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Abstract: - Traditional techniques of heart rate (HR) measurement rely upon optical or electronic sensors. This research proposes a HR
measuring method in a noncontact way that enables a physiological examination of cardiac pulse without using electrodes. The proposed
method is based on automated face tracking and semi blind source separation singular value decomposition (SVD). SVD is introduced in
order to increase the probability of detection of vital signs. Wavelet packet transform (WPT) is also used where the signal is successively
split into sub-bands at each decomposition level, similar to the wavelet transform. The experimentation is carried out on COHFACE and
DROZY datasets. The HR predicted by the proposed method and by the finger blood volume pulse sensor is compared using the Bland-
Altman and correlation analysis. The proposed method when compared to other methods utilizing comparable datasets outperforms in
terms of mean absolute error (MSE), root mean square error (RMSE), standard deviation (SD), and correlation coefficient (CC).
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I.  INTRODUCTION

Human vital indicators, such as the respiratory rate (RR) and heart rate (HR) are measured using
photoplethysmography (PPG) using either contact or non-contact (remote) methods [1]. In order to collect pre-
diagnosis indicators or to keep an eye on patients’ vital signs in intensive care units, medical facilities commonly
use fingertip pulse oxymeters, is an example of contact photoplethysmography. Hertzman et al. made the first
reference of PPG in the 1930s [2]. PPG signals are derived from changes in light that are reflected off of or refracted
through the skin. Since haemoglobin in the blood binds to oxygen to produce oxyhemoglobin, which absorbs light,
especially wavelengths associated with green hue, a significant amount of light is absorbed by the skin's capillary
layer in proportion to the amount of blood that is pierced. The capillary layer’s volume of oxy-hemoglobinized
blood fluctuates with each contraction-relaxation cycle of the heart. We can determine the heart rate by measuring
the fluctuations. An essential physiological signal for tracking the state of the human body's health and emotions is
the CARDIAC signal [3]. Abnormal heart rates are defined as follows: HR lower than 60 bpm is referred to as
bradycardia, and a HR beyond 100 bpm is known as tachycardia [4].

Physiological and pathological variables that interfere with the normal electrical impulse that regulates the heart's
pumping function are the cause of abnormalities in HR. High blood pressure, smoking, temperature, unexpected
stress, drug side effects, and damage to the heart's tissues from heart disease are the usual causes of tachycardia.
Bradycardia is typically the cause of rheumatic fever, obstructive sleep apnea, myocarditis, and aging-related
damage to the heart's tissue. Either of these abnormalities would have a risk factor that could lead to death. Two
popular methods for collecting heart signals are photoplethysmography (PPG) and electrocardiograms (ECG).
Numerous gadgets, such as fitness smart watches and pulse oxymeters, use the photoplethysmography method
(PPG). The primary purpose of this method of measuring blood volume variation is to ascertain heart rate.
Furthermore, this metric can also be used to calculate breath rate or oxygen saturation. The PPG measurement is
often carried out in close proximity to the skin. The tissue is illuminated by a light source, and minute differences
in the reflected or transmitted light are measured.

The electrocardiogram is among the simplest and fastest tests to evaluate the heart (ECG). Electrodes are small
plastic patches that stick to the skin in certain places on the arms, legs, and chest. To connect the electrodes to the
ECG equipment, lead wires are utilized. After that, the heart's electrical activity is measured, deciphered, and
printed. Both of them rely on particular sensors to make touch with subjects' skin, which could be uncomfortable
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or inappropriate for those with delicate skin [5]. The development of non-contact heart rate monitors using computer
vision or microwave Doppler methods has been popular in recent years. Using consumer-level cameras, remote
photoplethysmography (rPPG) is a type of computer vision-based technology that records color changes in the skin
on the face produced by associated heartbeats. In non-contact PPGs, the physiological information is gathered from
the slight color variations on the face brought on via the heartbeat using cameras. The skin color signal can be
viewed as a mixture of pulsatile, specular reflection, and time varying intensity signals [6], [7]. The basic idea
behind PPG is the variations in blood vessel volume during a cardiac cycle alter ambient light route length that is
incident, which sequentially results in variations in the amount of light that is reflected and displays the timing of
cardiovascular events. The skin color changes can also be used, in newborn, for identifying the severity of jaundice
[8]. A nontouch, non-intrusive technique called imaging photoplethysmography (iPPG) can measure or observe
heart activity instead of requiring the user to touch a sensor on their skin. As it can monitor human vital indications
with the help of video taken with a webcam or a regular user level digital camera. The first remote PPG (rPPG)
imaging method was projected by in the presence of ambient light. Participants’ PPG signals who were more than
one meter away were measured by the researchers using a digital camera. Fast Fourier transform (FFT) and
bandpass filters applied to the green channel of RGB videos of faces were found to produce top-quality HR
measurement when related to the channel with red or blue. In this work contactless HR estimation method is
implemented using singular value decomposition (SVD) to increase the probability of detection of vital signs and
Wavelet packet transform (WPT). WPT is used to split the signal into sub-bands at each decomposition level.
Organization of the paper is as follows: Section 2 describes the Literature survey, Dataset information is given in
section 3, Section 4 contains the detailed explanation of proposed method. Heart rate estimation is enlightened in
section 5, Results are discussed in section 6, and lastly section 7 consists of the conclusion and future scope of the
work.

