point. Usually, for the calculation of PTT interval, R-peak of

electrocardiogram (ECG) and different characteristic points of photoplethysmogram (PPG), such as

sytolic peak, onset, maximum slope, and mid-point, are used [2–9]. However, the existing literature

has reported the maximum slope of PPG as a better distal point for accurate BP estimation. Recently,

some of the BP estimation methods have introduced the use of concurrent SCG and PPG signals for

the PTT estimation [10–13]. For this purpose, they suggested AO peak of the SCG as a proximal

point, and systolic peak or onset of the PPG as a distal point. All of these approaches require two

correlated cardiac pulse signals, either ECG-PPG or SCG-PPG. Acquiring more than one signal and

estimating the location specific feature points is computationally complex. It also reduces the flexibility

of the system due to the involvement of different sensing modalities. This type of complex system

involving two or more signals to measure the BP parameters may also be expensive. However, a few

attempts have also been made for BP estimation with a single sensor, such as Fiber Bragg Gratings

(FBGs) [293]. But, due to its bulky physical configuration, the method is not yet matured and reliable
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for clinical use. Non-contact SCG signals acquired from Microwave Doppler radar or Laser Doppler

Vibrometry (LDV) were also used along with ECG and PPG to measure the PTT [22]. However, the

acquired signal gets affected by radar clutter and other environmental noises, leading to a poor signal-

to-noise ratio. Also, a single-channel impedance plethysmography (IPG) based method was proposed

to devise a BP estimation model [294]. It uses Ag-AgCl based multiple wet electrodes integrated in

a single patch. Although it involves a single IPG sensor, there are challenging factors of choosing the

excitation source frequency and arranging the sensing electrodes. Additionally, the user comfortability

is another issue with this method for the long-term measurement. Another method used a wearable

multi-wavelength PPG (MWPPG) module that consists of light sources composed of a blue, green, red

and IR LEDs [295]. It acquires the MWPPG signals to measure the characteristic features required

for the BP estimation model. The model parameters are measured from two principle components

that are generated using a PCA-based method. However, the system complexity increases due to the

involvement of multiple sensors. Another research work was presented by [296], which introduces an

epidermal electronics-based multiple polyaniline sensor array. The performance of the method relies on

identifying the exact location of the radial and ulnar arteries. Additionally, the SCG components of two

different orthogonal axes have also been investigated [297], where the components are acquired from a

single sensor. The method relies on time-interval from systole-profile onset in x-axis to diastole-profile

onset in z-axis of SCG for systolic blood pressure (SBP) estimation. However, determination of these

onset points is a crucial task. Additionally, achieving a good accuracy is still a problem. The research

on BP estimation using SCG signals is still far from maturity and has not yet advanced to a stage

where it can be successfully deployed as a medical user interface in consumer-grade applications. The

proposed method is the first ever one of its kind where BP is estimated using a single SCG component.

Looking at the above facts, the main aim of this proposed work is to estimate blood pressure using a

single SCG signal component acquired through an accelerometric device. The proposed method does

not rely on SCG components of x- and y-axis. Only the z-axis component is used for processing. The

detected AO and pAC points of the SCG signal are used to determine the LVET and HR. Successively,

these features are used to compute the BP metrics using a calibration procedure.

2.3.1 Proposed Method for SBP and DBP estimation

During the systolic phase of the cardiac cycle, blood is pumped out from the heart. It exerts force on

the wall of arteries in systematic circulation and it is measured as blood pressure (BP). In a normal
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subject, the systolic and diastolic pressure is clinically written as:

Systolic blood pressure

Diastolic blood pressure
=
SBP

DBP
=

120mmHg

80mmHg
(2.6)

The computation of SBP and DBP is based on the principle of pulse propagation through major

arteries. The systolic and diastolic blood pressure in a major artery are directly proportional to the

total cardiac output (Q) and total peripheral resistance (Ω). The Ω includes resistances of the arteries,

arterioles, capillaries, venules, and veins in systematic circulation. The BP is given as:

BP = Q× Ω (2.7)

The cardiac output, Q, mainly depends on heart rate (HR) and stroke volume (SV). Therefore, it is

expressed as:

Q = HR × SV (2.8)

The SV depends on end systolic volume (SVl) and end diastolic volume (SVm) of a ventricle with a

relation,

SV = SVl − SVm (2.9)

The LVET gives the systolic time intervals that corresponds the interval between ejection and termi-

nation of the aortic flow. Thus, the LVET (systolic time interval) is directly influenced by the SV.

The LVET is expressed as [22]:

LV ET = AC −AO (2.10)

where, AO and AC represents aortic valve opening and closing instants, respectively. At the AO

instant, the blood is ejected out of the heart, and therefore, can be considered as a proximal point

for a pressure pulse. At the AC instant, the blood reaches the measurement sites and returns back

from the whole body to the heart, and therefore can be considered as a termination point of the pulse.

This justifies the use of LVET in place of PTT to calculate BP. Also, the LVET is inversely related to

HR [22, 298]. It is difficult to identify AC due to large morphological variability of SCGs among the

subjects, and the SCG is susceptible to the distortions caused due to body movements, respiration

and other environmental noises [22, 103]. The proposed model uses the timing-information of pAC

peak for the computation of LVET interval. With this modification, an approximation of LVET, say
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LVET′, is used for modelling the BP in the proposed method. The LVET′ is computed as:

LV ET ′ = pAC −AO (2.11)

The proposed system design for the BP estimation can be described mathematically. Suppose X =

{x1, x2, · · · , xN}, ∀xi ⊂ R2 be the input data sequence of the SCG signal. It can also be rewritten as

X = [A, T ], where A = {a1, a2, · · · , aN} and T = {t1, t2, · · · , tN} correspond sample amplitudes and

time stamps, respectively. The AO peak vector will be a subset of X as {xi1 , xi2 , · · · , xiM }, where

M << N . Similarly, pAC peak vector is represented as {xk1 , xk2 , · · · , xkM }. Subsequently, cardiac

cycle difference, HR, and LVET′ are computed as: CCj = tij − tij−1 , HRj = 60/CCj , LV ET
′
j =

tkj − tij , where ij , kj denote indexes for AO and pAC peaks, respectively. Then, one can define a set

function for BP as BP : X → R that maps a set of sample to a vector. By utilising the logarithmic

LVET′ and HR information, the BP is modelled as:

BP (x1, x2, · · · , xN ) = a · ln(LV ET ′) + b ·HR+ c (2.12)

where, a, b, and c are used to parametrize the proposed model. These parameters are subject-specific

and are estimated via modelling in a least square sense. The HR is calculated from the time interval

between consecutive AO peaks. The proposed model can be represented in a vector-matrix form as:

BP1

BP2

.

.

.

BPK∗


=



ln(LV ET ′
1) HR1 1

ln(LV ET ′
2) HR2 1

. . .

. . .

. . .

ln(LV ET ′
K∗) HRK∗ 1




a

b

c

 (2.13)

where, K∗ (= K − 1) is the total number of beats, the BP vector with dimension K∗ × 1, represents

the original arterial blood pressure and it is used for training the model for both SBP and the DBP

estimation. The LV ET ′ and HR are the parameters that are estimated simultaneously for each beat

along with the original BP and represented by a K∗ × 3 matrix. The unknown coefficients a, b and c

are represented by a 3×1 vector. The unknown vector is estimated using linear regression by applying

pseudo inverse as:

Z = (D′ ·D)−1 ·D′ ·BP (2.14)
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Figure 2.5: Block diagram of the proposed BP estimation method.

where, Z is the unknown coefficient vector and D is the matrix that carries the information related

to the estimated LV ET ′ and HR values. The coefficients are estimated for each individual for both

SBP and DBP, separately. Figure 2.5 shows a block diagram of the proposed cuffless BP estimation

algorithm. It has training and testing phases. The training phase is required only during initialization

where the coefficients a, b and c are computed using the regression method. Then, the testing phase

becomes independent of BP parameters for a personalized measurement.

2.3.2 Performance Evaluation

The estimated SBP and DBP values are compared with the reference ABP measurements. The

performance of the proposed approach is evaluated in terms of Mean error (ME), mean absolute error

(MAE) and standard deviation (STD) measures, and the results are shown in Table 2.1. For the DBP

measurement, the minimum ME and MAE values are −0.074 and 1.877, respectively for subject S005

with a STD value of 2.107. Similarly, for the SBP measurement, minimum ME is closed to zero for

subject S004 with a STD value 2.649. The minimum MAE value is 1.036 for subject S005 with a

STD value 1.405. For all the subjects, the average ME with STD of the estimated DBP and SBP are

−1.299± 2.578 mmHg and −0.197± 3.332 mmHg, respectively, whereas the average MAE are, 2.598
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Table 2.1: Comparison of estimated BPs using our proposed LVET′-based method with reference ABP mea-
surements.

Subject
DBP (mmHg) SBP (mmHg)

ME MAE STD ME MAE STD

S001 -1.662 1.981 2.153 1.087 2.689 3.284
S002 -2.932 2.932 1.959 -2.807 3.074 2.248
S003 -1.503 2.985 3.335 0.567 3.031 3.857
S004 1.783 2.545 2.747 -0.004 2.142 2.649
S005 -0.074 1.877 2.107 0.437 1.036 1.405
S006 -0.737 1.943 2.044 -0.692 2.486 3.045
S007 -1.216 2.315 2.598 1.954 4.732 5.417
S008 -2.035 2.661 2.190 -4.991 4.991 2.907
S009 -2.182 3.516 3.728 -0.395 1.724 2.113
S010 -2.432 3.221 2.916 2.878 5.859 6.390

Average -1.299 2.598 2.578 -0.197 3.176 3.332

and 3.176 mmHg, respectively. The obtained results suggest that the errors in BP estimations from

the proposed method satisfy the requirements of the IEEE standard 5± 8 mmHg [3,299].

The estimated BP values are also compared with the BP values computed through earlier PTT-

[2–9] and PTT1- [10–13] based approaches. In PTT-based approach, the duration of PTT is calculated

using the combination of ‘ECG-PPG’, whereas in the PTT1-based approach, ‘SCG-PPG’ signal pair is

used. Table 2.2 shows the comparison of the proposed method with the existing methods. The average

ME and MAE between the proposed LVET′-based and PTT-based methods are found as 0.109±0.669

mmHg and 0.617 mmHg for DBP, and 0.052± 0.615 mmHg and 0.547 mmHg for SBP measurement,

respectively. While, for the PTT1-based method, these metrics are observed as 0.011± 0.777 mmHg

and 0.384 mmHg for DBP measurement. While for SBP, they are found as −0.012 ± 0.326 mmHg

and 0.183 mmHg, respectively. Additionally, the average correlation of the BPs estimated from the

proposed method with that of the earlier methods is also computed. For the PTT-based method, the

average correlation coefficients, denoted by r1, are obtained as 0.510 and 0.419 for the DBP- and SBP-

estimation, respectively. Similarly, for PTT1-based method, the correlation coefficient (r2) values are

observed as 0.596 and 0.740 for the DBP and the SBP, respectively. The good correlation exhibited by

the proposed method clearly shows that it is comparable with the existing methods. Also, for subject

S003, the traces of beat-to-beat DBP and SBP values estimated by the proposed and the existing

methods are shown in Figure 2.6. It is observed that the proposed method and the existing state-
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Table 2.2: Statistical comparison of the proposed LVET′-based method with the PTT [2–9] and PTT1 [10–13]
based methods for DBP and SBP measurements

Subject
DBP (mmHg)

MEPTT MEPTT1 MAEPTT MAEPTT1 STDPTT STDPTT1 r1 r2

S001 -0.289 -0.016 0.406 0.096 0.397 0.115 0.134 0.778
S002 0.005 0.017 0.048 0.107 0.063 0.153 0.969 0.839
S003 -0.090 -0.061 0.290 0.305 0.383 0.461 0.863 0.836
S004 -0.439 -0.035 1.311 0.323 1.568 0.839 0.163 0.434
S005 1.372 0.081 1.569 0.361 1.084 0.507 0.136 0.305
S006 0.066 -0.002 0.072 0.019 0.059 0.026 0.921 0.985
S007 0.027 -0.006 0.102 0.108 0.119 0.134 0.645 0.646
S008 0.005 -0.004 0.088 0.123 0.145 0.211 0.433 0.238
S009 0.106 0.104 0.697 0.336 0.870 0.527 0.086 0.518
S010 0.326 0.042 1.587 2.065 2.005 4.802 0.749 0.381

Average 0.109 0.012 0.617 0.384 0.669 0.778 0.510 0.596

Subject
SBP (mmHg)

MEPTT MEPTT1 MAEPTT MAEPTT1 STDPTT STDPTT1 r1 r2

S001 -0.619 -0.037 0.888 0.301 0.886 0.379 -0.048 0.750
S002 0.013 0.013 0.375 0.236 0.473 0.378 0.343 0.586
S003 -0.090 -0.028 0.340 0.484 0.576 0.779 0.886 0.822
S004 -0.269 -0.025 0.825 0.304 0.987 0.752 0.573 0.596
S005 0.336 0.016 0.383 0.044 0.265 0.068 0.403 0.795
S006 1.339 0.000 1.445 0.085 1.108 0.099 0.182 0.924
S007 0.036 0.033 0.081 0.083 0.096 0.096 0.685 0.683
S008 0.034 -0.006 0.082 0.051 0.166 0.067 0.135 0.260
S009 -0.079 -0.003 0.561 0.010 0.698 0.017 0.055 0.993
S010 -0.182 -0.084 0.489 0.232 0.897 0.621 0.972 0.989

Average 0.052 -0.012 0.547 0.183 0.615 0.326 0.419 0.740

of-the-art methods produce similar DBP and SBP measurements. Therefore, a single accelerometric

sensor based proposed method may replace the use of multi-modal system for the continuous BP

estimation.

2.3.3 Discussion

The key factor of the proposed model is to estimate BP measurements with a single cardio-accelerometric

sensor. To show the performance and its comparison with the existing methods, the BP values es-

timated using the testing data of all the subjects are taken for Bland-Altman and regression plots.

Figure 2.7 shows the Bland-Altman plots in terms of measurement-difference in BP estimation. The
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Figure 2.6: Comparison of the proposed LVET′ based method with PTT and PTT1 based methods for
estimated DBP and SBP values.
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Figure 2.7: Bland-Altman plot to compare the performance of the proposed method with PTT- and PTT1-
based methods. Panels (a) and (b) represent comparison with PTT-based method for DBPs and SBPs, respec-
tively, and panels (c) and (d) represent comparison with PTT1-based method for DBPs and SBPs, respectively.

x-axis represents the average of the BP values obtained by the proposed and the existing method,

whereas the difference between both the BP values is shown in the y-axis. It is desirable to have a

low value of bias or mean difference. This result indicates that the proposed method can give similar

measurement values as that of the method used for comparison of performance. As shown by the bold
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Figure 2.8: Regression plots of estimated BP measurements for a single subject. (a) and (c) show the regression
of DBPs estimated by the proposed method with that of the PTT- and PTT1-based methods, respectively, (b)
and (d) show the regression of SBPs estimated by the proposed method with that of the PTT- and PTT1-based
methods, respectively.

line in Figure 2.7, the mean differences of the estimated DBPs and SBPs between the proposed and the

PTT-based methods are 0.109± 1.081 mmHg and −0.000± 0.822 mmHg, respectively. Whereas, they

are found to be −0.015 ± 1.578 mmHg and −0.012 ± 0.437 mmHg, respectively for the PTT1-based

method. It can be observed that the majority of the points lie within the limits of agreement (LOA),

i.e., m± 1.96s, where m and s denote the mean and standard deviation of the BP difference, respec-

tively. The LOA are shown by dashed lines in the figure. This shows the suitability of our method

over the existing methods. The performance comparison is also shown with the help of regression

plots in Figure 2.8. The corresponding correlation coefficients between the proposed LVET′-based

and the PTT-based methods are approximately 0.985 and 0.998 for the DBP and SBP estimation,

respectively, as shown in Figure 2.8(a) and (b). In case of the PTT1-based method, they are found to

be 0.968 and 0.999 for the DBPs and SBPs as shown in Figure 2.8(c) and (d).

Although the current research has demonstrated the feasibility of an accelerometric device for

continuous BP measurement, the proposed work still needs further improvement for its practical

applicability. The limitation of the proposed work is that the method has been tested and validated
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with limited number of subjects. Additionally, the recordings were done in a relatively stable condition,

where large body movements were not allowed. For more generalization of the method, its performance

should be evaluated for different physiological and pathological conditions of individuals with varying

demographics and under different dynamic settings. The proposed work could be further analyzed

and validated for BP measurements with respect to different body postures, like supine, left and right

lateral, sitting and standing. Also, an investigation needs to be performed on a longer duration data

to ensure the applicability of our method for long-term BP monitoring.

2.3.4 Conclusion

In this work, a method is proposed for noninvasive and cuffless continuous BP measurement using

a single accelerometric based sensor. Initially, the AO and pAC peaks are detected for the estimation

of LVET′ and HR parameters. With these parameters, the BP modeling is performed for the SBPs

and DBPs using individual calibration. The existing methods require a PPG signal along with either

ECG or SCG signal to perform this task. However, the use of bio-electrodes for the ECG and the

photo-detector for the PPG acquisition has been avoided in the proposed method by using only an

accelerometer for SCG data. This makes the system more flexible, and thus, offers mobility to the user.

Also, the lightweight of the sensing device and its simple operation make it versatile to be operated

independently without any expert help. With in-house recordings, quite satisfactory correlation results

between the proposed method and the existing methods are obtained. The performance results clearly

show that our method is able to achieve the performance up to the level obtained by the state-of-the-

art methods only with a single cardiac sensor. Hence, the proposed method shows the potential to

replace the existing methods for continuous BP monitoring. However, in the current pilot study, the

proposed method was tested and validated only on a limited number of healthy individuals, who were

instructed to be in a supine position without significant body movements during signal acquisition.

