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Abstract
In order to detect variations in blood volume in the peripheral arterial pulse, photoplethysmography (PPG) can be used as 
an electro-optical method. Recognized as a straightforward, non-invasive, and reasonably priced method for diagnosing 
cardiovascular issues, PPG pulse characterization has attracted a lot of attention in recent years. IoT based analysis of PPG 
contours can shed light on cardiac characteristics at various points in the cardiac cycle. Loss of pulsatility associated with 
age and Cardio Vascular Disease (CVD) is the primary limitation of contour analysis The e waves are classified through 
optimistic discrete wavelet and CNN based approach. As a result, IoT based accurate delineation of the PPG pulse is necessary 
for accurate detection of heart illness. In addition, resampling the SDPPG signal ensures the occurrence of particular facts 
when it comes to the process of building slabs of attention, in which the undesired slabs are primarily removed by means of 
onset criteria. Research provides a comparison of the performance of the proposed method to that of other machine learning 
based techniques. In terms of classification accuracy (Normal, P1, and P2 pulses: 95.9%, 93.4%, and 90.08% respectively), 
wavelet-based CNN with PPG signal outperforms CNN with PPG and ABP signals. Correct classification is aided by CNN's 
ability to extract many features associated with premature pulses. To ensure that no pulses are missed, our method estimates 
the wavelet transform at one-second intervals over the whole signal's duration. CNN's incremental fine tuning also aids in 
improving both sensitivity and specificity. The wavelet-based CNN outperforms other state-of-the-art approaches in terms 
of accuracy, sensitivity, and specificity when classifying waves.

Keywords  Photoplethysmography (PPG) · Heart rate variability (HRV) · Pulse rate variability (PRV) · Electro cardio gram 
(ECG) · Cardio vascular disease (CVD) · Internet of things (IoT)

Introduction

As technology and methods have improved, CVD may now 
be diagnosed and monitored with greater accuracy and 
efficiency in the medical system. It is preferable to minimise 
the hazards associated with surgically accessing the body's 
surface, such as infection, hence non-invasive approaches 
have played an important role in biomedical monitoring 
and diagnosis. Tonometry, echo tracking, Doppler probes, 
Electrocardiography (ECG), and Photoplethysmography 
(PPG) are all examples of non-invasive procedures that can 
be used to evaluate cardiovascular disorders [1, 2].

The optical evaluation of physiological parameters pro-
vides circumstances for continuous, non-invasive physi-
ological monitoring, which is the foundation for diagnosis 
and therapy. Photoplethysmography (PPG) is a photosen-
sitive method applied in virtually every clinical setting 
because of its ease of use, low cost, and high utility. PPG 
is able to detect changes in blood volume in the micro vas-
cular bed of tissue by operating in the red or near infrared 
range (NIR) [3]. The peripheral pulse that coincides with 
the heartbeat is the most prominent aspect of the wave-
form. The PPG signal has been widely recognised for its 
potential to provide insightful cardiovascular data. The 
development of computer-based pulse wave analysis tools 
and the technique's attractive simplicity, portability, and 
low cost have sparked renewed interest in it in recent years 
[4–6].

This article is part of the topical collection “Machine Intelligence 
and Smart Systems” guest edited by Manish Gupta and Shikha 
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With the help of a secure service layer (SSL) and the 
ability to collect, record, and analyse a new data stream with 
extreme precision and speed, the Internet of Things (IoT) is 
a network that connects all the things in our environment 
to the internet to share and capture the crucial amount of 
information. The healthcare system's service quality may 
increase automatically, and costs may decrease, if the phi-
losophy of the Internet of Things (IoT) is applied in this 
sector. Research efforts have been concentrated on several 
aspects of healthcare, including monitoring and control, 
interoperability and security, big data analysis and manage-
ment, pervasive healthcare and sensing, etc.

The number of people affected by CVD has grown. 
Arterial stiffness is the primary predictor of cardiovascular 
risk since it is directly related to the progression of 
atherosclerosis and arteriosclerosis, an inflammatory 
and degenerative condition of the arterial wall. Arterial 
stiffness is a normal part of ageing, but it can be 
accelerated by conditions including high blood pressure, 
high cholesterol, and diabetes. Traditional assessment of 
arterial stiffness has relied on pulse wave velocity (PWV), 
which is a measure of major artery segments [7].