Il. LITERATURE SURVEY

We provide a quick overview of related work, The first remote PPG (rPPG) imaging method was projected by [1]
in the presence of ambient light. Five distinct face segmentation and ROI selection techniques, including a fixed
region and a deformable model fitting approach, were used by [9]. By modelling the variations in backdrop
illumination and subtracting it from the variations in face color, [10] developed an illumination rectification
technique in order to improve the PPG signal. In order to evaluate the PPG signal's quality distribution,
spatiotemporal segmentation films were used in [11], and an adaptive-ROI was computed using mean-shift
clustering and adaptive SNR map thresholding. Super pixels were produced in the photos by [12] using the
adjacency and color uniformity features of the pixels. A model-based ROI segmentation method using a training
generated spatial map was recently proposed in [13]. Managing changes in illumination Surface and subsurface
reflectance models were employed by [14] in their research. To correct for errors brought on by variations in light,
three color components are converted into two orthogonal bases using the CHROM [15] color space conversion
method. In 2SR [16], a spatial color subspace is created for every frame, in the RGB color space depending on the
distribution of the skin pixels.

By calculating the degree of rotation and scaling variations between the skin color subspaces caused by heartbeats,
the PPG signal is retrieved. Signal decomposition approach [17] method was one of the first to demonstrate how
the blind source separation (BSS) technique of independent component analysis (ICA) [18] can be applied to isolate
the rPPG signal from other contributive dynamics, hence enhancing its quality. Later, in [19], this work was
enhanced by including additional pretreatment and postprocessing procedures. Using the CHROM constraint,
Reference [20] built a restricted ICA algorithm. In additional investigations, the principal component analysis
(PCA) was also employed. In order to differentiate external illumination variations from the PPG signal, reference
[21] applied the ensemble empirical mode decomposition (EEMD) approach to the G-channel signal. Reference
[22] presented nonlinear mode decomposition (NMD) technique is more noise-resistant. The history-based
consistency check (HBCC) is suggested to choose the best HR.

Based on differentiable local transformations, the Local Group Invariance approach (LGI) [23] generates features
that are motion and action invariant. Pulse Blood VVolume (PBV) [24] leverages the characteristic of blood volume
changes in different wavelengths to clearly discriminate between pulse-induced color changes and motion noise in
RGB measurements. Principal Component Analysis (PCA) is a statistical approach used to select a subset of
uncorrelated components from temporal RGB recordings [25]. Plane- Orthogonal-to-Skin (POS) [26] is based on a
plane orthogonal to the skin tone in the temporally normalized RGB space. SSR [27] uses a spatial subspace of skin
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pixels and temporal rotation data to extract pulses. The benefit of superhigh resolution is examined in, and a new
semi-BSS approach is introduced. SVD is utilized to increase the likelihood that vital signs will be detected. In a
complicated environment, Singular value decomposition (SVD) performs well at detecting faint motion signals.
The current work proposes a SVD aims to decompose a matrix into three components: a left singular matrix, a
diagonal singular value matrix, and a right singular matrix. It is primarily used for matrix factorization and
dimensionality reduction.