Thus, as a future research direction, the performance could be evaluated for different physiological

modulations and pathological conditions of individuals with varying demographics. Also, it is required

to validate the efficacy of the proposed method on long duration signals for long-term BP monitoring.

We believe that the present work would surely open opportunities to bring and build new ideas and

research efforts in this field.
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2. Cardiac Parameters Estimation Using Seismocardiography

2.4 Heart Rate Variability (HRV) Measurement

HRV analysis is usually employed to assess the autonomic nervous system (ANS) functioning in cardiac

studies. The HRV is a physiological phenomenon that describes the oscillation in consecutive heart

cycles [99]. Both sympathetic and parasympathetic activities can be apparently characterized by this

tool. Clinically, HRV has proven its abilities in major applications, such as diagnosis of sudden cardiac

death due to acute myocardial infarction and early prediction of diabetic neuropathy [99,300]. Besides

these, HRV has been investigated for several cardiac diseases, physical exercise, renal failure, stress

conditions, sleep disorder, age, gender, drugs, alcohol consumption, and smoking [300,301]. The HRV

analysis gives many temporal, spectral, and nonlinear indices solely relying on beat-to-beat interval

traces.

The prevalence of HRV estimation has led to increased development of several commercial and

non-business software tools [300, 302]. SCG is immensely used for HRV analysis in recent years due

to technological advancements and miniaturization of accelerometers. Usually, AO point creates a

prominent peak in an SCG cycle, and hence, it has been studied more for heartbeat extraction and

HRV applications [99,105,303]. In this study, we proposed an SCG-based algorithm for HRV analysis,

which entirely depends on the AO peaks of an SCG signal. The method performs time-domain and

frequency-domain HRV analysis, and the results derived from SCG are cross-validated with ECG

as a reference. The performance results are validated using absolute error and normalized linear

cross-correlation measures.

2.4.1 Cardiac interval estimation in SCG signal

The detected AO peaks are used to derive the tachogram from AO-AO intervals in an SCG signal.

The AO-AO interval time series is investigated for HRV analysis that is obtained as the traces of

time-difference between consecutive AO peaks. The AO-AO tachogram (AA) is created as:

AAt = AOt+1 −AOt (2.15)

where, AOt (t = 1, 2, ..., T ) represents timing information of the tth AO peak. Similarly, RR intervals

are also measured from the time instants of successive R-peaks of concurrent ECG for validation

purposes. The well known Pan-Tompkins algorithm [304] is employed for this.
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2.4.2 Measurement of HRV indices

Both time-domain and frequency-domain parameters are estimated for the HRV analysis [300]. In

this work, the studied HRV parameters are average cardiac interval (meanNN), average heart rate

(meanHR) and their corresponding standard deviations SDNN and SDHR, root mean square of suc-

cessive differences (RMSSD), percentage of successive intervals differing more than 50 ms (NN50),

triangular index (HRV TI), and power ratio of low to high frequency-band (LF/HF). All the param-

eters are individually determined using AO-AO and RR interval time series.

2.4.3 Materials and methods

In this study, a publically available CEBS database (at PhysioNet archive) [305] and a private database

are used for performance analysis. The CEBS database consists of twenty multi-channel recordings

acquired from twenty healthy subjects. Each recording possesses four channels: ECG (I and II),

respiration signal, and SCG. Recordings were taken in still awake condition and supine position of

subjects in three subsequent states: before listening to music at basal state for 5 min., music listening

state for 50 min., and the music stopped state for 5 min. However, the authors used all the twenty

basal stated recordings (ECG-II and SCG-z) for the study.

The private database contains fifteen multi-channel signals recorded from three healthy male sub-

jects in five different sessions. These sessions involve various physiological modulations and postures:

(i) supine position with normal breathing for 6 min., (ii) supine position with hold or stopped breath-

ing for 40 s, (iii) sitting for 2 min., (iv) standing for 2 min., and (v) exercise recovery. The exercise

recovery includes rope-skipping (1 min.) and plank exercise (30 s) followed by a recovery period of

20 s. The measurement protocols for these sessions (abbreviated as NB, SB, SI, ST, and ER) were

suitably designed. All the signals are resampled at 1 kHz for the experimentation.

2.4.4 Results and discussion

In the proposed method, the AO peaks of an SCG are detected initially along with the identification

of R-peaks in the concurrent ECG signal. An experimental result for the detection of these peaks

is shown in Figure 2.9(a) and (b). The derived AO-AO and RR intervals are used to create traces

of cardiac cycles. Before going deep further into HRV analysis using AO-AO interval time-series,

it is interesting to perform the reliability-test with RR intervals. For instance, it is observed that

the derived AO-AO intervals and RR intervals plotted together in Figure 2.9(c) show similar traces.
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Figure 2.9: Experimental results of cardiac cycle extraction. (a) Detected R-peaks in ECG, (b) detected AO
peaks in SCG, (c) extracted heartbeats from RR and AO-AO intervals, and (d) difference of RR and AO-AO
intervals.

Thus, from the qualitative analysis, it can be said that insignificant differences are observed between

these intervals, as depicted in Figure 2.9(d); however, a quantitative analysis will put more value on

this. Performance results for the validation of heartbeat extraction and HRV analysis are discussed

in the upcoming subsections for both the databases. For further experimentation, we used HRVTool,

an open source software toolbox, available in MATLAB (MathWorks Inc.) to measure the HRV

parameters [302].

2.4.4.1 Validation of Heartbeat Extraction

An experiment is performed to show the possible use of our method in the HRV analysis application.

For this, the cardiac cycles extracted from the AO peaks of an SCG and RR intervals of concurrent

ECG signal are compared, where each of the 20 signals are taken for 30 s duration. The comparison is

shown via regression and Bland-Altman plots in Figure 2.10. It shows Pearson’s R-squared correlation

coefficient equal to 0.98, which reveals a strong correlation. Root mean squared error (RMSE) is

achieved as 17 ms for RR and AO-AO intervals. Also, a good agreement can be observed in the

Bland-Altman plot, as shown in Figure 2.10(b). It shows around 34 ms limits of agreement in 95%
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Figure 2.10: Comparison of heartbeats derived from RR and AO-AO intervals for CEBS data using (a)
correlation plot, and (b) Bland-Altman plot. Limits of agreement (LOA) in 95% confidence intervals are shown
via dotted lines. (Abbreviations used – r2: Pearson’s R-squared correlation coefficient, MD: mean difference,
SD: standard deviation of difference).

confidence interval, and a minimum mean difference (MD) of -0.24 ms.

In a similar manner, correlation and Bland Altman plots are prepared for real-time scenarios of

different postures and physiological modulations. Figure 2.11 shows the Bland-Altman plots along

with regression plots for all the five sessions. The obtained parameters from these plots are also listed

for individual cases in Table 2.3. It is observed that the Pearson’s R-squared correlation coefficient

is equal to 0.84, 0.99, 0.97, 0.94, and 0.97 for NB, SB, SI, ST, and ER cases, respectively. Whereas

RMSE measures are found as approximately 27 ms, 13 ms, 15 ms, 26 ms, and 20 ms, respectively,

for these cases. They reveal a quite strong correlation of AO-AO intervals with RR intervals. A

very few percentage of data lying outside the limits of agreement for all the conditions represent

good agreements with RR intervals, as shown by the LOA measure in the Bland-Altman plots. This

experiment validates our AO peak detection method in heartbeat extraction applications for healthy

volunteers at various physiological variations.

Table 2.3: Parameters obtained after the Bland-Altman analysis of RR and AO-AO intervals at different
conditions.

Conditions
Regression Plot Bland-Altman Plot

RMSE (ms) r2 y=ax+b MD (ms) LOA [U, L] (ms)

NB 27 0.84 1.00x− 2.37 0.02 -53, 54
SB 13 0.99 1.01x− 6.23 0.37 -26, 26
SI 15 0.97 0.98x+ 10.2 -0.57 -31, 30
ST 26 0.94 1.00x− 1.94 -0.47 -52, 51
ER 20 0.97 1.00x+ 1.19 0.05 -40, 40
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(b) Comparison of heartbeats in stopped breathing (SB) condition

Correlation plot Bland-Altman plot

400 600 800

RR (ms)

400

500

600

700

800

900

A
O

A
O

 (
m

s
)

RMSE=15 ms

r
2
=0.97

y=0.98x+10.2

400 600 800

Mean RR & AOAO (ms)

-200

-100

0

100

200

A
O

A
O

 -
 R

R
 (

m
s
)

30 (+1.96SD)

-0.57     MD

-31 (-1.96SD)

(c) Comparison of heartbeats in sitting (SI) position

Correlation plot Bland-Altman plot

400 600 800

RR (ms)

400

500

600

700

800

900

A
O

A
O

 (
m

s
)

RMSE=26 ms

r
2
=0.94

y=1.00x-1.94

400 600 800

Mean RR & AOAO (ms)

-200

-100

0

100

200

A
O

A
O

 -
 R

R
 (

m
s
)

51 (+1.96SD)

-0.47     MD

-52 (-1.96SD)

(d) Comparison of heartbeats in standing (ST) position
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Figure 2.11: Comparison of heartbeats extracted from RR and AO-AO intervals for real time data recorded
in different physiological conditions using correlation [left] and Bland-Altman plots [right]: (a) NB (b) SB (c)
SI (d) ST and (e) ER.
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2.4.4.2 Validation of HRV Parameter Estimation

After the validation of extracted cardiac cycles, the HRV estimation results obtained from AO-AO

intervals are compared with the ones derived from RR intervals. The comparison of HRV indices is

evaluated via absolute error and Pearson’s correlation coefficient measures. Here, the absolute error is

measured in Min-Max normalized HRV indices. Min-Max normalization, scales the data range from

0 to 1. It is defined as follows [306]:

Hn
i =

Hi −min(Hi)

max(Hi)−min(Hi)
(2.16)

where, Hi ∀i(i = 1, 2, · · · , 8) represents a vector corresponding to ith HRV parameter. Then, absolute

error is computed for the normalized indices obtained from ECG and SCG signals as:

|ei| = |Hn
i (ECG)−Hn

i (SCG)| (2.17)

For the CEBS database, Figure 2.12(a) shows a boxplot representing the absolute errors for HRV

indices derived from ECG and SCG signals. The evaluation results show median absolute errors of

5.8×10−4 for meanNN, 0.0177 for SDNN, 4.2×10−4 for meanHR, 0.0122 for SDHR, 0.0560 for RMSSD,

0.0911 for NN50, 0.1657 for HRV TI, and 0.0468 for LF/HF ratio. For all the HRV parameters, it is

observed that the absolute error is very low, indicating the fact that the obtained parameters from

the SCG signal using the proposed method are similar to the parameters derived from the reference

signal.
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Figure 2.12: Boxplot representation of absolute errors between RR and AO-AO derived HRV parameters
for (a) CEBS database and (b) real-time recorded data. (Note that all the HRV indices were processed in
normalized units (n.u.)).
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To validate the proposed method for HRV analysis, the comparison of HRV results is also evaluated

for the real-time recorded data. In a similar way, absolute deviations of SCG derived HRV indices

are evaluated with the ECG derived indices, as shown in Figure 2.12(b). For the estimated HRV

parameters, the median absolute deviations are found to be around 4.8 × 10−4, 0.0649, 3.5 × 10−4,

0.1425, 0.1661, 0.1032, 0.1299, and 0.0783, respectively. Furthermore, we have measured the normal-

ized cross-correlation (NCC) values between the HRV parameters estimated from AO-AO intervals and

RR intervals of both CEBS and our real-time recorded data, as shown in Figure 2.13. The obtained

insignificant absolute errors and good correlations for HRV indices signify that HRV parameters can

be accurately achievable by the proposed method. To be more specific, the quantitative analysis of the

experimental results indicates that four SCG derived indices, including meanNN, SDNN, meanHR and

LF/HF, are the best surrogates of the ECG derived respective indices among all. Thus, the statistical

comparison justifies our proposed method for HRV analysis.
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Figure 2.13: Correlation plot analysis for estimated HRV indices from ECG and SCG signals of both real-time
and CEBS data.

During rigorous exercises and ambulatory conditions, the SCG signal quality is usually affected by

motion artifacts caused due to body movements, friction noise, and respiratory efforts. In this work,

HRV measurements from the SCG signal are analyzed under five different physiological conditions

without considering large body movements. However, for more generalization, our HRV estimation

method should be robust towards these artifacts. The introduction of multi-sensor data recording

along with appropriate adaptive filtering techniques can make our method more robust toward body

movements of a subject. Thereafter, it can be tested and validated on different physiological and
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pathological conditions under dynamic set-up in future works. We believe that the current work would

open opportunities to explore and implement new research ideas and efforts for the cardiovascular

assessment using SCG.

2.4.5 Conclusion

In this work, we have proposed a reliable SCG-based HRV estimation method. For this purpose, our

MVMD-based AO instant detection method integrated with the proposed post-processing scheme was

investigated. All the experiments were performed on a publicly available CEBS database and our own

registrations acquired at various physiological variations. The method has been validated for a robust

heartbeat extraction by comparing the AO–AO intervals with RR intervals extracted from a reference

ECG. It shows a high correlation and agreement between these intervals. The obtained HRV indices

from the AO–AO intervals are also statistically compared with the parameters derived from the RR

intervals in terms of absolute errors and NCC coeffcients. The performance results clearly show that

our method is able to produce similar HRV results that are obtained from a standard ECG signal.

However, a clinical validation is still needed for cardiac pathological conditions.

2.5 Identification of Ventricular Depolarization Events

Systolic time intervals (STIs) offer clinical assessments of risk factors associated with the cardiac mus-

cle dysfunction [307]. Systolic intervals such as, pre-ejection period (PEP), left ventricular ejection

time (LVET), and their ratio (PEP/LVET), also called Weissler index are useful for diagnosing cardiac

systolic dysfunctions [308]. PEP is defined as the time interval between the start of left ventricular

depolarization (onset of R-peak in ECG) and aortic valve opening (AO peak in the SCG), and LVET

corresponds to the time interval between the opening and closure instants of the aortic valve, repre-

senting the time required for left ventricles to eject blood from the aorta. These STIs are considered as

a marker for the left ventricular function that reflects changes in sympathetic activity and myocardial

contractility, left ventricular end-diastolic volume, aortic diastolic pressure, and cardiac output [309].

Despite the individual application of PEP and LVET, the ratio between them is also regarded as

a useful measurement of left ventricular dysfunction. The left ventricular performance is inversely

proportional to the PEP/LVET ratio and the ratio value 0.423 is used to diagnose patients with heart

failure caused due to systolic dysfunction [125]. Clinically, echocardiography is considered as a gold

standard for the measurement of STIs [310,311]. However, this method is not so convenient for long-
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term continuous monitoring in personalized home healthcare due to having numerous reasons, such as

use of bulky, and expensive sensor system and expert requirement for system setup and interpretation.

In literature, few other sensing techniques are being proposed for STIs measurement, such as oxygen

saturation, radial pulse pressure, impedance cardiography (ICG), simultaneous recording of ECG,

phonocardiogram (PCG) and carotid arterial pulse [125]. However, these methods requires more than

one cardiac sensing devices for the measurements. Involvement of multiple cardiac waveforms and

estimating the precise time instants of the required fiducial points is computationally complex and

may be expensive. Additionally, the flexibility and mobility of the user gets limited due to use of

multiple sensing devices.

To address the limitation of the existing methods, our objective is to extract all the fiducial points

required for measuring STIs from the SCG waveform. The time information of fiducial points of SCG

is useful in the estimation of clinically significant systolic and diastolic time intervals. Among STIs,

the fiducial points required to measure LVET, i.e. opening and closing instants of aortic valve are

well captured by SCG. However, measurement of PEP relies on two essential timing information, (a)

ventricular depolarization events, usually embedded in the ECG’s R-peaks, and (b) SCG’s AO peaks.

Thus, estimation of PEP involves multiple cardiac sensing modalities. To avoid the use of multiple

sensors, this study investigates to generate R-peaks instants on SCG waveform for PEP measurement

using a single accelerometric sensor.

As an emerging signal, although SCG has been explored in various cardiac investigations since last

decades, its utility to detect its generating cause would be quite interesting. The SCG waveform carries

a most prominent AO peak corresponding to aortic valve opening, a cardiac action in response to the

ventricular depolarization (VD). VD is a major cardiac event and its assessment provides diagnosis

and prognosis of multiple life-threatening diseases, such as atrioventricular (AV) blocks and bundle

branch blocks [312]. It is often characterized by R-peak of an ECG waveform. Thus, generation of

AO peaks in SCG and R-peaks in ECG can be explicitly mapped as cause and effect. Due to this fact,

it is extremely intriguing to investigate the association between R-peak events and SCG features. By

estimating R-peaks on SCG, the SCG may put a step closer to become an integrated cardiac health

solution exhibiting vital mechanical and electrical specifics of heart activities. This investigation is the

first ever one of its kind where R-peak instants are estimated using cardio-mechanical events rendered

by SCG fiducial points. The detected fiducial points of SCG signal are provided into the trained deep
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feedforward neural network (DFN) to detect R-peaks. The estimated R-peaks along with the SCG

feature points can be used to measure STIs for the assessment of ventricular dysfunction.

2.5.1 R-peak detection using SCG information

The detected AO and pAC peak instants are used to derive two more useful cardiac features, such

as AO-AO tachogram and LVET′. Along with these four features estimated from SCG signal, static

demographic features such as age and gender of each individual are also considered as input features

to train the models for R-peak estimation. In this work, we employed a DFN to predict the R-peak

instants. Here, the network is trained on R-peaks of reference concurrent ECG signals.

Deep Feedforward Neural Network (DFN):

The DFN is based on artifical neural network (ANN) architecture. It is composed of a node layers,

containing one or more hidden layers between the input and output layers. With the advancement in

hardware and technology, ANNs have progressed immensely from research to industrial applications.