Although aortic structural abnormalities may be a 
presenting symptom rather than the underlying cause 
of cardiovascular disease, studies focusing on smaller 
arteries are important for early detection of cardiovascular 
events caused by arterial stiffness. Information about the 
periphery's arteries can be gleaned from the PPG pulse 
wave. The forward wave of a PPG pulse travels from the 
heart to the finger, while the reverse wave travels back 
through the aorta to the femoral and popliteal arteries 
in the legs [8–10]. Smaller arteries become stiffer, 
changing the magnitude and timing of the reflected waves. 
Therefore, it is necessary to collect the information on 
vascular stiffness by a promising method, involving the 
IoT based delineation and analysis of the contour of the 
PPG pulse wave.

The optical qualities of a chosen skin area constitute the 
basis for PPG. The epidermis, dermis, and subcutaneous fat 
are the three main layers of skin that can be seen from the 
outside. The epidermis, the outermost layer of skin, typically 
measures 100 m in thickness, lacks blood vessels, and sheds 
its dead cells on a regular basis. Capillaries are extremely 
fine blood channels that transport oxygenated blood from 
the arteries to the cells that need it (the mitochondria) 
and waste products (the erythrocytes) to the venules. The 
subcutaneous tissue is a layer of fatty and connective tissue 
(1–6 mm thick) that protects the body's major blood arteries 
and nerves [12–14].

As can be seen in Fig. 1, the PPG waveform is made up 
of two distinct waves: a great quasi-DC module that associ-
ates the tissues and the middling lifeblood volume, and an 
AC or pulsatile component that synchronises with the heart 

rate and is superimposed on the big quasi-DC component. 
The amplitude of the pulsatile constituent of the PPG data 
is typically 1–2 percent of the DC value, and it is indicative 
of vascular compliance and cardiac function. Important data 
about how blood is pumped and moved around the body of a 
living organism can be found in its pulsatile component [15]. 
This has been used to examine peripheral vascular compli-
ance and major artery compliance, making it a valuable tool 
for the study of cardiovascular disease. In this publication, 
the pulsating part of PPG is called the PPG pulse wave.

Motivation for the Research

This investigation seeks to make two contributions to the 
field of photoplethysmographic cardiovascular assessment. 
First, it will investigate the arterial stiffness of subjects 
whose morphology varies (for instance, the data may reveal 
varying pathophysiological intricacies, such as consistent 
and uneven heart beats, squat and varying amplitudes). 
Second, it will investigate the potential of PPG signal to 
evaluate cardiovascular dynamics. Changes in blood volume 
in the micro vascular bed of tissues can be detected using 
PPG, an optical technique that typically operates in the red 
or near infrared area. Hertzman and Spielman were the first 
to use the term “photoplethysmography,” and they proposed 
that the resulting “plethysmogram” quantify changes in 
blood vessel volume [11].

Database Applied

The waveforms for PPGs are taken commencing Physio-
Net’s (http://​www.​physi​onet.​org) massive, freely accessible 
data record. The database includes high-perseverance physi-
ologic surge (for example electrocardiograms) experimented 
at 125 Hz, collected commencing male and female grown-up 

Fig. 1   PPG wave along with its DC and AC constituents

http://www.physionet.org
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subjects aged 21 to 90 with a variety of pathologies includ-
ing pulmonary illness.

The subsequent section provides an outline for the 
remaining content of the paper. In part 2 of the document, 
you will find a brief description of the related work. This 
section provides an overview of the existing research and 
studies that are relevant to the topic at hand. Moving on to 
Sect. “The Objective of the research”, you will find a detailed 
explanation of the methodology employed in this study, as 
well as the theoretical foundations that underpin the methods 
used. This section aims to provide a clear understanding of 
the approach taken and the principles guiding the research 
process. In Sect. “Proposed Algorithm”, we will discuss the 
simulation results and analysis. In the concluding section of 
this research paper, titled "key findings," we aim to provide 
a concise summary of the most significant outcomes.

Existing Methodology

For arterial pressure readings and pulse oximetry 
(SpO2/PPG) signals, developed an automatic systolic 
peak recognition system that identifies the first peak 
after each heartbeat. Incorporating a filter bank with 
tunable cut-off frequencies, rank-order nonlinear filters, 
spectral estimations of heart rate, and a decision-making 
framework [16]. However, the computational inefficiency 
comes from the fact that the decision logic discards all 
candidate components if the temporal constraints are not 
met [17].

It was suggested by that an automatic delineator may 
be used to locate fiducial spots on the waveform of arterial 
blood pressure, such as onsets, systolic peaks, and dicrotic 
notches. The delineator is based on the combinatorial 
analysis of the original waveforms and their first-order 
derivatives [18], and additional decision logics were 
introduced in order to deal with pathologic complexity, 
instrumental unreliability, and the final selection of 
probable dicrotic notches. Since this method only takes 
into account derivatives of the first order, it is possible that 
it will not be able to correctly comprehend the waveform 
that was first given. In addition, when it is not there, the 
delineator fixes an empirical point as the dicrotic notch in 
a third of the temporary searching window. This point can 
subsequently be adjusted [19].