I1l. DATASET INFORMATION

Here we have used existing datasets, named COHFACE and DROZY. The 160 films and physiological information
gathered from 40 healthy participants make up the COHFACE dataset. The campaign to gather data resulted in
multiple days. When compared to the carefully regulated environment used to capture the Manhob HCI-Tagging
data, the data obtained in this new corpus includes more realistic settings. The mean age of the subjects is 35.6
years, with a 11.47-year standard deviation. There were 12 women (30%) and 28 men (70%), divided by gender
[28]. This database, known as the "ULg Multimodality Drowsiness Database™ or DROZY, is designed to support
researchers in their experimentation, development, and evaluation of systems (i.e., algorithms) related to drowsiness
monitoring. It contains a variety of drowsiness-related data, such as images and signals. The Laboratory for Signal
and Image Exploitation (INTELSIG), a division of the Department of Electrical Engineering and Computer Science
at the University of Liége (ULg), Lige, Belgium, gathered the (multimodality) data. This lab is identified by the
notation "ULg-INTELSIG"[29].

IV. PROPOSED METHOD

Estimating heart rate using SVD is a signal processing technique that can be applied to certain types of physiological
data, such as photoplethysmography (PPG) signals obtained from a pulse oximeter or wearable devices. SVD is
used to extract the underlying periodic components in the signal, which correspond to the heart rate. Here are the
general steps involved in estimating heart rate using SVD and Wavelet packet transform (WPT) as in Fig. 1.
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Fig. 1: Block diagram of proposed method

A. Face Detection and Tracking

Extract the face region from the input video frames using face detection algorithms. First, the measuring ROI for
each of the video frame was located and faces within the frames were detected using an automated face tracker Fig.
1(a). To acquire the coordinates of the face location, we used a free version of the Open Computer Vision (OpenCV)
software that is compatible with MATLAB [30]. The work of Lienhart and Maydt [31] and Viola and Jones [32] is
the foundation of the OpenCV face detection method. The algorithm returns the height, width, and x- and y-
coordinates that construct a box around each face that is discovered. We used the center 60 percent width and full
height of the box as the ROI for our further computations based on this information. To reduce noise caused by face
motion in video frames, we use Scale Invariant Feature Transform (SIFT) features from the current and past frames
to adjust the face of the current frame to the location of the face in the prior frame using the Affine Transform (AT).
SIFT bestowed by Lowe, is one of the best techniques for getting local descriptors [33]. The image is changed into
a set of local feature vectors via the SIFT technique as in Fig. 1(b). These feature vectors are intended to be mean
and unit variance. After that, the ROI was divided into its three RGB channels and its pixels were spatially averaged
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to produce the raw traces al(t), a2(t), and a3(t) which are the red, green, and blue measurement points for each of
the frame as shown in Fig. 1(c) and (d). The raw RGB lines are normalised as follow:

! i(6)—u;
a; (t) = % (1)

the value of i is taken as 1, 2, and 3, y; is the mean and g; is the standard deviation of a;(t). The standardization
transform a; (t) to a';(t) with zero mean and unit variance.

B. Wavelet Packet Transform (WPT):

Apply Wavelet Packet Transform as in Fig. 1(e) to decompose the pre-processed face region into its frequency
components. WPT is an extension of the wavelet transform (WT), which is a powerful tool in signal processing and
data compression. The WT is a technique for representing time-scales that breaks down signals into time- and scale-
based base functions. These basis functions are translated and dilated copies of a basis function known as the mother
wavelet. Discrete wavelet transform (DWT) is a useful tool for examination at several resolutions [34]. With precise
temporal resolution, the DWT breaks down a signal's high frequency components. The most recent method to get
around the drawbacks of the Fourier transform (FT) is most likely the WT or wavelet analysis. Wavelet transform
decomposes a signal into a set of wavelet coefficients at different scales and positions, wavelet packet transform
further extends this decomposition by allowing both time and frequency localization, offering a richer
representation of the signal. The Haar wavelet, which has the following wavelet function (¢) and scaling function
(ID), is the mother wavelet used in this work.