Also, ANN effectively works on unstructured data with comparable performance to human experts.

Looking into the advantages of ANN, in this study, a five-layer DFN is designed and used. Here, the

weights of the network kernels are initialized using normal initializer. Using an Adam optimizer, the

network was trained for 500 epochs with batch size 32. The DFN architecture used in this study is

illustrated in Table 2.4.

Table 2.4: The DFN architecture

Layer Layer type Activation
function

Neurons
count

Parameters

1 Input ReLU 32 224
2 Hidden ReLU 64 2112
3 Hidden ReLU 64 4160
4 Hidden ReLU 64 4160
5 Output Linear 1 65

2.5.2 Results and Discussion

This study was conducted using self-recorded data, as described in Section 2.1. The detected AO

and pAC feature points of an SCG were further used to derive AO-AO and LVET′ features. These

four features along with the age and gender of all individuals, were used as input features for the

proposed model to generate R-peak instances. Since the gender feature (male/female) is represented
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as a string, it was one-hot encoded before model training. Male subjects were coded as 1, while

female subjects were coded as 0. The final dataset can be represented in (N × M) matrix form,

where M denotes the features and N represents the total number of cardiac cycles. While, the

corresponding reference R-peak values, detected using the Pan–Tompkins algorithm [304] are placed

in N × 1 vector form. Finally, the dataset was split into 80% and 20% for training and testing

purposes. The size of the input feature vector is 32 × 1 × 6 (B × C × L), where B is the batch size,

C is the number of channels, and L is the length of the feature vector. While, the dimension of the

model’s output is 32 × 1 (B × 1). The dataset contains a total of 6609 observations, corresponding

to the number of cardiac cycles obtained from ten subjects. Figure 2.14 shows a SHapley Additive

exPlanations (SHAP) plot representing the importance of features and their contributions in model

for predicting VD events, where impact is shown for neural network model. Among all, AO seemed the

most significant feature and was directly proportional to the model outcomes, i.e., R-peak instants.

Whereas pAC was identified as the second most prominent feature and a similar relation was observed

with the model output. The plot encouraged us to perform an ablation study on features for the

prediction analysis. The utilized features are distinctive, and AO and pAC are highly correlated with

the ground-truth R-peak values. Based on feature importance, an ablation study was carried out

for the input features that was implemented using recursive feature elimination (RFE). In case-1,

all features were used to build the models. Then, less relevant features were eliminated iteratively

in successive cases, and the models were trained with the remaining features. Table 2.5 shows the

experimental results of the ablation test performed on the proposed model. Also, the performance of

the model is compared with the traditional random forest (RF) [313] and eXtreme gradient boosting

(XGBoost) [314] models as presented in Table 2.5. The performance of all the three methods were

evaluated and compared using statistical parameters, such as MAE, RMSE, and SDE. Additionally,

a statistical ANOVA test was performed on each of the methods to reveal the significance of model

Table 2.5: Statistical comparison between the estimated and the ground-truth R-peak instants

Ablation Test
RF XGBoost DFN

MAE RMSE SDE MAE RMSE SDE MAE RMSE SDE

Case 1: AO, pAC, LVET, AO-AO, Gender, Age 0.123 0.200 0.200 0.171 0.238 0.238 0.080 0.167 0.164
Case 2: AO, pAC, LVET, AO-AO, Gender 0.123 0.201 0.200 0.171 0.238 0.238 0.077 0.166 0.165

Case 3: AO, pAC, LVET, AO-AO 0.123 0.200 0.200 0.171 0.238 0.238 0.069 0.167 0.162
Case 4: AO, pAC, LVET 0.123 0.200 0.200 0.174 0.248 0.248 0.073 0.175 0.168

Case 5: AO, pAC 0.120 0.198 0.197 0.174 0.248 0.248 0.077 0.184 0.174
Case 6: AO 0.107 0.184 0.184 0.167 0.241 0.241 0.061 0.162 0.160
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Figure 2.14: SHAP beeswarm plot exhibiting importance of features and their association with DFN-model
output.

Table 2.6: Median absolute error values of ANOVA test for all the ablation cases

Case RF XGBoost DFN

1 0.078 0.131 0.040
2 0.078 0.131 0.042
3 0.077 0.131 0.021
4 0.076 0.132 0.025
5 0.077 0.132 0.017
6 0.069 0.124 0.032

performances in all ablation cases. It is presented using boxplot of the absolute error between the

ground-truth and the predicted R-peak values as shown in Fig 2.15. Also, the median absolute error

values of the ANOVA test are presented in Table 2.6. From the tables and the graphical results, it

was observed that all the methods were able to detect R-peaks using the provided SCG features with

minimal error values. However, the proposed DFN model had achieved better results in comparison

to the other two models. Also, from the ablation study, we found that the most significant feature i.e

AO had produced the minimum error values for all the three methods. The significance of the AO

feature is highlighted by the scatter plot of reference and estimated R-peak instants, as shown in Fig.

2.16(a). The plot clearly demonstrates that the estimated values align closely with their corresponding

ground-truth values. Furthermore, the agreement between the R-peaks estimated from SCG and the

ideal ECG signals is illustrated via Bland–Altman plot in Fig. 2.16(b). It shows around 0.3 limits of

agreement (LOA) in 95% confidence interval, and a minimum mean difference (Mean) of -0.02. This

experiment reveals good agreement of the estimated R-peaks with reference R-peaks. Thus, this shows

the standalone ability of the AO peaks in the detection of R-peak instants. As a future direction, the
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Figure 2.15: Boxplots representing performance of three ML models with an absolute prediction error metric
for all six ablation cases (p < 0.001).
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2.6 Summary

detected R-peaks along with SCG’s feature points can be utilized to measure PEP, LVET, and PEP/

LVET ratio for the assessment of ventricular dysfunction.
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Figure 2.16: Experimental results for case 6. (a) Scatter plot of reference and estimated R-peak instants (b)
Bland-Altman plot showing the agreement between reference and estimated R-peak timings with minimum

mean error values.

2.5.3 Conclusion

In this study, R-peaks of ECG signal are detected on SCG waveform. The feature points of SCG along

with the age and gender of each individual are considered as input features of the models to predict

the R-peaks. For this, we utilized a deep feedforward neural network (DFN). The method is tested

and validated using our in-house recorded data that are collected from ten healthy individuals in

supine position. The estimated R-peaks from the model are statistically compared with the reference

R-peaks of ECG signal in terms of MAE, RMSE and SDE. Also, the method is compared with

traditional machine learning (ML) algorithms, such as random forest (RF) and extreme gradient

boosting (XGBoost). The performance results shows the efficiency of each model in the detection

of R-peaks. The evaluation metrics indicates that all the three models performed similarly with

minimum error values. However, in comparison to RF and XGBoost, the proposed model achieved

the best performance of approximately MAE = 0.080, RMSE = 0.167, SDE = 0.164. Thus, this

study show the potential application of an accelerometric sensor to integrate both cardio-electrical

and mechanical events for ventricular function assessment using systolic time intervals information.

2.6 Summary

In this chapter, three cardiac parameters are estimated using the feature points of the SCG signal.

Initially, SCG signals are delineated by employing a data-adaptive MVMD model and a few simple
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decision rules to estimate AO instants. The utilized method prioritize the extraction of prominent AO

phase information as an initial step, which further helps in the estimation of other fiducial points of an

SCG. The identified AO instants were used for estimating pAC instants, which collectively contribute

to the derivation of cardiac parameters, including BP, HRV indices, and STIs. A mathematical model

based on LVET′ and HR is designed to estimate both SBPs and DBPs using an individual calibration

procedure. In the second study, the detected AO instants are used to derive the AO-AO interval

time series, which are investigated for HRV analysis. In the third section, all the extracted mechanical

features of SCG are combined with demographical information of subjects to identify R-peaks on SCG

using a DFN. Subsequently, the identified R-peaks on SCG are used to demonstrate the potential

standalone application of SCG in the measurement of STIs. The performance evaluation of each

measurement study shows the potential of SCG to be a part of health assessment tools. However,

acquiring SCG data requires direct contact of the sensor to the subject’s body, which may cause

discomfort and limit mobility. To address the drawbacks of SCG modality, in the next chapter, we

will discuss a non-contact camera-based method for vital signs measurement.
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The heart rhythm is a vital cardiac parameter that plays a key role in noninvasive assessment of various

cardiovascular-phenomena, such as cardiac output and BP in hemodynamics, and HRV measures in

assessing autonomous nervous system [315]. Estimating HR information is of a great importance

in determining physiological health and mental state of an individual. The HR is influenced by

many factors, such as air temperature, body posture, physical exercise, medication, emotions and

numerous other factors. Therefore, estimation of precise HR is a challenging task. For medical

practice, there exists a lot of HR measurement tools like ECG, PPG, and heart sound. However,

these cardiac modalities use the sensors that need to be in contact with the body. This contact-based

approach limits the flexibility and the mobility of users. Moreover, recording and analysis of the

signals need a well-established clinical setup and an expert. In last few decades, researchers are more

concerned about developing contactless cardiac monitoring systems to overcome the limitations of the

conventional contact-based methods. Non-contact cardiac health assessment has been accomplished

by laser and microwave doppler radar [316, 317]. However, these techniques require the use of highly

specialized and expensive sensors. To overcome these limitations, the proposed method utilizes rPPG

technology for remote HR estimation. The proposed model combines an adaptive and non-recursive

2D variational mode decomposition (2D-VMD) model with azimuthally averaged power spectrum

density (AAPSD) and kurtosis measures for the extraction of a reliable rPPG signal. Subsequently,

HR values are measured from the extracted rPPG signal. The organization of this chapter is as follows:

the description of VMD-based framework is discussed in Section 3.1. Section 3.2, describes the utilized

dataset and examines the experimental results of the framework to assess its efficacy.

3.1 Variational Mode Decomposition Based Framework

The 2D-VMD method is analogous to its 1D-predecessor, where it non-recursively decomposes a

2D analytical signal/image into a finite number of intrinsic mode functions (IMFs). Ensembling these

IMFs reproduces the original image either exactly or in least-square sense [318]. The 2D-VMD has

a wide ranging applications in the field of image processing like image fusion, feature extraction and

classification, image dehazing, and image denoising [319–321]. However, the 2D-VMD algorithm has

not been explored to denoise the video frames corrupted with noises, such as illumination variation

and motion artifacts. Earlier, illumination variation was suppressed by an adaptive signal processing

algorithm known as empirical mode decomposition (EMD) [322]. Bhagavatula et al., used the EMD
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Figure 3.1: Block diagram of the proposed method

algorithm to decompose a facial image into their IMFs and subsequently, the facial image was recon-

structed by selective ensembling of IMFs that do not contain illumination effects. The EMD technique

has a good time-frequency resolution. However, it has some limitations, such as extremal point find-

ing, interpolation of envelopes, stopping criterion, mode mixing, sensitivity to noise and the lack of

mathematical theory [318]. These limitations are well addressed by the VMD scheme. The VMD

algorithm is based on well-founded mathematical concepts, and it is less susceptible to noise because

wiener filter is used to update the modes in the Fourier domain. Additionally, convergence criterion is

well controlled to effectively eliminate mode mixing with a high noise immunity [318]. In our proposed

method, the VMD model is used to compensate illumination variation and motion artifacts. Earlier

studies show that only the low-frequency component is sensitive to illumination changes, whereas the

corresponding high-frequency components are more robust to illumination changes [323, 324]. Also,

most of the image information is concentrated in lower order IMFs as compared to higher order

IMFs [321,324]. Hence, a proper selection of modes is important to get the significant information of

an image. However, it is a crucial task to select the informative modes from the decomposed modes.

To overcome this problem, we have combined the 2D-VMD with the AAPSD and kurtosis measures

to retain the useful information of the image. It may help to extract a reliable rPPG signal. The
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block diagram of the proposed method is shown in Figure 3.1. It consists of three modules: (i) spatial

filtering (ii) rPPG signal extraction and temporal filtering (iii) peak detection and HR estimation.

Each of the modules is explained in detail in the following subsections.

3.1.1 Spatial filtering of facial video frames

The basic building blocks of the VMD algorithm are Wiener filter, Hilbert transform, and har-

monic mixing. A real valued multicomponent 2D signal/image f(x) is decomposed using 2D-VMD

into a finite number of 2D IMFs mk(x), which are mostly centered around a central frequency ωk.

The bandwidth of each mode is assessed by the following steps [318]:

(i) Construction of an analytic signal for each mode mk(x) by means of 2D-Hilbert transform to

obtain a single-sided frequency spectrum.

mAS,k(x) = mk(x)*

(
δ(⟨x, ωk⟩) +

j

π⟨x, ωk⟩

)
δ (⟨x, ωk,⊥⟩) (3.1)

where j =
√
−1 and k (k = 1, 2, · · · ,K) denotes the number of modes. mAS,k(x) is the analytic

signal of kth mode, δ(·) is the unit impulse function, * is the convolution operator, and ωk, ωk,⊥

are the orthogonal pair.

(ii) Spectrum of each analytic signal is shifted to the baseband by mixing with an exponential

e−j⟨ωk,x⟩ tuned to the corresponding estimated centre frequency ωk.

mAS′,k(x) = [mAS,k(x)] e
−j⟨ωk,x⟩ (3.2)

(iii) Finally, bandwidth is estimated through the squared L2-norm of the gradient (denoted by ∇) in

Eq. (3.2):

∥∇
[
mAS′,k(x)

]
∥22 (3.3)

The resultant constraint variational problem of the 2D analytic signal is obtained by the above

Eqs. (4.1)–(3.3) as:

min
{mk,ωk}

∑
k

αk∥∇
[
mAS′,k(x)

]
∥22

s.t.
K∑
k=1

mk(x) = f(x) (3.4)
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where α represents the balancing factor for bandwidth allowance, mk = {m1,m2, · · · ,mK}

and ωk = {ω1, ω2, · · · , ωK} represents the sets of decomposed modes and their corresponding

center frequencies. The above constraint optimization problem (Eq. (3.4)) is addressed by

using augmented Lagrange multipliers and a quadratic penalty term. Lagrange multipliers are

generally used to enforce constraints strictly, whereas quadratic penalty term is used to stimulate

reconstruction fidelity. The resultant unconstrained problem is expressed as:

LM (mk, ωk, λ) =
∑
k

αk∥∇
[
mAS′,k(x)

]
∥22 + ∥f −

K∑
k=1

mk(x)∥22 + ⟨λ(x), f −
K∑
k=1

mk(x)⟩ (3.5)

where λ is the Lagrange multiplier. To solve Eq. (3.5), alternate direction method of multipliers

(ADMM) is used [318]. The optimized solution of the 2D variational constraint model is obtained

as:

� Minimization of the argument of unconstrained problem (Eq. (3.5)) w.r.t. mk, shows the

Wiener filter behavior and is expressed as:

m̂n+1
k (ω) =

f̂(ω)−
K∑
k=1

m̂k(ω) +
λ

2

1 + 2αk(ω − ωk)2
(3.6)

where n is the iteration index, f̂(ω) and m̂k(ω) are Fourier transform of f(x) and mk(x),

respectively.

� Minimization w.r.t. center frequency ωk on the half plane Ωk is expressed as:

ωn+1
k =

∫
Ωk
ω|m̂k(ω)|2dω∫

Ωk
|m̂k(ω)|2dω

(3.7)

� Maximization w.r.t λ is achieved by gradient ascent and expressed as:

λ̂n+1(ω)←− λ̂n(ω) + τ

(
f̂(ω)−

∑
k

m̂n+1
k (ω)

)
(3.8)

where the convergence criterion is given as:

K∑
k=1

∥m̂n+1
k − m̂n

k∥22
∥m̂n

k∥22
< ϵ (3.9)

The above optimization solution is obtained in the frequency domain and therefore, the corre-

sponding time domain modes are estimated as the real part of the inverse Fourier transform of

the respective filtered analytic signal.
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Due to having better pulsatile strength with low noise power, only green channel is used for the

processing in the proposed method. The employed VMD scheme mainly depends on two major

parameters: the balancing parameter (α) and the number of modes (K). Bandwidth of a mode is

controlled by the α parameter, whereasK controls the distribution of energy. For a specific application,

both the parameters are required to be selected optimally. The proposed algorithm uses a small alpha

(α = 10) for decomposition of each frame into five modes (K = 5). These parameters were determined

to be optimal for separating the frequency components of a frame. The criterion of mode-separability

was achieved by estimating the minimum spectral correlation between successive modes. Subsequently,

the frame is reconstructed after discarding non-useful modes. The process is explained in the following

subsections. For further computations on 2D image data, the notations for original image f(x) and

mode mk(x) are changed by f(x, y) and mk(x, y), respectively, and their Fourier transform pairs are

represented by f̂(u, v) and m̂k(u, v) from 3.1.2.

3.1.2 Proposed reconstruction scheme

The original image contains both signal and noise information that are resolved into different IMFs.

Let’s suppose, f(x, y) be the original frame that is expressed as:

f(x, y) = m0(x, y) +

L(<K)∑
k=1

ϕk(x, y) +
K∑

k=L+1

ψk(x, y) (3.10)

where m0(x, y) is the lowest order mode that captures the illumination effect [322], ϕ(x, y) repre-

sents a set of useful modes (mode-1 to mode-L) containing the signal information, where L relies on

AAPSD of all the modes and an applied criterion based on their kurtosis measurements. From the

experimentation, it was found that in most of the cases, modes 1 and 2 satisfy the selection criterion

for obtaining useful modes. The last component ψ(x, y) carries the unwanted modes that may con-

tain non-rigid motion artifacts caused due to eye blinking, emotion expressing, and mouth movement.

The proposed reconstruction method relies on AAPSD of modes and their kurtosis measurements.