A detection method that compares the fit of broken-
stick and straight-line models within a sliding time window 
was suggested [20] as a means of locating the onset, 
systolic peak, dicrotic notch, and diastolic peak in the PPG 
waveform. This would allow for the identification of these 
elements. The proposed method has a pretty low level of 
accuracy when it comes to producing accurate detections, 
which is something that might be improved.

A method for detecting the systolic peak was developed, 
and it was based on local maxima-minima, first-derivative, 
and slope sum. This was done so that the detection rate could 
be increased. The advantage of the proposed method is that 
it eliminates the requirement for human input in selecting 
where to set the threshold [21]. This is an important 
advantage. Because of this, it is an excellent choice for 
applications that take place in real time. Even though it has 
presented certain PPG morphologies, that does not mean 
that it has presented all of them [1].

To find the systolic peaks, suggested a method that uses 
a moving average of valley-peak differences in conjunction 
with an adaptive threshold filtering. When the threshold 
coefficient is lowered, there is a greater likelihood of false 
positives [22].

In order to create a binary classifier, [23] devised an 
algorithm that uses the notion of threshold comparison 
between the consecutive samples to recognise the peak 
and foot fiducial points in PPG and the dicrotic notch and 
diastolic peak in SDPPG. With this method, we can detect 
fiducials with a high degree of accuracy.

To avoid the need for any preliminary processing of 
PPG waveforms, [24] created a peak identification system 
based on an adaptive segmentation method (ASM). 
Subjects with different pathophysiological difficulties 
were not evaluated, and the study only included 20 
healthy volunteers who had no history of cardiovascular, 
neurological, or respiratory problems.

Using a topological signal processing framework, 
authors suggested a unique method based on persistence 
intervals for extracting the systolic peak, anacrotic notch, 
dicrotic notch, and diastolic foot of pulse pressure waves 
[25]. Twenty-eight participants' radial pressure pulses 
were collected using a wearable tonometer to further 
validate this method. The researchers then calculated the 
peripheral augmentation index using both the derivative 
and persistence based methods and found no significant 
differences between them.

In [26] studied 112 pregnant and nonpregnant persons 
of varying ages to determine the repeatability of arterial 
stiffness parameters evaluated by digital pulse wave 
analysis (DPA) and the connections to applanation 
tonometry parameters. With respect to the ejection 
elasticity index (EEI), the age index (AI), and the b/a, the 
associations were all stronger with AIx than with PWV. 
They concluded that the EEI, AI, and b/a were the most 
effective DPA parameters.

Twenty intensive care unit (ICU) patients' PRV and 
HRV were analysed using multiscale entropy (MSE) to 
determine if PRV might replace HRV. Using Poincare 
plots, they also linked PRV from four PPG-based 
approaches to HRV from the gold-standard R-R interval 
method [27]. They found that no PPG-based method 
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correlated or agreed well enough with the gold-standard 
ECG-based method, leading them to the conclusion that 
PRV might not be a practical option for estimating MSE 
values and Poincare plots of HRV.

Using photoplethysmography (PPG), investigaotrs [28] 
proposed iPRV as a surrogate for Heart Rate Variability 
(HRV) and Pulse Rate Variability (PRV) in non-stationary 
conditions. Researchers analysed the iPRV and HRV of 
24 subjects during a passive leg raise (PLR) experiment 
in time-domain and discovered a favourable correlation 
between the two (r-value = 0.6800.099 at baseline and 
r-value = 0.6880.096 during PLR). They also suggested that 
time-domain PPG analysis is a better diagnostic for clinical 
use.

Researchers looked at the viability of HRV indices 
derived from finger PPG as a potential replacement for HRV 
derived from ECG signal. Thirty-three people participated 
in the study, and their PPG and ECG signals were captured 
at the same time under both resting and exercise situations. 
Mean and standard deviation (SDNN) of intervals over 
5 min were calculated from PPG and ECG waveforms, 
and the PPG and ECG PPI and RRI were determined for 
each condition. They found that the PPI and RRI have a 
stronger cross correlation when at rest than when exercising, 
indicating that the HRV indices can be reliably evaluated 
from PPG when at rest.

The Objective of the Research

To better diagnose cardiovascular evaluations, this 
publication proposes an effective approach for adaptive 
IoT based delineation of PPG waveforms. Specifically, this 
study aims to:

•	 Improve diagnosis with your new, more powerful 
method for segmenting PPG waveforms based on their 
second-order derivative. You can evaluate arterial stiff-
ness by using the proposed technique to analyse physi-
ological features gleaned from the PPG signal.