+1 WhenOSx<§
Yx) =91 When%<xs 1 @

0 otherwise

1when0§x<1} @A)

P = {0 otherwise
The reconstruction and decomposition of signals are carried out by wavelet transform. After one coefficient is
passed through low pass and the other through high pass filters, the two coefficients are obtained as approximate
and detailed coefficients. Weighted by the wavelet coefficients, the detailed coefficients are derived from the sum
of the translated and dilated wavelet mother y(t). The scaling function &(t)'s translated and dilated versions make
up the weighted total of the approximated coefficients. The detailed and approximated coefficients can be denoted
as follows [35]:

Dj(t) = X dx(, k)P 1 (0) (4)
Aj() = X ay(, k)P () (%)

Compared to wavelet decomposition, WPT provides a more accurate frequency resolution. Based on the Haar
wavelet filter, which is crucial to biomedical research, is the revised version of DWT. Here, the quality of a signal
and the amount of time needed for analysis lead to the selection of the Haar wavelet, and the suggested method
illustrated in Fig. 2 performs three-level decomposition. This algorithm's benefit is that it eliminates redundant
samples from each level of decomposition, greatly enhancing execution speed and accuracy. In wavelet packet
transform, the signal is successively split into sub-bands at each decomposition level, similar to the wavelet
transform. However, unlike the wavelet transform, which only decomposes the signal into approximation and detail
coefficients at each level, wavelet packet transform decomposes the signal into both approximation and detail
coefficients, but also allows for further decomposition of each detail coefficient. This results in a binary tree
structure where each node represents a sub-band of the signal, with the root node representing the original signal
and the leaf nodes representing the finest level of decomposition.
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Fig. 2: Three level structure of WPT
The main advantage of wavelet packet transform over wavelet transform is its flexibility and adaptability in
capturing both local and non-local signal features. By allowing more freedom in the decomposition process, wavelet
packet transform can provide a more detailed and informative representation of the signal, which can be useful in
various signal processing tasks such as denoising, feature extraction, and compression. Here’s a basic algorithm for
performing Wavelet Packet Transform (WPT) [36].

Algorithm 1: Algorithm for Wavelet Packet Transform (WPT)

1: Input: A discrete signal x[n], where n=0, 1, 2, ..., N-1
2: Choose a Wavelet Function: Select a wavelet function y(t) (e.g., Daubechies, Haar, etc.)

and its corresponding scaling function ¢(t).
3: Decomposition:
] Start with the original signal x[n] at level 0.
] Apply a high-pass filter (detail filter) h[n] and a low-pass filter (approximation filter) g[n] to obtain
detail coefficients dapprox[n] and approximation coefficients aapprox[n] for the current level. Subdivide the
detail coefficients dapprox[n] into further detail and approximation coefficients by applying the same filters.
" Repeat the decomposition process recursively for each subband until reaching the desired level of
decomposition.
4: Output: A tree structure representing the decomposition of the signal into various subbands, each containing
detail and approximation coefficients

C. Singular value decomposition

Perform Singular Value Decomposition on the selected frequency components obtained from WPT. Extract the
most significant singular values or components that capture the variation related to heart rate as seen in Fig. 1(g).
a. Data Matrix: Construct a data matrix where each row represents a time sample, and each column represents a
data point in the PPG signal. The PPG signal is typically a timeseries with discrete samples.

b. Perform SVD: Apply Singular Value Decomposition to the data matrix. SVD decomposes the data matrix into
three matrices: U, S, and V' T (transpose of V). The Sigma matrix contains singular values, which represent the
importance of each component. The columns of U and V represent the left and right singular vectors, respectively.
U (Left Singular Vectors): U is a square or rectangular matrix whose columns are orthogonal unit vectors. These
vectors are often referred to as the left singular vectors and capture the structure of the original data in a new
coordinate system. S (Singular Values): S is a diagonal matrix containing singular values.

The singular values are non-negative real numbers and are listed in descending order. They represent the importance
or variance of the information contained in the corresponding singular vectors. VT (Right Singular Vectors): VT is
the transpose of a square or rectangular matrix, and its columns are orthogonal unit vectors as well. These vectors
are known as the right singular vectors and capture the relationships between the original data points. Singular value
decomposition (SVD) is extensively employed in various domains, including signal detection [37] and noise
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reduction [38]. Additionally, components of the fetal and maternal electrocardiogram (ECG) signals are extracted
using the SVD [39].

D. Feature extraction and Heart rate calculation

Combine the information obtained from both WPT and SVD to extract features relevant to heart rate
estimation. These features may include amplitude variations, frequency content, and temporal patterns. Utilize the
extracted features to estimate the heart rate. This can be done using various methods such as peak detection, spectral
analysis, or machine learning algorithms. As shown in Fig. 1(h) The power spectrum is obtained by applying the
fast Fourier transform (FFT) on the chosen source signal. Within an operational frequency band, the frequency
corresponding to the maximum power in the spectrum was identified as the pulse frequency. Once you have the
dominant frequency, you can calculate the heart rate by converting it to beats per minute (BPM). Typically, heart
rate is calculated as HR = (Frequency * 60), where Frequency is in Hertz (Hz).