For each of the decomposed modes, the 1D-PSD is measured using AAPSD, and subsequently, the

corresponding kurtosis measurement is performed. Here, reconstruction of the frame is achieved by

synchronized aggregation of the modes having super-Gaussian behaviour. The AAPSD and kurtosis

measurements for each mode are explained as follows:
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3.1.2.1 Azimuthally averaged power spectrum density (AAPSD)

The 2D-PSD is a Fourier analysis-based technique that is used to measure the frequency compo-

nents of an image. For each mode, the 2D-PSD is measured as the squared amplitude per unit area

of its corresponding spectrum and is expressed as [325]:

PSDk(u, v) =
1

A
|m̂k(u, v)|2 (3.11)

where u, v are the spatial frequencies, and A corresponds the total number of pixels in an image. The

power spectrum contains 2D information, but it is often useful to summarize the spectrum with its

1D representation. The 1D-PSD can be approximated from 2D-PSD representation by gathering and

averaging similar frequency components into a vector that shows the same profile as the original PSD

function, without loosing relevant information. Hence, an azimuthal integration is applied to compute

the 1D-PSD information from the 2D power spectrum. The azimuthal PSD either sums or averages

2D spectrum values radially from the origin [325]. The radial frequency variable, ρ, is defined as:

ρ =
√
u2 + v2 (3.12)

The expression to obtain AAPSD from the mode spectrum is given as:

γk(ρ) =
1

P

∑
∥u,v∥2<ρ

PSDk(u, v) (3.13)

where P is the total number of pixels within the radii ρ of the 2D spectrum, and ρ ∈ [0,Wk/2],

where Wk represents the width of the 2D spectrum of kth mode. Figure 3.2 shows the decomposed

IMFs of a video frame recorded under natural light. The IMFs are processed to estimate the 2D

power spectrums, and further summarized by the AAPSD for better visualization and understanding

of the spectral components. The AAPSD clearly shows that the frequency components are distributed

in ascending order in the consecutive modes as depicted in Figure 3.2(d)-(h). It is observed that

the illumination component of the frame is captured by the zeroth mode, whereas, the unwanted

information falls in the higher order modes. In most of the cases, modes 1 and 2 satisfies the condition

of frame reconstruction.
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Figure 3.2: Power spectrum representation of a video frame. (a)–(c) Estimation of azimuthally averaged
power spectrum density (AAPSD), where spectral power is measured radially over the 2D spectrum. An
example is shown via red, blue and cyan rings as different frequency components. (d)–(h) modes [left] with
their corresponding 2D-PSDs [middle] and AAPSDs [right].

3.1.2.2 Proposed Multimode Kurtosis

Kurtosis is the fourth standardize moment that indicates the sharpness of the peak of probability

distribution [326]. Here, the kurtosis is used to measure Gaussianity of each AAPSD sequence, and

hence, it is named as multimode kurtosis. Based on the kurtosis value, the Gaussanity of any prob-

ability distribution is classified into three categories, (i) Gaussian (kurtosis = 3), (ii) sub-Gaussian

(kurtosis < 3), and (iii) super-Gaussian (kurtosis > 3) [326]. The multimode kurtosis for the kth mode
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AAPSD (γk(ρ)) is computed as:

βk =

1

Wk/2

Wk/2∑
ρ=1

(
γk[ρ]− γk[ρ]

)4
(

1

Wk/2

Wk/2∑
ρ=1

(
γk[ρ]− γk[ρ]

)2)2 (3.14)

where (̄.) corresponds to mean operator. Here, we assumed that the non-rigid motion artifacts in a

video frame are mainly captured by higher order modes and they will show sub-Gaussian behavior

(i.e., β < 3) for their AAPSDs. As an experiment, when the multimode kurtosis is estimated, it

is found to have a value less than 3 for the higher order AAPSDs. This shows the sub-Gaussanity

behaviour of the noisy modes and thus, enables us to classify the signal dominant modes from the

noisy modes. Figure 3.3(a) and (b) show the measured kurtosis values of AAPSDs for video frames

under studio and natural light, respectively. It is concluded that that the kurtosis value decreases for

the higher order modes. Finally, the image is reconstructed by selecting the signal dominant modes
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Figure 3.3: Multimode kurtosis measurement of the estimated AAPSDs under — (a) studio light, and (b)
natural light.

having the super-Gaussian AAPSDs. The reconstructed frame is expressed as:

r(x, y) =
∑
k∈ζ

mk(x, y) where ζ = arg
k
(βk > 3) (3.15)

Figure 3.4 shows the decomposed modes and reconstructed image under both the lighting conditions.

It shows the distribution of the original image components by different modes, and the reconstructed

frame r(x, y) that is obtained by summing useful subbands.
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Figure 3.4: Reconstruction of frames after denosing from the 2D-VMD approach under — (a) studio light,
and (b) natural light.

3.1.3 rPPG signal extraction and HR estimation

After the frame reconstruction, few facial regions, including forehead, right and left cheeks are

selected as regions of interest (ROIs) for the extraction of rPPG signal. The signal is computed by

spatial averaging of the pixels in the selected ROIs as:

rPPG =
1

TP

3∑
i=1

M−1∑
x=1

N−1∑
y=1

ri(x, y)

 (3.16)

where i acts as an ROI index representing forehead, right cheek and left cheek regions, and TP is the

total number of pixels within all the three ROIs. An interpolation operation is performed to increase

the temporal resolution of the obtained trace from 20 Hz to 256 Hz. The unwanted frequencies other

than cardiovascular pulse is filtered out by applying a fifth-order Butterworth bandpass filter with

cut-off frequencies 0.8 and 4 Hz (that corresponds to 48-240 beats per minute (bpm)). The order of

the filter is selected empirically starting from 2, and an optimal smallest order is found to be 5. Then

peaks are detected in the filtered signal by employing simple amplitude-temporal thresholding-based

technique. Figure 3.5 shows the detected peaks in the ground truth PPG signal and the filtered rPPG

signal. The time intervals between the consecutive peaks are used to measure the HR in bpm that is

calculated as:

HR =
60

1

J

J∑
j=1

CIj

(3.17)

where j(j = 1, 2, ...J) corresponds to the heartbeat index. The cardiac interval, also denoted by CI,

is measured as: CI = ti+1− ti, where ti is the time instant of the ith peak of the filtered rPPG signal.
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Figure 3.5: Peak detection results for the reference PPG and the filtered rPPG signals.

3.2 Materials and evaluation

3.2.1 Datasets

Experiments are performed on two datasets, a private one and the publicly available COHFACE

database. For both the datasets, videos were recorded in sitting position without any large body

movements. The datasets consist of subjects with varying demographics, such as age, gender and skin

tone. The COHFACE dataset contains 160 videos of 40 healthy individuals (12 females and 28 males,

age: 35±11 yrs), each one minute long. Videos were recorded at a rate of 20 fps with a resolution of

640 × 480. Simultaneously, blood volume pulse (BVP) signal was acquired at a sampling frequency of

256 Hz. Each participant contributes four sets of data, two under studio light using a 400W halogen

light, followed by other two under ambient light by keeping the blinds open.

The private dataset was recorded for five minutes from 25 healthy subjects (4 females and 21 males,

age: 28±2 yrs) under both studio and natural lighting conditions. The videos were recorded under

a 36W tubelight for studio lighting condition, whereas blinds were kept open for the natural lighting

condition. Facial videos were captured using a webcam from QHMPL at a 6 fps rate with a 640 ×

480 resolution and saved in the AVI format. As a reference, the PPG was recorded at fingertip using

Nonin medical’s SenSmart® optoelectronic finger clip sensor. The video and reference signal were

synchronously obtained using MP150 DAQ system (BIOPAC Systems, Inc., CA, USA). The data was

recorded with the prior consent of the subjects after getting approval from institutional ethics review

board, IIT Guwahati.
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3.2.2 Results

The performance of the proposed method is statistically and graphically evaluated by comparing

the estimated HR values with the reference HR measurements. Additionally, a comparison is made

with the well established ICA-based method [178]. Figure 3.6 shows the block diagram of the ICA-

based method. In this method, the ICA approach was applied on the facial RGB traces followed

by temporal filtering for HR estimation. Table 3.1 presents the statistical comparison between the

estimated HRs in terms of mean error (ME, Eq. (3.18)), root mean square error (RMSE, Eq. (3.19))

standard deviation of error (SDE, Eq. (3.20) and correlation coefficient (R, Eq. (3.21)) for both

COHFACE and private datasets.

Figure 3.6: Block diagram of the earlier ICA-based method

ME =
1

N

N∑
i=1

(HRi −HR†
i ) (3.18)

RMSE =

√√√√ 1

N

N∑
i=1

(HRi −HR†
i )

2 (3.19)

SDE =

√√√√ 1

N

N∑
i=1

[(HRi −HR†
i )−ME]2 (3.20)

R =

∑
i(HRi −HR)(HR†

i −HR†)√∑
i(HRi −HR)2(HR†

i −HR†)2
(3.21)

In the above equations, the reference heart rate is denoted as HR, the heart rate estimated from the

video is denoted as HR†, and N is the total number of heartbeats.

For the COHFACE dataset under studio lighting scenario, the ME, RMSE and SDE measures are
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Table 3.1: Statistical comparison between HRs (bpm) estimated from the camera-sensor-based methods and
conventional PPG sensor technique.

Dataset → COHFACE Private Dataset

Methods Statistical parameters Studio Light Natural Light Studio Light Natural Light

ICA-based

ME 5.95 8.53 25.72 25.20
RMSE 16.89 16.93 28.49 27.25
SDE 15.91 14.72 12.51 10.59
R -0.04 0.60 0.06 0.32

y = ax+ b -0.04x+66.67 0.52x+23.95 0.05x+53.35 0.22x+39.15
ME+1.96(SDE) 37.14 37.38 50.26 45.97
ME−1.96(SDE) -25.24 -20.33 1.18 4.43

Proposed

ME -0.94 -0.51 -0.28 -0.32
RMSE 2.41 2.51 0.82 0.80
SDE 2.23 2.47 0.79 0.75
R 0.98 0.99 0.99 0.99

y = ax+ b 0.92x+6.05 0.98x+2.03 0.98x+2.07 0.97x+3.02
ME+1.96(SDE) 3.43 4.33 1.27 1.15
ME−1.96(SDE) -5.31 -5.35 -1.83 -1.79

found to be 5.95 bpm, 16.89 bpm, and 15.91 bpm, respectively for the HR estimated using the ICA-

based method. Whereas, they are found to be -0.94 bpm, 2.41 bpm, and 2.23 bpm, respectively using

the proposed method. For natural lighting condition, the results are obtained as 8.53 bpm, 16.93 bpm,

and 14.72 bpm, respectively using the ICA-based method, and they are found to be -0.51 bpm, 2.51

bpm and 2.47 bpm for our proposed method. Similarly, on private dataset the results under studio

lighting condition are found to be 25.72 bpm, 28.49 bpm, and 12.51 bpm for ME, MAE and SDE,

respectively using the ICA-based method, and -0.28 bpm, 0.82 bpm and 0.79 bpm using the proposed

method. Under natural light, the parameters are found to be 25.20 bpm, 27.25 bpm and 10.59 bpm

using the ICA method, and -0.32 bpm, 0.80 bpm and 0.75 bpm using our method. It is observed from

Table 3.1 that the errors obtained from the proposed method is considerably low as compared to the

ICA-based method, thus showing the robustness of our method in accurate detection of HR parameter.

However, due to the involvement of both spatial and temporal filtering, the proposed method requires

a bit more computational time than the ICA-based method, with a large extent of improvement in

the performance. The overall HR traces obtained using rPPG methods and ground truth sensor are

shown in Figure 3.7(a) and (b) under studio and natural lights, respectively. Here, x -axis represents

the video sample number and the y-axis represents the estimated average HR of the corresponding

video data. It clearly show that our proposed method tracks well to the ground truth values. For

more quantitative results, the Bland-Altman analysis is performed on these reference and estimated
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Figure 3.7: Comparison of HR information derived from the proposed method with the estimated HR from
the ICA-based method and the reference HR from the PPG under — (a) studio light, and (b) natural light.

HRs. Figs. 3.8 and 3.9 show the Bland-Altman plots to reveal the agreement between estimated and

reference HRs for both COHFACE and private datasets, respectively. Here, the estimated HR values

using both the proposed method and the ICA-based method are plotted against the HR measured

from the reference PPG signal. The x-axis represents the mean HR obtained from the reference PPG

and camera-based rPPG signal, whereas the difference between both the HR values is represented

by the y-axis. Successively, the bias or mean of the differences is measured along with 95% limits of

agreement (LOA) that are defined as mean±1.96×SDE. Both mean and LOA values are also listed

in Table 3.1 for both the methods. The private dataset under both the lighting conditions is showing

the minimum value of bias and LOA for our proposed method. For studio lighting condition, the

mean bias is -0.28 bpm with the LOA of -1.83 to 1.27 bpm. While, they are found as -0.32 bpm and

-1.79 to 1.15 bpm, respectively under natural lighting condition. Also, for the COHFACE dataset,

the obtained bias and LOA using our proposed method are significantly small as compared to the

ICA-based method. This remarkable results show that the proposed method improves the estimation

of HR under various dynamic condition. Further, the performance comparison is also shown in terms

of correlation coefficients (R). The correlation coefficients between the HR values obtained from the

PPG sensor and the camera-based system using the two methods are presented in Table 3.1. For

the COHFACE dataset, the ICA-based method produces correlation as -0.04 and 0.60 under studio

and natural light, respectively. Whereas, they are found to be 0.98 and 0.99 using our method. For

the private dataset, both the methods achieve the correlation coefficient pairs, (0.06, 0.32) and (0.99,

0.99), respectively for the studio and natural lighting conditions.
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Figure 3.8: Bland-Altman plots for evaluating our HR estimation method under studio [left] and natural
[right] lights for the COHFACE dataset. (a)-(b) ICA-based method, and (c)-(d) proposed method. The PPG
derived HR is used as a reference for the Bland-Altman analysis.

As an initial step, the proposed method utilizes the well-known Dlib library for the face detec-

tion [168]. However, it is unable to detect the facial regions when facial features are absent due to

head rotations. Therefore, the proposed work was validated only on the videos containing no head

rotations. Although the current study has achieved remarkable results on the datasets with varying

lighting conditions, inter-subject skin tone variabilities and facial expressions, the proposed work still

needs further validation on different real time conditions. As a future direction, the performance of

the proposed work can be evaluated on a large dataset consisting of various body movements and

postures. It will aid more impact to the proposed work and will ensure its applicability for real-time

dynamic states.

3.3 Conclusion

In this work, a 2D-VMD based method is proposed for non-contact HR measurement using a

low-cost web camera. It works well for both non-rigid motions and varying lighting conditions. The

main contribution of our work is the spatial filtering of video frames using the 2D-VMD approach.

The proposed method decomposes the original frame into different modes and later, the frame is

reconstructed using the modes that are selected on the basis of AAPSD and multimode kurtosis
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Figure 3.9: Bland-Altman plots for evaluating our HR estimation method under studio [left] and natural
[right] lights for the private dataset. (a)-(b) ICA-based method, and (c)-(d) proposed method.

values. From the reconstructed frame, three best ROIs, namely, forehead, right and left cheeks,

are selected to detect the rPPG signal. Further, filtering and smoothing is applied to clean the

rPPG signal. Subsequently, estimated HRs are statistically compared with the HRs obtained from

the PPG signal. The obtained results show an insignificant error and a strong correlation. Also,

the Bland-Altman analysis reveals a good agreement between the proposed system and the reference

system. Additionally, the proposed method proves to be more accurate when compared with the earlier

ICA-based method. Thus, the proposed spatio-temporal based method is effective for a reliable HR

estimation under dynamic conditions. Hence, as a low-cost, easy-to-use, and contact-free system, it

could be a better solution for robust and ubiquitous HR monitoring in both clinical and non-clinical

environments.

3.4 Summary

In this paper, a novel spatial-temporal filtering based method using a 2D-VMD is proposed. It

extracts a reliable rPPG signal under various realistic scenarios. The proposed method spatially

decomposes the recorded facial video frames into different modes and further reconstructs the original

frames by selecting the modes, free from lighting and motion variation effects. Here, the rPPG

signal is extracted from the ROIs of the reconstructed frames and subsequently, the HR is measured.

Although the proposed method seems to be promising, it still have some limitations. The selection
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of modes are based on certain assumptions for the simplification of noise reduction. However, the

involvement of noise in real-time applications are more complicated and diverse. This may deviate

from the assumptions of proposed method and may produce incorrect results. Additionally, the

method involves both spatial and temporal filtering which makes it computationally expensive and

thus require further optimization to implement it for real time application. Recently deep learning

(DL) techniques have attracted many researchers for addressing various practical problems. The DL

technique demonstrated excellent performance when trained with extensive datasets covering scenarios

relevant to the targeted task. This characteristic endows DL methods with robustness and flexibility

to effectively solve rPPG problems across different practical scenarios. Hence, the subsequent chapters

describes DL frameworks that are being explored for remote cardiac measurements.
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4. Camera-Based Remote HR and HRV Estimation Using Deep Neural Network Frameworks

The conventional rPPG methods have played a significant role in the growth of low-cost camera based

cardiac health monitoring system. However, they rely on certain assumptions and their performance

may degrade with real-time dynamic interferences. Recently, deep neural network (DNN) based meth-

ods have emerged in the rPPG domain, and they prove to perform well in noisy environments. This

chapter presents proposed rPPG-based cardiac parameter measurements with the use of DNN frame-

works. The chapter includes two different approaches. The first approach utilizes a 1D-CNN based

DelNet network to accurately identify systolic peaks in the rPPG signal. The input to the network

is the raw green trace that is obtained by spatially pooling the facial pixels of the green channel

frame. In the second approach, we introduce a novel 2D-CNN based time-frequency learning (TFL)

framework for estimating the rPPG signal using a scalogram-based feature map extracted from facial

videos. The feature map is obtained using the raw RGB traces and it involved the enhancement of

pulsatile profile within the RGB traces with the help of wavelet transformation. This enhancement

enables the proposed framework to characterize a wide range of frequencies associated with cardiac

activity. Both networks are designed to estimate reliable rPPG signals for robust measurement of HR

and HRV indices. The current chapter is organized as follows: the systolic peak delineation in rPPG

signal using 1D-CNN based DelNet framework is presented in Section 4.1. Section 4.2 provides details

of our proposed TFL framework. Finally, the chapter is summarized in Section 4.3.