Algorithm I1: Algorithm for Singular Value Decomposition (SVD)

Input: Matrix A of size m x n.
Step 1: Compute A4 and AA”

. Compute the matrices AT A and AAT These are symmetric matrices of size n x n and m x m, respectively.
Step 2: Compute Eigenvectors and Eigenvalues of ATA and AAT

. Compute eigenvectors and eigenvalues of the matrices AT A

. Let vy, v,, V5 .... v, be the eigenvectors ATA and uy, u,, us ... u,be the eigenvectors AAT

. Arrange the eigenvectors in descending order of their corresponding eigenvalues.

Step 3: Compute Singular Values:

. The singular values o; are the square roots of the nonnegative eigenvalues of ATA or AAT .

Arrange them in  descending order.
Step 4: Compute Singular Values:

. The left singular vectors U are the eigenvectors of AA” normalized by the corresponding singular values.
. The right singular vectors V are the eigenvectors of AT A normalized by the corresponding singular values.
Step 5: Construct Singular Value Decomposition:

. The SVD of matrix A is given by A = UZVT, where U is an mxm orthogonal matrix, X is nxn

diagonal matrix with singular values on the diagonal, and V is an n x n orthogonal matrix.

E. Feature extraction and Heart rate calculation

Combine the information obtained from both WPT and SVD to extract features relevant to heart rate estimation.
These features may include amplitude variations, frequency content, and temporal patterns. Utilize the extracted
features to estimate the heart rate. This can be done using various methods such as peak detection, spectral analysis,
or machine learning algorithms. As shown in Fig. 1(h) The power spectrum is obtained by applying the fast Fourier
transform (FFT) on the chosen source signal. Within an operational frequency band, the frequency corresponding
to the maximum power in the spectrum was identified as the pulse frequency. Once you have the dominant
frequency, you can calculate the heart rate by converting it to beats per minute (BPM). Typically, heart rate is
calculated as HR = (Frequency * 60), where Frequency is in Hertz (Hz).

V. RESULTS AND DISCUSSION

To validate the heart rate estimation obtained from the combined approach against ground truth data or reference
measurements, Using the same procedures, we were able to derive the reference HR readings from the recorded
finger BVP signal. The two measurement approaches were merged into a graphical and statistical interpretation
using Bland Altman plots [40]. Plotting the discrepancies between the Flexcomp finger BVP sensor and the
estimates from the suggested method versus the averages of both systems was done. Calculations were performed
to determine the mean and standard deviation (SD) of the differences, the mean of the absolute differences, and the
95% bounds of agreement (+ 1.96 SD). The parameter like mean absolute error (MAE), root mean squared error
(RMSE), Pearson’s correlation coefficients (CC) and the standard deviation were calculated for the estimated HR
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from proposed method and the finger BVP. These parameter values are calculated for face video sequences using
proposed method and reference blood volume pulse (BVP) signals using following equations:

MAE = - Y% HRgr — HR,, (6)

L SN(HRGr—HRy)?
RMSE = /% @)

where, HR;r = HR obtained using ground truth, HRpy; =HR estimated using proposed method.

SD=0= /72@;*‘02 ®)

where, ¢ = Standard Deviation of number of subjects, N = Number of subjects, a; = Each value from the no.
subjects, p= Mean of no. of subjects.

Y(a;—a)(bi-b)

JZ(ai—aVZ(bi—E)z
where, r = correlation coefficient, a;= values of the a-variable in a sample, @ = mean of the values of the a-variable,
b;= values of the b-variable in a sample, b= mean of the values of the b-variable.
Power spectrums of normalized RGB components are shown in Fig. 3. The cardiac pulse wave is clearly discernible
in the second component among the three separate sources obtained after SVD, and it resembles the referenced
BVP signal, it is observed that the peak pulse frequency for the signal from the BVP matches the reference’s power
spectrum at 1.389 Hz. Peaks in the power spectra of the SVD components and raw RGB traces are visible at that
frequency. However, the power spectrum density (PSD) of the second SVD component coupled with the most
precise estimated pulse frequency (0.74139 Hz) and produce the highest signal to ratio. Using the Bland-Altman
plot for analysis, two measurements of the same variable are compared.
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Fig. 3. Power spectrum of RGB components obtained using proposed method.
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RPC: 29 (3.5

Fig. 5. Bland-Altman (BA) plots of HR with proposed method and HRgver.

It is an approach for evaluating different methods. For instance, a costly measuring system can be compared with a
low-cost one, or an invasive measuring method might be compared with a non-invasive one. Here, we calculated
the absolute differences in mean, standard deviation (SD), and 95 percentile boundaries of agreement (1.96 SD).
From BA plots, the significant differences are seen in the distribution of points before and after proposed method.
Before application of proposed method, as depicted in Fig. 4, the mean error is 3.5 beats per minute (BPM), with
limits of agreement ranging from 11 to —4.0 BPM. After applying the proposed method error is reduced to —0.25
BPM, with limits of agreement ranging from 2.6 to -3.1 BPM as seen in Fig. 5. Estimation of HR is carried out with
the suggested method as well as with the BVP sensor, resulted values were almost identical. It shows that the
suggested method allows for superior HR estimation as compared to other existing methods. This non-contact HR
measurement technique can be incorporated into fitness trackers, smartwatches, or sports monitoring devices. It
enables users to monitor their heart rates during physical activity without the need for chest straps or other contact-
based sensors. Also, the proposed face video based HR estimation method can be used in mental health research
and clinical settings to monitor HR variability and assess stress levels, emotional arousal, or physiological
responses. Table 1 compares the parameters (MAE, RMSE, CC and SD) after applying proposed method with the
parameters of other approaches using the COHFACE database. Similarly, Table 2 shows the parameter comparison
with different method using DROZY dataset.

Table 1: Performance comparison on the COHFACE database using different HR measurement methods.

Methods MSE | RMSE | SD CcC
GREEN [1] 14.69 - - .05
PBV [24] 13.27 - - 0.05
LGI [23] 12.78 - - 0.01
CHROM [15] 12.49 -- -- 0.02
POS [26] 11.99 - - 0.03
SSR [27] 11.89 0.03
ICA[17] 11.16 - - 0.19
PCA [25] 10.47 - - 0.27
Fast ICA [41] 8.06 8.45 14.02 0.9
SIFT AND FASTICA 7.02 1.47 14.01 0.89
[44]

WPT and SVD

(Proposed Method) 6.52 6.62 13.44 0.97

Table 2: Performance comparison on the DROZY database using different HR measurement methods.

Methods MSE RMSE SD CcC
SCICA [42] 7.75 12.50 9.82 0.52
SCF [1] 71.57 12.45 9.90 0.39
EEMD [43] 8.39 12.81 9.7 0.32
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Fast ICA [41] 8.01 8.43 9.9 0.83
WPT and SVD
(Proposed Method) 7.00 7.15 9.45 0.9

To compare the distributions of HR estimations across the COHFACE and DROZY datasets, we used box and
whisker plots. This is useful for graphically representing the distribution of data through its quartiles. The
"whiskers," or lines stretching parallel from the boxes, are used to denote variability outside the upper and lower
quartiles. Outliers are sometimes displayed as individual dots that are in-line with whiskers. Both vertical and
horizontal lines can be used to create box plots. Box plots have the benefit of taking up less room than a histogram
or density Plot, which is helpful when comparing distributions across numerous groups or datasets. Despite the fact

that they may appear simple in comparison. The Box and whisker plots of MAE, RMSE, SD and CC for COHFACE
and DROZY dataset are shown in Fig. 6.
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VI. CONCLUSION

In this study, a non-contact method to recover the heart rate from video recordings of human faces called singular
value decomposition (SVD) and wavelet packet transform (WPT) has been described, put into practice, and tested.
The findings of proposed method are equated to the cardiac pulse measured by the finger blood volume pulse (BVP)
sensor, and the Bland Altman analysis plots are used to determine the minimum error. The suggested method’s
mean absolute error, root mean square error, standard deviation, and correlation coefficient were minimal when
compared to other HR estimate methods. The proposed method can be applied for fitness and sports tracking,
healthcare monitoring, mental health assessment, etc. In future, the suggested method has the potential to estimate
a wide range of other significant physiological characteristics, including respiratory rate, heart rate variability, and
arterial blood oxygen saturation.
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