4.1 DelNet based Systolic Peak Delineation in rPPG Signal

Figure 4.1 shows the block diagram of the proposed method. It consists of two module: (i) Feature

signal extraction and (ii) Delineating network (DelNet). Both the modules are explained in detail in

the following subsection.

4.1.1 Feature signal extraction

Initially, the process starts with the extraction of face from the sequence of video frames that

are provided to the module. Here, the face is detected by utilizing the well-know Dlib library [168].

Few facial regions, such as eyes, eyebrows and lips are not considered as reliable elements for beat

detection. Therefore, the module segments only the facial skin as ROI that consists most of the

blood flow information for cardiac health assessment. The skin segmentation is achieved with simple

thresholding scheme on HSV color space [327]. Subsequently, the raw RGB traces are obtained by

spatial averaging of the facial skin pixels. In most of the studies, it is observed that green channel
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4.1 DelNet based Systolic Peak Delineation in rPPG Signal

Figure 4.1: Block diagram of the proposed DelNet framework

has the maximum strength of the pulse wave in comparison to red and blue channels [133]. Hence, we

have selected the raw green trace as the feature signal for the DelNet module.

4.1.2 Delineating network (DelNet)

DelNet is a deep neural framework that is trained to model a reliable rPPG waveform. The

complete network architecture is presented in Figure 4.1 (b). The input to this network is a feature

signal that is extracted from the prior module. The shape of the input is 16 × 1 × 512 (B × C × L,

where B is the batch size, C is the number of channels and L is the length of the signal), and the

shape of output is 16 × 512 (B × L). Inspired by the advantages and success of residual networks

(ResNets) [328], the proposed DelNet has also introduced the skip connections within the framework.

The network starts with a convolution block and followed by two layers of similar behaviour. Both

the layers consists of skip connection after every two convolution blocks and perform the operation

with fixed feature map dimensions 2 and 4, respectively. Subsequently, the output feature maps are

pooled together to obtain a single channel at the output. Finally, the averaged output is flattened

and passed to a fully connected (FC) layer having linear activation units. The convolution operations

are performed with a kernel size of 3 followed by a batch normalization and ReLU nonlinearity. An

additional dropout operation of 20% is introduced before the final layer to regularize the network

against overfitting. The details of the DelNet are tabulated in Table 4.1.

Since, the framework is expected to estimate a reliable rPPG waveform with systolic peak instants
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Table 4.1: DelNet architecture

Layer name Kernel size, channels / Stride Output shape

Conv 1 3, 2 / 1 16×2×512
Conv 2 [3, 2 / 1]×2 16×2×512
Conv 3 [3, 4 / 1]×2 16×4×512
Pooling - 16×512
Dropout ratio 0.2 16×512

FC - 16×512

Figure 4.2: Training and testing loss curve

corresponding to the ground truth PPG signal, a negative Pearson correlation coefficient is used as a

loss function [231]. The loss function is defined as:

Loss = 1− r(x, y)

R(x, y) =

∑
i(xi − x)(yi − y)√∑
i(xi − x)2(yi − y)2

(4.1)

where, R(x, y) is the Pearson correlation coefficient, x and y are the ground truth PPG and estimated

rPPG waveform, respectively. The network was trained using standard backpropagation algorithm

and Adam optimizer. The training was done for 50 epochs with a learning rate of 0.0001 and batch

size 16. Figure 4.2 shows the loss curve for both the training and testing phases. From the figure it

is clear that the models hyperparameters and the loss function are effective in minimizing the error

between the estimated and the ground-truth signals. The network was implemented and trained in

Python using Pytorch library.
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4.1.3 Materials and Evaluation

4.1.3.1 Dataset

Experiments were performed on the publicly available UBFC-rPPG dataset. The dataset contains

42 videos along with the simultaneously recorded PPG signals. The dataset was collected from 42

healthy subjects (11 females and 31 males) under varying amount of ambient light. Also, the subjects

were instructed to play a time sensitive mathematical game to create a wide range of heart rate

values. The videos were recorded at 30 fps with a resolution of 640×480 in the uncompressed 8-bit

RGB format using a low-cost Logitech C920 HD pro webcamera. While, the ground-truth PPG signals

were acquired using a CMS50E transmission pulse oximeter at a sampling rate of 30 Hz. Since, the

number of videos in the dataset is relatively small for neural network training, we have sliced each

video and its corresponding PPG signal by sliding a 2 sec window with 50% overlapping. This way, a

large number of data segments were generated for both training and testing of the proposed framework.

Moreover, each segment was interpolated to increase the temporal resolution from 30 Hz to 256 Hz.

The training and testing set contains 1840 and 782 segmented data of 2 sec duration (L = 2 × 256),

respectively.

4.1.3.2 Results

The effectiveness of the proposed method is measured on the average HR value and HRV parameters

that are derived from the estimated rPPG waveform. Initially, the systolic peak instants on the

signals are detected using a simple amplitude-temporal thresholding scheme. Then the peak instants

are provided to an open source Heartpy toolkit that measures the average HR value and computes

the time domain and the frequency domain HRV parameters [329]. Figure 4.3 shows the detected

systolic peaks in the reference PPG signal and the estimated rPPG signal. Further, the method is

compared with four state-of-the-art methods: ICA, CHROM, PBV and OMIT [178,179,189,190]. The

performance of the framework is evaluated using a few benchmarked statistical metrics, such as MAE,

RMSE, SDE, and R.

Averaged heart rate (HR)

The statistical comparison of the averaged HR values estimated from the rPPG methods and the

reference PPG signal are presented in Table 4.2. From the table it is clear that the proposed DelNet

has the minimum error values compared to the state-of-the-art methods. The MAE, RMSE, and SDE
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Figure 4.3: Peak detection in the ground-truth PPG and estimated rPPG signals (Green: PPG signal, Red:
rPPG signal)

Table 4.2: Statistical comparison between averaged HR values estimated from the rPPG methods and the
reference PPG sensor

Methods MAE RMSE SDE R Mean+1.96*SDE Mean Mean-1.96*SDE

ICA 6.382 7.478 4.005 0.811 12.858 -1.772 -16.402
CHROM 1.883 2.68 1.959 0.986 3.477 -1.273 -6.022

PBV 5.843 6.549 3.04 0.883 11.330 -1.505 -14.341
OMIT 3.312 4.345 2.89 0.953 5.214 -2.259 -9.732

DelNet 1.132 1.448 0.927 0.994 2.479 -0.350 -3.178

for the proposed framework are found to be 1.132, 1.448, and 0.927, respectively. For each subject,

the averaged HR values estimated using the rPPG methods and the reference sensor are shown in

Figure 4.4. It clearly show the HR values estimated from the proposed framework twin significantly

with the reference values. Further, the performance is evaluated graphically in terms of Bland-Altman

(BA) and regression plots as shown in Figure 4.5. From the BA plots it is observed that the proposed

framework has minimum mean of -0.350 along with LOA as 2.479 and -3.178. This result shows the

highest agreement of the proposed framework with the reference measurement device. The mean and

LOA values are listed in Table 4.2. Additionally, R values that are computed between referenced HR

values and estimated HR values are found to be 0.811, 0.986, 0.883, 0.953 and 0.994 for ICA, CHROM,

PBV, OMIT, and DelNet, respectively. Thus, the proposed work estimates the average HR values

with insignificant error in comparison to the state-of-the-art methods.

HRV analysis

In this study, both time domain and frequency domain HRV parameters are measured, such as av-

erage cardiac interval (meanNN) and its corresponding standard deviation SDNN, standard deviation
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Figure 4.4: Comparison of HR information derived from the DelNet with the estimated HR from the state-
of-the-art methods and the reference HR

Table 4.3: Time and frequency domain HRV parameters estimated from the rPPG methods and the reference
PPG sensor

Time
domain

parameters
(ms)

Parameters Reference
Methods

ICA CHROM PBV OMIT DelNet

meanNN 632.089 620.033 632.849 621.531 623.244 632.839
SDNN 14.439 32.940 23.641 34.417 25.630 18.816
SDSD 12.896 27.926 23.394 30.071 22.899 16.590
RMSSD 18.613 46.560 35.441 48.738 34.378 23.547
PNN50 0.022 0.306 0.160 0.317 0.153 0.049

Frequency
domain

parameters
(ms2)

LF 0.302 1.584 0.722 1.943 1.161 0.507
HF 0.463 3.065 1.236 4.424 2.148 0.956

LF/HF 0.827 0.494 0.462 0.438 0.571 0.849

of the successive differences (SDSD), root mean square of successive differences (RMSSD), percentage

of successive intervals differing more than 50 ms (PNN50), power of low-frequency (LF), power of high

frequency (HF), and power ratio of low to high frequency-band (LF/HF). The time domain features

are calculated in milliseconds (ms), whereas frequency domain parameters are computed in millisec-

onds squared (ms2). Table 4.3 presents the comparison between the HRV indices estimated from the

rPPG methods with the corresponding values measured from the reference PPG sensor. Further, the

performance is evaluated in terms of absolute error, as shown via the box plot in Figure 4.6. The fig-

ure clearly shows the HRV indices estimated from the proposed network have the minimum absolute

error deviation compared to the state-of-the-art methods. The obtained remarkable results for HRV

parameters show the significance of the proposed framework for HRV analysis.
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(c) Comparison of HR estimated from CHROM with the refernce HR values
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(d) Comparison of HR estimated from PBV with the refernce HR values

R=0.883

60 70 80 90 100 110
Reference HR

80

90

100

O
M

IT
 e

st
im

at
ed

 H
R

70 80 90 100 110

Mean HR (bpm)

-20

0

20

H
R

 d
if

fe
re

n
ce

 (
b

p
m

)

-2.25 (Mean)

5.21(+1.96*SD)

-9.73 (-1.96*SD)

(e) Comparison of HR estimated from OMIT with the refernce HR values

R=0.953

Figure 4.5: Comparison of HR values extracted from rPPG methods with the reference values (RV) using
Bland-Altman plots [right] and correlation [right]: (a) Proposed-RV (b) ICA-RV (c) CHROM-RV (d) PBV-RV
(e) OMIT-RV
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Figure 4.6: Boxplot representation of absolute errors between rPPG methods and reference PPG derived HRV
parameters. (a) meanNN (b) SDNN (c) SDSD (d) RMSSD (e) PNN50 (f) LF/HF

4.1.4 Conclusion

This work presents a DNN-based DelNet architecture to estimate a reliable rPPG waveform with

accurate systolic peak localization from a sequence of video frames. The raw trace obtained by

averaging the skin pixels of the green channel is fed as an input to the network. The green trace

constituting the maximum pulsatile information helps the proposed network in learning and extracting

a reliable rPPG waveform. The proposed framework is made computationally efficient by designing it

with simple 1D convolution filters. The network was trained and tested on the UBFC-rPPG dataset,

and it was validated by statistically comparing the estimated average HR and HRV parameters derived

from the rPPG waveform with the corresponding parameters measured from the reference PPG signal.

Further, the network is compared with four state-of-the-art methods: ICA, CHROM, PBV, and OMIT.

The performance evaluation reveals that the proposed framework is robust compared to the other

methods. Thus, the proposed method is applicable for both HR and HRV measurements and may be

used as a cardiac health assessment tool.
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4.2 TFL Framework for rPPG Estimation Using Scalogram Based
Feature Map

In Section 4.1, DelNet framework is proposed, where systolic peaks of rPPG are accurately delin-

eated and utilized for HR and HRV estimation. The method effectively works on the dataset that were

recorded under varying environmental conditions, such as illumination variation, rigid and no-rigid

motions, inter-subject skintone variability, and facial expression. In addition, utilization of 1D-CNN in

the work has made the model simple and robust in terms of computational power and memory. How-

ever, the performance of the network significantly dropped when experimented on the ECG-fitness

dataset that was recorded from the subjects while performing various physical activities on fitness

machines. Thus, the network is not effective for large body motions and therefore, it further requires

redesigning and development that is essential to monitor cardiac health status during exercises. Also,

the input to the network is only the green trace which may have effect the performance of the network.

Thus, the network can be modelled to utilized the significant information of all the color channels of

each frames.

To address this limitation, we have proposed a 2D-CNN based time-frequency learning (TFL)

framework for the estimation of rPPG waveform. The network is fed with a novel scalogram image

that is obtained from raw RGB traces using the wavelet transform. The generation of scalogram

involves the enhancement of pulsatile profile by selecting a mother wavelet that is well-aligned with

the desired PPG waveform. Therefore, generated feature maps have specific and well-oriented structure

to be learned by the TFL network. The TFL network is designed in an effective way by combining

convolution layers with powerful DL modules, such as encoder-decoder and attention blocks that

helps the network to learn and characterize a wide-range of rPPG signal. Subsequently, the estimated

rPPG waveform is used for HR and HRV measurements. Our approach has considered incorporating

advanced signal processing tools and DL techniques. The proposed method is elaborately discussed

in the subsequent sections.

4.2.1 Proposed Methodology

A scalogram based feature map is provided as an input to the TFL network that in return estimates

a pulsatile waveform. A schematic block diagram of the proposed feature image extraction and TFL

network architecture is illustrated in Figure 4.7.
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Figure 4.7: Block diagram of the proposed TFL network

4.2.1.1 Feature image extraction

The scalogram based feature map is the time-frequency representation of the raw RGB traces. The

feature map is obtained by sequentially processing the input video data. Initially, 468 facial landmarks

are detected and tracked throughout the video frames using the MediaPipe face mesh [171]. Subse-

quently, the facial skin is segmented using the convex-hull extractor. The skin region is segmented by

subtracting the pixels associated with the eyes and mouth landmarks. Then, the raw RGB traces are

obtained by spatially pooling the extracted skin pixels. Since, a large set of data is required by DNNs

to perform effectively, a subset of each RGB-traces is created by segmenting the sequence of raw RGB

traces using a 2 sec sliding window with 50% overlapping. Further, the segmented traces are inter-

polated at 256 Hz to increase the temporal resolution and to make the sampling rate identical for all

the datasets. Usually, the time-domain traces are vulnerable to environmental interferences, thereby

making their analysis complex and difficult in distinguishing different rPPG signals due to inadequate

features. However, time-frequency representation assist to know how the traces are distributed with

frequency and phase, thereby making the analysis simple and robust for signal characterization. There-

fore, the proposed work has mapped the raw traces to their corresponding scalograms that represents

the time-frequency distribution of the traces. The algorithm for scalogram processing is explained in
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the following section.

Processing of Scalogram

A scalogram transforms a 1D-signal into a 2D-matrix with the help of wavelet transformation [330].

Wavelet transform (WT) is a powerful signal processing tool that decomposes a signal into time-scale

plane, where each scale represents a certain frequency range [330]. The decomposition is achieved by

means of scaling (a) and shifting (b) parameters of a mother wavelet function ψ(t). In the proposed

feature map extraction scheme, WT of the raw RGB traces is computed as [330]:

wa,b(mk) =
1√
a

∫ ∞

−∞
mk(t)ψ

∗
(
t− b
a

)
dt, k ∈ [1, 2, 3] (4.2)

where mk represents the raw RGB traces, wa,b is the b
th coefficient at the ath scale, and the complex

conjugate operator is denoted by (∗). One of the advantageous features of this transformation is that

it can eliminate a specific frequency and amplitude from the decomposed signal using an appropriate

mother wavelet. Thus, selecting a mother wavelet is crucial and important for a specific task. Since

the objective of the proposed work is to estimate a reliable rPPG signal from the input feature map,

the feature map generation scheme aims to generate a feature map that captures the pulsatile profile

of a PPG signal. Therefore, the proposed scheme has considered second derivative of a Gaussian

function (Gauss-2) as the mother wavelet due to its morphological similarity with the pulsatile profile

of a PPG signal [104]. The (Gauss-2) can be defined as [104]:

ψ(t) = −d
2g(t)

dt2
= λ(1− t2)e−t2/2 (4.3)

where g(t) and λ denote a Gaussain function and normalization factor, respectively. Subsequently,

scalogram of each RGB traces is measured separately as the absolute value of the wavelet coefficients.

Finally, the normalized scalogram using each RGB scalogram is obtained as:

Sa,b =
stack[|wa,b(mk)|]
max(|wa,b(mk)|)

(4.4)

The size of the obtained scalogram is 30× 512 (H ×W ), where H = a and W = L (t× fs), where L

is the length of raw trace, t (2 sec) is the trace duration, and fs (256 Hz) is the sampling rate of the

trace.
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4.2.1.2 TFL network architecture

Our proposed TFL network architecture is shown in Figure 4.7. Since the network learns the time-

frequency representation of the video data, it is named as time-frequency learning (TFL) network. The

size of the input scalogram is 128× 3× 30× 512 (B × C ×H ×W ), where B is the batch size and C is

the number of channels. The TFL architecture includes different blocks comprising convolution layers,

encoder-decoder block that is used to reduce the noise in the input data, channel and spatial attention

modules to enhance the significant pulsatile profile embedded within the feature map, and two fully-

connected (FC) layers to regress the rPPG signal. In the framework, each convolution block is followed

by batch normalization and ReLU activation function. Also, an additional dropout operation of 50%

is introduced before the final layer to reduce the overfitting effects. The final output of the network

is a 1D rPPG signal with a size of 128× 512 (B ×W ). The details of the TFL network architecture

is illustrated in Table 4.4. In addition to the design of the TFL network architecture, an appropriate

loss function is also required to guide the network for the estimation of a reliable rPPG waveform.

Here, the network is trained with the ground-truth PPG signals that were recorded simultaneously

with the video data. In order to recover the rPPG signal with accurate systolic peak instants, the

negative Pearson correlation coefficient (Lρ) is utilized as a loss function. Further, (Lρ) is combined

with L1 loss function (L1) to reduce the difference between the ground-truth PPG and the estimated

rPPG signal values. The (Lρ), (L1), and the combined loss function are expressed by Eq. 5.1.2.2,

5.1.2.2, and 5.2, respectively.

Lρ(x, y) = 1−

n∑
i=1

(xi − x̄)(yi − ȳ)√
n∑

i=1
(xi − x̄)2

n∑
i=1

(yi − ȳ)2
(4.5)

L1(x, y) =

n∑
i=1

|xi − yi| (4.6)

Loss = α ∗ Lρ + (1− α) ∗ L1 (4.7)

where x represents the ground-truth PPG signal values, y denotes the estimated rPPG signal values,

n is the length of signal, and the optimal value of α is found to be 0.9.
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Table 4.4: TFL network architecture

Layer K, C / S / P Output shape

1. Conv2d (5× 5), 6 / 1 / 2 [128, 6, 30, 512]
2. BatchNorm2d - [128, 6, 30, 512]
3. ReLU - [128, 6, 30, 512]
4. MaxPool2d (2× 2) / 2 / 0 [128, 6, 15, 256]
5. Conv2d (3× 3), 6 / 1 / 1 [128, 6, 15, 256]
6. BatchNorm2d - [128, 6, 15, 256]
7. ReLU - [128, 6, 15, 256]
8. ConvTranspose2d (2× 2), 6 / 1 / - [128, 6, 16, 257]
9. BatchNorm2d - [128, 6, 16, 257]
10. ReLU - [128, 6, 16, 257]
11. Conv2d (3× 3), 16 / 1 / 1 [128, 16, 16, 257]
12. BatchNorm2d - [128, 16, 16, 257]
13. ChannelAttention 1* [128, 16, 16, 257]
14. SpatialAttention 2* [128, 16, 16, 257]
15. ReLU - [128, 16, 16, 257]
16. MaxPool2d (2× 2) / 2 / 0 [128, 16, 8, 128]
17. Conv2d (3× 3), 16 / 1 / 1 [128, 1, 8, 128]
18. BatchNorm2d - [128, 1, 8, 128]
19. ReLU - [128, 1, 8, 128]
20. Flatten - [128,1024]
21. FC1 - [128, 256]
22. ReLU - [128, 256]
23. Dropout 0.5 [128, 256]
24. FC2 - [128, 512]

Note: K, S and P represents kernel size, stride and padding, respectively
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4.2.2 Materials and evaluation

4.2.2.1 Datasets

The experiments were conducted on three publicly available datasets: UBFC rPPG, COHFACE,

and ECG-Fitness. All the datasets were recorded under realistic environmental conditions and consist

of subjects with varying demographics, such as age, gender and skin tone. For the experimentation,

the training data consists of 70% of the total subjects, and the remaining subjects are used for testing.

UBFC rPPG

Details of this dataset can be found in Section 4.1.3.1. Here, the recorded videos and their cor-

responding PPG signals were sliced using a 2 sec sliding window with 50% overlapping. Further, the

segments were interpolated from 30 Hz to 256 Hz. The resultant training and testing dataset contains

1840 and 782 segmented data, respectively.

COHFACE

The COHFACE dataset is described in Section 3.2.1. The dataset contains 160 videos of 40

subjects, each one minute long. The training set consists a total of 3248 data segments created from

28 subjects. Meanwhile, the testing set includes 1392 data segments that were created from the

remaining 12 subjects.

ECG-Fitness

The ECG-fitness dataset was recorded from 17 subjects (14 male, 3 female) while performing

different physical activities, such as speaking, rowing, exercising on a stationary bike and on an

elliptical trainer. Twelve videos were collected from each subject during six different experimental

states, each one min long. For each experimental states two videos were recorded at 30 fps with

1920×1080 pixels using two Logitech camera, where one camera was attached to the fitness machine

and the other was positioned on a tripod. The six experimental states are (i) rowing and (ii) speaking

under ambient lighting condition, (iii) rowing and (iv) speaking under halogen lighting condition, (v)

exercising on elliptical trainer and (vi) exercising on a stationary bike under ambient light. Also,

ECG signals were recorded simultaneously with the videos using two-lead Viatom CheckMeTMPro

device with CC5 lead. Since the proposed network needs to be trained with ground-truth PPG signal,

synthetic PPG signals are generated from the available ECG data using Algorithm 2. Figure 4.8
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Algorithm 2 Synthetic PPG generation

Input: ECG signal x[n]; n = 1, 2, ....., N

1. ECG signal normalization: x
′
[n] =

x[n]−min(x[n])

max(x[n])−min(x[n])

2. R- peak detection using amplitude-temporal thresholding scheme:
Rt = [R1, R2, · · · , RT ] (t = 1, 2, ...T )
//where Rt represents the timing information of tth R-peak

3. Derive RR tachogram (RRt) from detected R-peak instants:
RRt = [RR1, RR2, · · · , RRT−1]
//where RRt = Rt+1 −Rt

4. PPG signal generation from RR tachogram:
Construct a vector SP using RR tachogram:
SP = [RR1/2, RR1, · · · , RRT−1/2, RRT−1]
Final PPG signal is obtained by interpolating SP at a sampling rate of 256 Hz

Output: Synthetic PPG signal y[n]; n = 1, 2, ....., N

Figure 4.8: ECG signal along with the generated synthetic PPG waveform

shows a small segment of the synthetic PPG signal that is generated from its corresponding ECG

signal. Finally, the dataset is available with videos and their corresponding ground-truth synthetic

PPG signals for the experimentation purpose. A total of 3960 and 1800 data segments were created

for the training and testing sets, respectively.

4.2.2.2 Experimental Settings

The weights of the network parameters were optimized using the Adam optimizer with a batch size

of 128. The network was trained separately for each dataset with a learning rate of 0.025. The number

of epochs was set to 100 for UBFC rPPG and COHFACE dataset, whereas ECG fitness dataset was

trained for 150 epochs. Figure 4.9 shows the loss curve of each dataset for both training and testing

phases. The decrease in the loss value shows the effectiveness of the selected hyperparameter values

for the network operation. The network components were implemented using PyTorch and trained on

the NVIDIA Tesla P100-PCIE-16GB GPU platform.

114

Abstract-TH-3588_186102009



4.2 TFL Framework for rPPG Estimation Using Scalogram Based Feature Map

Figure 4.9: Training and testing loss curve for each dataset

4.2.2.3 Evaluation metrics

The effectiveness of the proposed network is shown with HR and HRV measurements using the esti-

mated rPPG waveform. Since the network is designed to estimate an rPPG waveform of 2 sec duration,

the output segments corresponding to the test data of a particular individual are concatenated before

cardiac parameters measurement. The concatenated signals’ duration is equivalent to the length of the

recorded videos, which are about 1 min long. Here, the systolic peak instants of the estimated rPPG

waveform are detected and provided to the HeartPy toolbox for HR and HRV parameter estimation.

The estimated cardiac parameters are evaluated using statistical and graphical methods. The statisti-

cal metrics used for HR evaluation are MAE, RMSE, SDE, and R. Additionally, Bland-Altman (BA)

and box-plot are used to graphically quantify the agreement between the ground-truth and the esti-

mated measurements. Further the cardiac measurements are compared with state-of-the-art methods:

ICA, CHROM, PBV, OMIT, Contrast-Phys (CP), and PhysFormer (PF) [178,179,189,190,220,224].

The state-of-the-art methods [178, 179, 189, 190] are implemented using the publicly available open

toolbox iPhys [331]. Whereas, [220] and [224] are trained from scratch and tested on each dataset

separately.

4.2.2.4 Network comparison using UBFC rPPG dataset

Averaged heart rate (HR): We first conducted our experiments on the UBFC rPPG dataset.

Figure 4.10 shows the rPPG waveform estimated from the proposed network along with the ground-

115

Abstract-TH-3588_186102009



4. Camera-Based Remote HR and HRV Estimation Using Deep Neural Network Frameworks

0 10 20 30 40 50 60
Time (s)

0

0.5

1

A
m

p
li

tu
d

e
 (

n
. 

u
.)

reference PPG estimated rPPG

Figure 4.10: Ground-truth PPG signal (green) and the rPPG waveform (red) estimated from the proposed
network

Table 4.5: Statistical comparison between averaged HR values estimated from the rPPG methods and the
reference PPG sensor using UBFC rPPG dataset

Methods MAE RMSE SDE R Mean LOA [L, U]

ICA 6.192 7.560 4.531 0.642 -0.994 [-16.336, 14.348]
CHROM 0.898 1.692 1.498 0.985 0.361 [-3.023, 3.746]

PBV 5.820 6.679 3.421 0.819 -0.645 [-14.254, 12.964]
OMIT 3.003 4.583 3.616 0.889 -1.062 [-10.189, 8.066]
CP 2.012 2.598 1.716 0.963 0.078 [-5.238, 5.394]
PF 1.514 2.243 1.728 0.987 -1.342 [-5.021, 2.337]

Proposed 0.569 0.774 0.549 0.997 0.019 [-1.565, 1.604]

truth PPG signal. Table 4.5 presents the comparison results between the averaged HR values measured

from the estimated rPPG waveforms and the ground-truth PPG. The table clearly shows the effec-

tiveness of the proposed network with the reduced error values. The MAE, RMSE and SDE are found

to be 0.569, 0.774 and 0.549, respectively. Further, the comparison is shown graphically using BA and

regression plots. Figure 4.11 shows the BA analysis to quantify the agreement between the estimated

and the reference HR values. The mean and LOA values for each method are listed in Table 4.5. The

BA plots reveal the highest agreement of the proposed network with the ground-truth PPG sensor

with a minimum mean of 0.019 and LOA around 1.6. Additionally, the performance comparison is

shown in terms of regression plot as shown in Figure 4.12. The R values for ICA, CHROM, PBV,
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Figure 4.11: Bland-Altman plot to compare the performance of the camera-based methods with ground-truth
(GT) using UBFC rPPG dataset. (a) Proposed-GT (b) ICA-GT (c) CHROM-GT (d) PBV-GT (e) OMIT-GT
(f) CP-GT (g) PF-GT

OMIT, CP, PF and the proposed network are found to be 0.642, 0.985, 0.819, 0.889, 0.963, 0.987, and

0.997, respectively. Thus, these results show the robustness of the proposed network in determining

the HR values accurately.

Heart rate variability analysis (HRV): After the validation of HR, the HRV indices estimated

from the rPPG signal are compared with the one derived from the ground-truth PPG signal. The

performance of the network is validated by considering both time-domain and frequency domain HRV
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Figure 4.12: Regression plot to compare the performance of the camera-based methods with ground-truth
(GT) using UBFC rPPG dataset. (a) Proposed-GT (b) ICA-GT (c) CHROM-GT (d) PBV-GT (e) OMIT-GT
(f) CP-GT (g) PF-GT

parameters. The studied time-domain parameters are – (i) meanNN, (ii) SDNN, (iii) SDSD, (iv) root

RMSSD, and (v) PNN50, all are measured in millisecond (ms). The frequency domain parameters are

– (i)LF, (ii) HF, and (iii) LF/HF, each calculated in milliseconds squared (ms2). The studied HRV

parameters measured from the reference PPG sensor, state-of-the-art methods, and the proposed
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network are presented in Table 4.6. Further, the comparison is evaluated via box plot that represents

the absolute error of the measured HRV indices. Figure 4.13 shows the box plot for meanNN, SDNN,

SDSD, RMSSD, PNN50, and LF/HF. It is observed that the absolute error is very low for all the

parameters that are estimated from the proposed network, indicating the significance of the network

for HRV analysis.

Table 4.6: Time and frequency domain HRV parameters estimated from the rPPG methods and the reference
PPG sensor for UBFC rPPG dataset

Time
domain

parameters (ms)

Parameters Reference
Methods

ICA CHROM PBV OMIT CP PF Proposed

meanNN 630.819 620.033 632.848 621.531 623.244 629.850 620.042 630.763
SDNN 14.023 32.940 23.640 34.417 25.630 27.559 20.089 18.693
SDSD 12.540 27.926 23.394 30.071 22.899 26.730 17.388 17.265

RMSSD 17.432 46.560 35.440 48.738 34.378 39.073 27.385 23.569
PNN50 0.017 0.306 0.160 0.316 0.153 0.161 0.087 0.059

Frequency
domain

parameters (ms2)

LF 0.419 1.584 0.722 1.943 1.161 1.252 0.502 0.739
HF 0.701 3.065 1.236 4.424 2.148 2.734 0.975 1.168

LF/HF 0.868 0.494 0.461 0.437 0.571 0.577 0.691 0.807
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Figure 4.13: BOX plot of absolute error for UBFC rPPG dataset. (a) meanNN (b) SDNN (c) SDSD (d)
RMSSD (e) PNN50 (f) LF/HF
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4.2.2.5 Network comparison using COHFACE and ECG-ftiness dataset

Similarly, we carried out the experiments on the widely used COHFACE dataset and a more

challenging ECG-fitness dataset. Table 4.7 and 4.8 presents the experimental results of the HR values

for COHFACE and ECG-fitness data, respectively. Further, Figure 4.14 and 4.15 presents the BA

plots to assess the performance of the network on both the datasets. In addition to HR validation,

HRV analysis is also shown in Table 4.9 for both COHFACE and ECG-fitness datasets. The tables

show that the error values are high for COHFACE and ECG-fitness data compared to the UBFC rPPG

dataset. This increase in error may be caused due to high compression of videos and large body motion

in COHFACE and ECG-fitness data, respectively. However, the computed experimental results show

the feasibility and significance of the proposed network in estimating a reliable rPPG signal.

Although the current study has achieved insignificant error on the datasets with dynamic envi-

ronmental conditions, the proposed work still needs investigation in other aspects to deploy it for

practical usage. The proposed model needs training on a large dataset of random body movements to

make it robust against large motion artifacts. It could be further tested and validated on a dataset

capturing various body postures, such as standing, left and right lateral sitting, and supine, to enhance

its performance. Additionally, the recorded videos in each dataset are about 1 min long, limiting the

evaluation of the model’s performance on long-term data for both HR and HRV analysis. Thus, an

investigation is required on longer-duration data to make it applicable for long-term cardiac health

monitoring.

Table 4.7: Statistical comparison between averaged HR values estimated from the rPPG methods and the
reference PPG sensor using COHFACE dataset

Methods MAE RMSE SDE ρ Mean LOA [L, U]

ICA 7.612 9.647 6.002 -0.147 -4.931 [-21.390, 11.526]
CHROM 9.701 10.798 4.802 0.669 -9.701 [-19.114, -0.289]

PBV 8.218 10.846 7.167 -0.034 -7.193 [-23.305, 8.918]
OMIT 6.942 8.967 5.747 0.015 -4.879 [-19.812, 10.052]
CP 19.739 22.334 10.587 0.006 -5.569 [-48.530, 37.392]
PF 6.334 8.852 6.267 0.089 -3.120 [-19.576, 13.334]

Proposed 0.987 1.982 1.740 0.958 -0.667 [-4.371, 3.037]
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Table 4.8: Statistical comparison between averaged HR values estimated from the rPPG methods and the
reference PPG sensor using ECG fitness dataset

Methods MAE RMSE SDE ρ Mean LOA [L, U]

ICA 22.734 26.820 14.356 -0.277 19.522 [-16.843, 55.887]
CHROM 19.037 23.840 14.478 0.102 17.043 [-15.918, 50.005]

PBV 24.530 28.352 14.342 -0.218 21.375 [-15.458, 58.207]
OMIT 19.214 23.646 13.904 -0.101 15.801 [-18.984, 50.586]
CP 23.720 28.750 16.392 0.183 13.557 [-36.584, 63.699]
PF 13.508 16.921 10.283 0.227 3.788 [-28.828, 36.405]

Proposed 4.267 5.439 4.267 0.937 1.243 [-9.227, 11.713]
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Figure 4.14: Bland-Altman plot to compare the performance of the camera-based methods with ground-truth
(GT) using COHFACE dataset. (a) Proposed-GT (b) ICA-GT (c) CHROM-GT (d) PBV-GT (e) OMIT-GT
(f) CP-GT (g) PF-GT
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Figure 4.15: Bland-Altman plot to compare the performance of the camera-based methods with ground-truth
(GT) using ECG fitness dataset. (a) Proposed-GT (b) ICA-GT (c) CHROM-GT (d) PBV-GT (e) OMIT-GT
(f) CP-GT (g) PF-GT

4.2.2.6 Computational results

We conducted a further study about the computational complexity of the proposed network and

compared it with state-of-the-art methods. The proposed TFL framework is measured for its com-

putational requirements in FLOPs, number of parameters, memory consumption, and inference time.

To calculate the run time and the memory usage, the proposed method is divided into two parts. The

first part includes the processing and extraction of feature map. The second part is the estimation

of rPPG waveform from the TFL network. The memory usage and run-time for part 1 and part 2
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Table 4.9: Time and frequency domain HRV parameters estimated from the rPPG methods and the reference
PPG sensor for COHFACE and ECG fitness dataset

Dataset ↓ Parameters Reference
Methods

ICA CHROM PBV OMIT CP PF Proposed

COHFACE

Time
domain

parameters (ms)

meanNN 986.804 908.428 847.640 878.532 908.417 961.999 906.431 976.977
SDNN 18.833 60.145 56.625 56.850 53.312 66.171 46.834 35.512
SDSD 11.468 51.548 45.940 47.735 44.605 61.669 42.026 31.095

RMSSD 18.139 84.737 76.219 78.584 71.914 90.121 67.278 47.873
PNN50 0.019 0.569 0.530 0.536 0.474 0.450 0.423 0.266

Frequency
domain

parameters (ms2)

LF 3.196 12.363 8.531 6.777 15.234 23.343 7.278 6.728
HF 5.724 20.458 37.560 16.389 15.253 28.343 16.515 18.682

LF/HF 3.032 0.415 0.419 0.465 0.451 0.764 0.408 0.677

ECG
fitness

Time
domain

parameters (ms)

meanNN 653.799 807.202 784.443 831.450 769.505 802.185 668.369 659.244
SDNN 8.127 55.333 52.734 57.463 52.358 51.523 45.311 22.506
SDSD 8.493 46.160 45.373 46.132 44.817 47.333 38.028 22.237

RMSSD 12.895 68.251 72.313 74.932 69.730 64.452 61.197 26.611
PNN50 0.028 0.460 0.453 0.477 0.415 0.354 0.384 0.193

Frequency
domain

parameters (ms2)

LF 0.141 8.200 4.945 20.233 18.646 3.117 3.274 0.892
HF 0.610 20.519 10.525 11.022 45.014 3.637 7.305 2.115

LF/HF 0.128 0.486 0.369 0.578 0.566 0.396 0.445 0.338

are (1361 MB, 824 s) and (0.0055 MB, 0.06 s), respectively. The detailed computational comparison

of the TFL framework with the other models are listed in Table 4.10. Since the proposed method

initially involves the extraction of a feature map, it requires an additional memory and time. However,

if we only compare the TFL framework with the other DL techniques [220] and [224], it is found that

the proposed framework has lower computational complexity than the others. Thus, the proposed

approach is fast and efficient for real-time cardiac parameter estimation.

Table 4.10: Computational comparison of TFL and state-of-the-art methods

Method Parameter Flops Size in memory Inference

ICA - - 1371 MB 844 s
CHROM - - 1377 MB 943 s
PBV - - 1374 MB 918 s
OMIT - - 1375 MB 996 s
CP 858497 256.69G 0.142 MB 125.37 s
PF 7412097 47.01M 4.56 MB 33.02 s

Proposed 396065 13.80M 1361 MB 824.06 s

4.2.3 Conclusion

In this work, we present a time-frequency learning network that learns the time-frequency repre-

sentation of the video data to estimate a reliable rPPG signal. The time-frequency representation is

obtained from the raw RGB traces with the help of wavelet transformation. The scalogram captures
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the pulsatile profile of the raw traces that helps the network to recover a reliable rPPG signal. The

performance of the network was validated on three standard datasets. Additionally, the proposed

network was compared with state-of-the-art methods. The experimental results clearly show that

the proposed method is able to produce similar HR and HRV values that are measured from the

ground-truth PPG signals. Thus, the proposed network is effective for both HR and HRV analysis

using a low-cost camera that may be utilized for remote cardiac health assessment in both clinical and

non-clinical setups.

4.3 Summary

In this chapter, two deep neural network (DNN) based frameworks are presented for estimating

reliable rPPG waveforms. The first approach employs a DelNet network, which utilizes 1D-CNN to

process the raw green trace of video data and produce an rPPG signal. Whereas second approach uses a

2D-CNN based TFL network to obtain the rPPG waveform. The input to this network is a scalogram-

based feature map that is derived using the raw RGB traces with the help of wavelet transformation.

The ability of the rPPG waveforms obtained from the frameworks is shown to estimate HR and

HRV values. The qualitative and quantitative analysis of the results show robust performances for

our proposed DNN frameworks. However, both frameworks rely on robust handcrafted features for

generating reliable rPPG waveforms, and their performance is dependent upon the quality of these

input features. Additionally, the process of feature generation involves extensive preprocessing steps,

leading to increased computational costs. To overcome these limitations, the next chapter presents

an end-to-end network based on 3D-CNN, which directly learns informative features from raw input

video data. This network is designed for multitasking, generating both rECG waveform and rPPG

signal.
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So far, the research on rPPG has reached a milestone in capturing the blood volume variation

that is associated with the cardiac mechanical phenomenon. The mechanical activity constitutes the

basic fundamentals of rPPG technology and have significantly contributed in vitals estimation, such

as HR, HRV, BP, SpO2, cardiac output, and RR. Apart from the cardiac mechanical phenomenon, the

electro-cardio information provides more insight of the events, such as atrial depolarization, ventricular

depolarization and repolarization, and papillary muscle repolarization. Electrocardiography (ECG)

is the gold standard that is clinically used to record the heart’s electric activity and helps clinical

experts to diagnose multiple life-threatening diseases, such as atrial fibrillation, ventricular tachycar-

dia, myocardial infarction, atrioventricular (AV) blocks, and bundle branch blocks [312]. Thus, ECG

monitoring facilitates the early detection of cardiovascular diseases and has proven to increase the sur-

vival rate in patients with cardiac abnormalities. However, the existing ECG-based wearables require

direct contact with the user that may cause discomfort and restrict the user’s mobility, making them

infeasible for continuous monitoring. Therefore, this chapter presents a pilot study on the reconstruc-

tion of remote ECG (rECG) along with the rPPG waveform using a DNN-based end-to-end bitask

network. The network involves a pre-trained transformer-based module that is shared between both

rPPG and rECG reconstruction layers. The transformer module is adapted from a prior work which

is designed to estimate rPPG waveform [220]. The output of the transformer module accomplishes

the rPPG reconstruction task, and it is further connected to a simple CNN-based ECG header to

estimate the rECG waveform. Subsequently, the estimated waveforms are used to measure HR and

meanNN from the tachogram of their corresponding peak intervals. The measurements derived from

rPPG and rECG are cross-validated with the parameters derived from the reference PPG and ECG,

respectively.

The objective of this study is to promote the rPPG technology beyond its fundamental contribution

towards cardiac health assessment. Blood flow information captured by PPG is associated with the

heart’s electrical conduction, establishing an intrinsic correlation between PPG and ECG. Systolic

peak intervals derived from PPG are highly correlated with the corresponding R-R intervals of ECG,

showing the possibility of deriving ECG from PPG. Building upon this insight, the pilot study explores

the generation of rECG from corresponding rPPG waveforms. As rPPG has already been explored

to capture the blood flow information in various research, detecting its primary electric source will

be captivating, and it will surely expand the technology beyond its limited accomplishments. The
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rest of this chapter is arranged as follows: Section 5.1 presents the description of the database used

and proposed methodology. Experimental results and conclusion are drawn in Section 5.2 and 5.3,

respectively. Finally, it is summarized in Section 5.4.

5.1 Materials and methods

5.1.1 Database

The rPPG and rECG reconstruction experiments using the proposed bitask network are conducted

on the publicly available UBFC-rPPG dataset that is described in Section 4.1.3.1. In this dataset,

videos were recorded concurrently with reference BVP signals. However, the ground-truth ECG

signals that are required to train the ECG-header are not available in the dataset. Therefore, we

employed a DNN-based method [332] to generate synthetic ECG waveforms from the available PPG

signals. The PPG to ECG generation network is trained from scratch for 300 epochs with 256 batch

size and a learning rate of 0.0001. Figure 5.1 shows a 10 s segment of the synthetic ECG signal

along with its corresponding PPG signal. Since neural networks rely on extensive training data for

effective performance, the videos and the corresponding PPG and ECG signals were segmented using

a 2-s sliding window to create large data samples. A total of 1324 subsamples were created from the

original data. Further, the segmented samples are split into 935 and 389 for training and testing,

respectively.
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Figure 5.1: PPG signal along with the generated synthetic ECG waveform

5.1.2 Methodology

This section presents our end-to-end method to reconstruct rPPG and rECG using input video

data (V ∈ RB×C×T×H×W , where B is the batch size, C is the number of channel, T represents temporal

length, H and W is the height and width of the video frame). The overview of the proposed method

is depicted in Figure 5.2, which involves two separate modules for rPPG and rECG estimation. A
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Figure 5.2: Block diagram of the proposed method

PhysFormer network is employed and trained from scratch to estimate the rPPG waveforms. The

module is trained on the UBFC-rPPG dataset with a learning rate of 0.001 and batch size 8 for

250 epochs. After training, the PhysFormer module is leveraged into the bitask network, where it is

concatenated with an rECG estimation header to generate the rECG waveforms. All the networks are

implemented and trained on the NVIDIA Tesla P100-PCIE-16GB GPU platform using the PyTorch

library.

5.1.2.1 PhysFormer Network

To accomplish the objective of the proposed work for estimating rECG along with rPPG, two

separate networks would be required that will eventually increase the computational cost. As ECG

and PPG are highly correlated, the information extracted from the rPPG network could be utilized

for rECG generation. Therefore, in the proposed work, rPPG and rECG estimating tasks share

an intermediate PhysFormer network [220] that helps reduce the computational budget. Because of
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Table 5.1: PhysFormer network architecture

Name Layer K, C / S / P Output shape

Stem0

Conv3d (1Ö5Ö5), 24 / 1 / [0,2,2] 8Ö24Ö60Ö128Ö128
BatchNorm3d - 8Ö24Ö60Ö128Ö128

ReLU - 8Ö24Ö60Ö128Ö128
MaxPool3d (1Ö2Ö2), - / (1Ö2Ö2) / 0 8Ö24Ö60Ö64Ö64

Stem1

Conv3d (3Ö3Ö3), 48 / 1 / 1 8Ö48Ö60Ö64Ö64
BatchNorm3d - 8Ö48Ö60Ö64Ö64

ReLU - 8Ö48Ö60Ö64Ö64
MaxPool3d (1Ö2Ö2), - / (1Ö2Ö2) / 0 8Ö48Ö60Ö32Ö32

Stem2

Conv3d (3Ö3Ö3), 96 / 1 / 1 8Ö96Ö60Ö32Ö32
BatchNorm3d - 8Ö96Ö60Ö32Ö32

ReLU - 8Ö96Ö60Ö32Ö32
MaxPool3d (1Ö2Ö2), - / (1Ö2Ö2) / 0 8Ö96Ö60Ö16Ö16

Embedding Conv3d (4Ö4Ö4), 96 / [4,4,4] / 0 8Ö96Ö15Ö4Ö4

Transformer
TD-MHSA
ST-FF

- 8Ö240Ö96

rPPG header

Upsample scale factor = 2Ö1Ö1 8Ö96Ö30Ö4Ö4
Conv3d (3Ö1Ö1), 96 / 1 / [1,0,0] 8Ö96Ö30Ö4Ö4

BatchNorm3d - 8Ö96Ö30Ö4Ö4
ELU - 8Ö96Ö30Ö4Ö4

Upsample scale factor = 2Ö1Ö1 8Ö96Ö60Ö4Ö4
Conv3d (3Ö1Ö1), 48 / 1 / [1,0,0] 8Ö48Ö60Ö4Ö4

BatchNorm3d - 8Ö48Ö60Ö4Ö4
ELU - 8Ö48Ö60Ö4Ö4

Conv1d 1, 1 / 1 / 0 8Ö1Ö60
FC - 8Ö512

Note: K, S and P represents kernel size, stride and padding, respectively.
TD-MHSA: temporal difference multi-head self attention; ST-FF: spatio-temporal feed forward

the robust performance of the PhysFomer network, we leveraged it into our architecture for rPPG

estimation. Table 5.1 presents the details of PhysFormer network. It is a transformer-based network

that involves a shallow stem, a tube tokenizer, transformer blocks, and an rPPG predictor head. The

stems (0 to 1) are formed using three convolutional blocks to extract coarse local spatio-temporal

features from raw input video data. This block helps in fast convergence and enhances the subsequent

global self-attention. Subsequently, the embedding layer partitions the feature frames into spatio-

temporal tube tokens that are forwarded with 12 transformer blocks. Each transformer block consists

of a temporal difference multi-head self attention (TD-MHSA) module and a spatio-temporal feed

forward (ST-FF) network that together captures the global-local refined rPPG features. Finally, the

rPPG features are upsampled, spatially averaged and projected into a 1D rPPG signal by the rPPG
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predictor head. Further, the estimated rPPG is fed to the CNN-based head to recover the rECG

waveform.

5.1.2.2 rECG Header

The rECG header is designed using simple convolution blocks, including attention and an encoder-

decoder module. The attention block is employed to learn the critical part of the input rPPG waveform

for generating the rECG signal. At the same time, the encoder-decoder block can be considered a

dimension-reduction process, making the network robust to noises. Additionally, the encoder maps

the input rPPG to a significant latent space, and subsequently, the decoder decodes the latent space to

generate the rECG waveform. For the attention block a convolution block attention module (CBAM)

[333] is used that involves both channel and temporal attention module. Initially, the input rPPG

waveform is convolved using a one-dimensional kernel and its generated feature maps (F ∈ RC×T )

are forwarded towards the channel attention module, where the temporal information is aggregated

by using average pooling and maximum pooling. Subsequently, both average and maximum pooling

features shares a common multilayer perceptron network (MLP) and their corresponding outputs are

fused together to generate the channel attention map (F ′ ∈ RC×1). In contrast, the temporal attention

module uses the time-series relationship of the rPPG waveform to form the temporal attention map

(F ′′ ∈ R1×T ). In temporal attention module, the feature maps are aggregated along the channel axis

using average and maximum pooling operation. The generated average and maximum pooled features

are concatenated and forwarded through a convolution layer to generate F ′′. The entire CBAM process

can be expressed as:

F ′ =Mc(F )× F

F ′′ =Mt(F
′)× F ′

(5.1)

Where Mc and Mt are channel and temporal attention modules, respectively. Table 5.2 presents the

details of rECG header. The rECG header is trained for 50 epochs with a batch size of 16 and is

optimized using the Adam optimizer with 0.0001 learning rate.

In order to reconstruct the proper morphological structure of the rECG waveform, the rECG

header needs to be guided by a suitable cost function, where ground-truth synthetic ECG signals are

used to supervise the network. We have utilized the cost function from our previous work that is

derived by combining a negative Pearson correlation coefficient (Lρ) function and the L1 loss (L1)
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Table 5.2: rECG header architecture

Layer K, C / S / P Output shape

Conv1d (3, 16 / 1 / 1) 16Ö16Ö512
ReLU - 16Ö16Ö512
CBAM - 16Ö16Ö512

Encoder
Conv1d 31, 32 / 2 / 15 16Ö32Ö256
ReLU - 16Ö32Ö256
Conv1d 31, 64 / 1 / 15 16Ö64Ö256
ReLU - 16Ö64Ö256
Conv1d 31, 128 / 2 / 15 16Ö128Ö128
ReLU - 16Ö128Ö128
Conv1d 31, 256 / 1 / 15 16Ö256Ö128
ReLU - 16Ö256Ö128
Conv1d 31, 512 / 2 / 15 16Ö512Ö64
ReLU - 16Ö512Ö64

Decoder
ConvTranspose1d 31, 256 / 2 / 15 16Ö256Ö128

ReLU - 16Ö256Ö128
ConvTranspose1d 31, 128 / 1 / 15 16Ö128Ö128

ReLU - 16Ö128Ö128
ConvTranspose1d 31, 64 / 2 / 15 16Ö64Ö256

ReLU - 16Ö64Ö256
ConvTranspose1d 31, 32 / 1 / 15 16Ö32Ö256

ReLU - 16Ö32Ö256
ConvTranspose1d 31, 1 / 2 / 15 16Ö1Ö512

Tanh - 16Ö1Ö512

Flattening - 16Ö512

function. The Lρ parts maintain the periodicity of the waveform, whereas the L1 part tries to reduce

the difference between the ground-truth ECG and the estimated rECG signal values. Further, to

enhance the QRS complex of the generated rECG waveform, a QRS complex-enhanced loss (LQRS)

function [332] is incorporated with the prior parts. The combined cost function is expressed as:

Loss = (Lρ + L1 + LQRS)/3 (5.2)
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where,

Lρ(x, y) = 1−

n∑
i=1

(xi − x̄)(yi − ȳ)√
n∑

i=1
(xi − x̄)2

n∑
i=1

(yi − ȳ)2
,

L1(x, y) =
n∑

i=1

|xi − yi|, and

LQRS(x, y) =
n∑

i=1

|xi − yi|

1 + β
K∑
k=1

e

−(i− ck)2

2σ2


where x represents the ground-truth synthetic ECG signal values, y denotes the estimated rECG

signal values, n is the length of signal, ck denotes the index of kth R-peak, σ and β are hyperparameters.

5.1.3 Evaluation metrics

The method’s performance is evaluated by comparing the cardiac parameters measured from the

estimated rPPG and rECG waveforms with their corresponding values obtained using the ground-

truth PPG and synthetic ECG signals. Initially, the systolic peak instants of the waveforms are

detected, and subsequently, the tachogram of their corresponding peak intervals is used to measure

heart rate (HR) and average cardiac interval (meanNN) values. The measured values are reported

using statistical metrics, MAE, RMSE, MER, SDE, and R. Additionally, the performance is evaluated

graphically via Bland-Altman (BA) and regression plots.

5.2 Results

An experiment is performed to show the possible use of our proposed bitask network in the vitals

measurement application using the estimated rPPG and rECG waveforms. Since we present a pilot

study on the generation of rECG waveform using a camera sensor, we limit the evaluation to only

two cardiac parameters, such as HR and meanNN. Figure 5.3 shows the rPPG and rECG waveforms

estimated from the bitask network along with their corresponding reference signals. Initially, the

systolic peaks of PPG (SP 1) and rPPG (SP 2) waveforms are detected using a simple amplitude-

temporal thresholding-based technique as shown in Figure 5.3(a). Subsequently, the time difference

between the adjacent peak instants are used to create the SSi time interval series as:

SSi
t = SP i

t+1 − SP i
t (5.3)
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Figure 5.3: Cardiac cycle extraction from ground-truth and estimated waveforms. (a) Detected systolic
peaks SP 1 and SP 2 in PPG and rPPG, respectively, (b) extracted cardiac interval time series SS1 and SS2,
(c) difference of SS1 and SS2 intervals, (d) detected R-peaks R1 and R2 in ECG and rECG, respectively, (e)

extracted cardiac interval time series RR1 and RR2, (f) difference of RR1 and RR2 intervals.

Table 5.3: Statistical comparison between HR and meanNN estimated from rPPG and rECG with the corre-
sponding values measured from reference PPG and ECG

Statistical
parameter

↓

PPG-rPPG ECG-rECG

HR meanNN HR meanNN

MAE 2.531 0.017 4.559 0.028
RMSE 3.763 0.026 6.440 0.041
MER 2.651 2.623 4.739 4.441
SDE 2.802 0.020 4.578 0.030

Where SP i
t represents timing information of the tth SP i peak and i(= 1, 2) corresponds to systolic

peaks detected from PPG and rPPG, respectively. Figure 5.3(b) represents the time interval series

created from both PPG and rPPG waveforms and subsequently the error between SS1 and SS2 is

presented in Figure 5.3(c). Similarly, Figure 5.3(d)-(f) represents the cardiac cycle extraction process

for ECG and rECG waveforms. Finally, the derived cardiac intervals are used to measure both

meanNN and HR values. Table 5.3 presents the comparison between the estimated values and their

corresponding reference measurements. The evaluation results show MAE 2.531, RMSE 3.763, MER

2.651, and SDE 2.802 for HR values estimated from PPG and rPPG waveforms. Whereas, the metrics

are found to be 0.017, 0.026, 2.623, and 0.020 for meanNN measurement. For HR and meanNN
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estimated from ECG and rECG, the MAE, RMSE, MER, and SDE pairs are (4.559, 0.028), (6.440,

0.041), (4.739, 4.441), and (4.578, 0.030), respectively. It is observed that the error values between PPG

and rPPG are relatively lower than the ECG and rECG error measures. However, the obtained ECG-

rECG error values are insignificant that indicates the potentiality of the proposed network to generate

rECG waveform. To validate the proposed network for HR and meanNN estimation, the comparison is

also illustrated graphically using regression and BA plots in Figure 5.4. It shows Pearson’s correlation

coefficient pairs for HR and meanNN to be (0.919, 0.911) and (0.770, 0.736) using PPG-rPPG and

ECG-rECG waveforms, respectively. Thus, these results reveals a strong correlation between the

estimated and ground-truth measurement values. Also, a satisfactory agreement can be observed in

the BA plots, where only few percentage of data are lying outside the limits of agreement (LOA).

The obtained parameters from regression and BA plots are listed in Table 5.4. These experimental

results validates our proposed bitask network in vitals measurement application using the robust

reconstructed rPPG and rECG waveforms.

Table 5.4: Parameters obtained for regression and Bland–Altman (BA) plots of HR and meanNN parameters
obtained from estimated and reference waveforms

Waveforms Vitals R
BA plot

Mean LOA [L, U]

PPG-rPPG
HR 0.919 -0.254 [-7.660, 7.151]

meanNN 0.911 0.002 [-0.047, 0.052]

ECG-rECG
HR 0.770 -1.978 [-14.068, 10.112]

meanNN 0.736 0.012 [-0.064, 0.088]

This work depicts the possibility of a camera sensor to generate an rECG waveform along with

the pre-investigated rPPG waveform using a DNN-based bitask network. Although the experimental

analysis on the UBFC-rPPG dataset shows very promising results, the proposed method still needs to

be investigated on a more dynamic dataset, including large motion artifacts. Also, the current study

focuses only on the proper delineation of the QRS complex of the rECG waveform. However, other

fiducial points of ECG waveforms are also clinically pivotal for diagnosing cardiac anomalies. Thus,

as a future research direction, more exploration and investigation can be carried out to recover all the

clinically relevant information from the rECG waveform.
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Figure 5.4: Comparison of HR and meanNN parameters using correlation [left] and Bland–Altman plots
[right]: (a)-(b) Parameters estimated from PPG and rPPG, and (c)-(d) Parameters estimated from ECG and

rECG
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5.3 Summary

In this chapter, the established rPPG concept using video data is investigated a step ahead to

extract the cardiac electrical events by reconstructing the rECG waveform using a DNN-based network.

This chapter mainly presents a pilot study to look into the possibility of rECG reconstruction and its

clinical application along with the generation of rPPG waveform. For this purpose, a bitask network

is proposed that involves a state-of-the-art PhysFormer network and a CNN-based module to estimate

rPPG and rECG waveforms, respectively. The network is trained and tested on a publicly available

UBFC-rPPG dataset. Subsequently, the method is validated by comparing the estimated HR and

meanNN parameters with their corresponding reference values. The experimental results show the

promising outcomes of the proposed network, and thus, the estimated rPPG and rECG signals may

be employed for cardiac health monitoring. However, the framework needs to be tested on a dynamic

dataset before being deployed for clinical use. We believe the proposed work would open opportunities

for rPPG domain researchers to explore and investigate all the hidden possibilities of rPPG technology

to make it a robust cardiac multimodal system.
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6. Conclusions

Living a healthy and quality lifestyle is the topmost priority of every individual. In order to reduce

healthcare expenses and enhance convenience and accessibility for users, it is essential to transfer the

health assessment process from hospitals to home settings. Therefore, the current healthcare systems

are focused on developing efficient physiological measurement devices in terms of quality, cost, and

ergonomic needs that can be useful for the general public outside the clinical environment. Personal-

ized health assessment biosensors are designed to continuously monitor vital parameters essential for

diagnosing and treating various life-threatening diseases.

In this thesis, two noninvasive and nonintrusive cardiac sensing modalities, including SCG and

rPPG are examined and their potential applications are explored. The methods and algorithms devel-

oped for both modalities have improved the estimation of the targeted vital measurements, thereby

making the frameworks applicable for personalized health monitoring. Chapter 1 provides an in-

troduction to the fundamentals of both SCG and rPPG signals, covering their acquisition methods,

physiological characteristics, and challenges related to their morphological structure. Along with these,

it also includes the state-of-the-art methods for both SCG and rPPG that have been previously re-

ported in the literature. Chapter 2 presents a standalone SCG delineation method to detect AO and

pAC fiducial points. These fiducial points are leveraged to calculate SBP, DBP, and HRV parameters.

Additionally, systolic time intervals are determined by utilizing these fiducial points along with the

demographic data of volunteers through a neural network framework. Chapter 3 introduces a conven-

tional rPPG technique based on 2D-VMD. This approach is employed to enhance the robustness of

HR measurement in rPPG methods. In Chapter 4, two deep neural network architectures are designed

to generate reliable rPPG waveforms, which are subsequently utilized for HR and HRV measurement.

Chapter 5 demonstrates another application of rPPG technology, wherein an end-to-end multitask

network is employed to generate rECG signals along with rPPG signals. The proposed network effec-

tively captures both the electrical and mechanical phenomenon of the heart, bringing the framework

one step closer to an integrated remote healthcare system for diagnosing cardiovascular risks. The

current chapter is arranged as follows: the major contributions of this thesis are presented in Section

6.1. Possible future works are provided in Section 6.2.
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6.1 Summary of Contributions

6.1 Summary of Contributions

The major contributions of our work reported in this thesis are as follows:

� The cuffless BP estimation is first ever one of its kind where a single SCG component of an

accelometric sensor is utilized. This approach proves effective for estimating both systolic and

diastolic blood pressure. The method’s efficacy suggests it could potentially replace current

cuffless BP monitoring approaches, which typically rely on multiple cardiac sensing modalities.

� In critical scenarios, simple decision based rules are formulated to reduce false detections and

misdetection rates of AO peaks identified by the MVMD model.

� A novel spatial-temporal filtering technique utilizing 2D-VMD, azimuthally averaged power spec-

trum density (AAPSD), and multimode kurtosis is devised to improve HR estimation.

� Two DNN based on 1D (DelNet) and 2D (TFL) CNN architecture are investigated for the

extraction of reliable rPPG signals.

� A novel scalogram based feature map is generated from the raw RGB traces of video frames using

the wavelet transformation. This feature map assists the TFL network to learn and characterize

a variety of rPPG signals.

� The reconstruction of rECG from video frames using a 3D-CNN based end-to-end bitask network

is first-ever investigated for the rPPG technology.

6.2 Scope for the Future Work

The first part of the thesis presents the study on SCG signal that is acquired non-invasively using

an accelerometric sensor. This sensing modality is highly suitable for cardiac analysis and disease

diagnosis in wearable healthcare due to its ease-of-use and low-cost. However, the conducted studies

on SCG are validated only on a limited number of subjects. Also, the recordings were done in a

relatively stable condition, prohibiting significant body movements. To enhance the applicability of

these methods, their performance should be assessed across various physiological and pathological

conditions in individuals under dynamic environments in future works.

While SCG technology offers numerous applications, its requirement for contact-based data acqui-

sition may pose challenges in meeting the ergonomic needs of healthcare systems, including subject
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comfort and mobility during long-term monitoring. Hence, the second part of the dissertation intro-

duces non-contact camera based rPPG technology. It is one of the emerging approach in the healthcare

system that addresses the limitations of the contact-based methods. The presented studies on rPPG

can be employed in various applications, including telehealth, consumer fitness, neonatal monitoring,

security and emotional computing. Despite considerable research in the field, certain limitations and

unresolved issues still exist. Some of the research gaps that could serve as future directions in this

field are highlighted as follows:

� The HR values estimated from the video data vary with many factors such as light intensity,

skin-tone, facial expression, and motion artifacts. Several methods have been developed to

compensate these challenges. However, it is essential to provide a comprehensive understanding

of how these challenges are taken care from both biophysical and technical perspectives, rather

than evaluating the performance on datasets containing noise factors.

� The accessibility of rPPG is facilitated by the widespread availability of cameras. However,

the diverse specifications of available cameras can easily impact the performance of developed

algorithms. It requires more attention from researchers to determine the optimal camera qualities

and characterizing the sensitivity of measurements to camera parameters.

� A wide-range of public datasets are available to the rPPG research community, primarily address-

ing two key challenges: illumination variation and motion artifacts. However, future datasets

should include additional challenges such as diverse skin tones, varying age groups of subjects,

multiple persons in a frame, and variations in camera distance. This broader coverage will

enhance the robustness and applicability of rPPG in real-world scenarios. Moreover, existing

datasets have been recorded exclusively from healthy subjects. Consequently, there is a need

to create a dataset comprising data from subjects with cardiac-disorders to investigate rPPG

performance under pathological conditions.

� The rPPG methods and algorithms presented by this thesis enables the measurement of HR

and HRV parameters across various dynamic conditions. Undoubtedly, both HR and HRV are

essential physiological parameters to indicate health condition of a person. However, further

research is required to explore more clinical applications, including the measurement of other

vital signs such as RR, BP, and SpO2.

140

Abstract-TH-3588_186102009



6.2 Scope for the Future Work

� The multitask network proposed for the generation of rECG signal focuses only on the delineation

of the QRS complex of the wavfeorm. However, other fiducial points of ECG waveforms are also

clinically useful for diagnosing cardiac anomalies. Thus, as a future research direction, more

exploration and investigation can be carried out to recover all the clinically relevant information

from the ECG waveform.
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A. Developed Graphical User Interfaces

Graphical user interfaces (GUIs) are valuable tools for showing the output-behavior and practical

applications of designed algorithms. They allow a visual means of interacting with graphical elements,

making the usability of the system convenient for the end-user. In this section, we showcase our

developed GUIs based on computer-interaction.

A.1 MATLAB-based GUI for BP estimation

For a continuous screening of BP values, a MATLAB (MathWorks, Inc.)-based graphical user interface

(GUI) is developed. It facilitates the continuous monitoring of SCG signals. The system computes and

displays LVET′ and HR traces. These parameters are further employed by the mathematical model

(Chapter 2.3.1) for BP estimation. The GUI is shown in Figure A.1, which illustrates the estimation

of SBP, DBP, and mean arterial pressure (MAP) values from the SCG signal of an individual.

Figure A.1: GUI for our BP estimation model. MAP is computed as (SBP + 2DBP)/3.

A.2 Python based GUI for HR and HRV measurement

As a personalized cardiac healthcare application, a PyQT-based GUI is developed to measure the

HR and HRV parameters using the facial video data. The system streams the video of a subject. It
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A.2 Python based GUI for HR and HRV measurement

segments and displays the facial skin pixels by using the method described in Chapter 4.2.1.1. Further

raw RGB traces are obtained from the skin pixels and used to derive the scalogram-based feature maps

(Chapter 4.2.1.1). The developed GUI uses the weights of the trained TFL network (Chapter 4.2.1.2)

to estimate a rPPG signal. Subsequently, the system identifies the systolic peaks of the rPPG signal,

enabling the measurement of HR and HRV indices. The system estimates following HRV parameters:

meanNN, meanHR, SDSD, RMSSD, pNN50, and LF/HF. The designed GUI is shown in Figure A.2

which displays the raw RGB traces, estimated rPPG signal with detected systolic peaks, and the

measured HR and HRV parameters of the subject.

Figure A.2: GUI for cardiac parameter estimation using a TFL-based rPPG framework.
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ubiquitous blood pressure monitoring via pulse transit time: theory and practice,” IEEE Transactions on
Biomedical Engineering, vol. 62, no. 8, pp. 1879–1901, 2015.

[7] X. He, R. A. Goubran, and X. P. Liu, “Secondary peak detection of ppg signal for continuous cuffless
arterial blood pressure measurement,” IEEE Transactions on Instrumentation and Measurement, vol. 63,
no. 6, pp. 1431–1439, 2014.

[8] K. Song, K.-y. Chung, and J.-H. Chang, “Cuffless deep learning-based blood pressure estimation for smart
wristwatches,” IEEE Transactions on Instrumentation and Measurement, vol. 69, no. 7, pp. 4292–4302,
2019.

[9] C. Landry, E. T. Hedge, R. L. Hughson, S. D. Peterson, and A. Arami, “Accurate blood pressure esti-
mation during activities of daily living: A wearable cuffless solution,” IEEE Journal of Biomedical and
Health Informatics, vol. 25, no. 7, pp. 2510–2520, 2021.

[10] K. Soerensen, A. K. Verma, A. Blaber, J. Zanetti, S. E. Schmidt, J. J. Struijk, and K. Tavakolian,
“Challenges in using seismocardiography for blood pressure monitoring,” in 2017 Computing in Cardiology
(CinC). IEEE, 2017, pp. 1–4.

[11] C. Yang and N. Tavassolian, “Combined seismo- and gyro-cardiography: A more comprehensive evaluation
of heart-induced chest vibrations,” IEEE Journal of Biomedical and Health Informatics, vol. 22, no. 5,
pp. 1466–1475, Sep. 2018.

[12] C.-S. Kim, A. M. Carek, R. Mukkamala, O. T. Inan, and J.-O. Hahn, “Ballistocardiogram as proximal
timing reference for pulse transit time measurement: Potential for cuffless blood pressure monitoring,”
IEEE Transactions on Biomedical Engineering, vol. 62, no. 11, pp. 2657–2664, 2015.

[13] J. Park, S. Yang, J. Sohn, J. Lee, S. Lee, Y. Ku, and H. C. Kim, “Cuffless and continuous blood pressure
monitoring using a single chest-worn device,” IEEE Access, vol. 7, pp. 135 231–135 246, 2019.

149

Abstract-TH-3588_186102009



Bibliography

[14] O. T. Inan, P. F. Migeotte, K. S. Park, M. Etemadi, K. Tavakolian, R. Casanella, J. Zanetti, J. Tank,
I. Funtova, G. K. Prisk, and M. D. Rienzo, “Ballistocardiography and seismocardiography: A review of
recent advances,” IEEE Journal of Biomedical and Health Informatics, vol. 19, no. 4, pp. 1414–1427, July
2015.

[15] T. Choudhary, L. Sharma, and M. K. Bhuyan, “Automatic detection of aortic valve opening using seismo-
cardiography in healthy individuals,” IEEE journal of biomedical and health informatics, vol. 23, no. 3,
pp. 1032–1040, 2018.

[16] F. Khosrow-khavar, K. Tavakolian, A. P. Blaber, J. M. Zanetti, R. Fazel-Rezai, and C. Menon, “Au-
tomatic annotation of seismocardiogram with high-frequency precordial accelerations,” IEEE Journal of
Biomedical and Health Informatics, vol. 19, no. 4, pp. 1428–1434, July 2015.

[17] K. Pandia, S. Ravindran, R. Cole, G. Kovacs, and L. Giovangrandi, “Motion artifact cancellation to
obtain heart sounds from a single chest-worn accelerometer,” in 2010 IEEE International Conference on
Acoustics, Speech and Signal Processing, March 2010, pp. 590–593.

[18] J. M. Zanetti and K. Tavakolian, “Seismocardiography: Past, present and future,” in 2013 35th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), July 2013,
pp. 7004–7007.

[19] R. S. Crow, P. Hannan, D. Jacobs, L. He dquist, and D. M. Salerno, “Relationship between seismocardio-
gram and echocardiogram for events in the cardiac cycle,” American Journal of Noninvasive Cardiology,
vol. 8, no. 1, pp. 39–46, 1994.

[20] D. Rai, H. K. Thakkar, S. S. Rajput, J. Santamaria, C. Bhatt, and F. Roca, “A comprehensive review
on seismocardiogram: current advancements on acquisition, annotation, and applications,” Mathematics,
vol. 9, no. 18, p. 2243, 2021.

[21] M. J. Tadi, E. Lehtonen, T. Hurnanen, J. Koskinen, J. Eriksson, M. Pänkäälä, M. Teräs, and T. Koivisto,
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and M. Pänkäälä, “Multiclass classifier based cardiovascular condition detection using smartphone
mechanocardiography,” Scientific reports, vol. 8, no. 1, pp. 1–14, 2018.

[54] T. Hurnanen, E. Lehtonen, M. J. Tadi, T. Kuusela, T. Kiviniemi, A. Saraste, T. Vasankari, J. Airaksinen,
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