•	 Photoplethysmographic augmentation index (PAI) for 
arterial stiffness estimation and demonstrating PAI's 
correlation with CVD risk in clinical research.

Proposed Algorithm

Subsequently most delineation methods rely on the 
size of the temporary searching window employed or 
thresholding, the size of these windows and thresholds 
must be calculated empirically, and in the absence of a 
fiducial point, such as a dicrotic notch, a fiducial point 

must be set experimentally. If these criteria are not chosen 
properly, the algorithm's overall performance could suffer. 
Some algorithms to generate blocks of interest, with the 
unwanted blocks being filtered out in the process, use 
two moving average filters, then a dynamic event length 
threshold. For this reason, an optimised algorithm is 
required to guarantee the existence of representative 
points in all of its recurrences and to improve performance 
in relations of sensitivity besides great optimistic 
predictivity. The resampling approach can be used to do 
this. Therefore, it is proposed to develop an algorithm in 
Matlab to outline the important facts of PPG data with 
numerous pathophysiological impediment, found from 
the high-gauge acquiescently obtainable data record 
from PhysioNet, while also guaranteeing the existence of 
representative facts in altogether its recurrences through 
a sampling method again.

BPF Filtering

It is common for aliasing points to be introduced in 
derivatives of raw PPG unprocessed waveforms due to 
the presence of numerous sounds and artefacts. When 
the PPG signal and its derivatives are evaluated using an 
algorithmic strategy, these confounding variables may 
impair feature extraction and, by extension, the accuracy 
of the diagnosis. Noise and artefacts in the original PPG 
signals can typically be reduced using Band Pass Filters 
(BPF).

It is crucial to condition the signal using effective digital 
filtering that takes into account baseline drift in addition 
to additional squat and great frequency constituents. 
Maximum of the vitality of the PPG data is less than 9 Hz, 
therefore we can filter out the great-frequency clamour that 
subsists beyond 9 Hz and the small-frequency clamour 
that origins reference line drifting in the range of 0.5 Hz 
by employing Fast Fourier Transform (FFT). It is at these 
lower frequencies that the signal appears to be least filtered. 
Figures 2, 3, 4, 5 depicts the raw signal's spectrum as well 
as its filtered signal, making it evident that the filtered signal 
lacks the unwanted spectrum [28].

2nd Derived Evaluation

First, second, and fourth order derivatives identify phase 
shifts in the original PPG waveform. SDPPG, or acceleration 
plethysmogram, is often utilized over the first derivative 
because it allows for easier understanding of the original 
waveform. It has five successive waves termed a, b, c, and d 
waves in the systolic stage and e wave signifying the dicrotic 
slash in the diastolic stage. Various articles have statistically 
evaluated the relationship between cardiovascular risk 
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variables and SDPPG normalized amplitudes. Most 
cardiovascular diseases are determined from a, b, and e 
waves.

Though the experimental consequences of SDPPG extent 
have been described in length, investigations concentrating 
on the programmed recognition of this information in 
SDPPG data are needed to communicate cardiac healthiness.

Signal Re‑Sampling

The PPG signal is used to implement the segmentation into 
a single beat through situation to the ECG explanation in the 
data record, and ECG data are applied to authenticate the 
beat recognition. The beat-by-beat performance evaluations 
are validated against the corrective reference provided by 
the approved ECG annotations in the database. In other 
words, visual inspection was used to determine the state 
of delineator findings. A weary recognition is classified as 
either correct optimistic or incorrect adverse grounded on 

Fig. 2   The Proposed Method 
Block Diagram BPF (0.5 to 9 Hz) 2nd Derived 
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the occurrence or absenteeism of a distinct PPG waveform 
and accompanying ECG annotation. If the PPG waveform is 
ambiguous or the ECG is unannotated, the result is classified 
as a false positive (FP).

Additionally, bio-signals associated with cardiac activity 
are non-periodic but recurrent; for example, the choral 
constituents of two successive reappearances of the PPG 
data and its offshoots may have diverse frequencies. The 
repetitions are defined as the time between successive peaks 
in the signal. To ensure that all harmonic components are 
treated in the same manner, we first resample the SDPPG 
signal to equalise the lengths of the recurrences, as described 
in the algorithm below. Re-sampling the SDPPG signal 
ensures that each repetition will have the same figure of 
sections in an affecting space. The PPG signal is divided 
into sub-signals of a predetermined repetition rate. Each 
chosen repetition of the PPG signal is sampled again using 
the similar numeral of models and then associated with the 
others. After that, we take an average across each period's 
Mth sample. For the SDPPG signal, we used the same 
procedure.

Feature Abstraction and Ordering

When drawing the SDPPG, the delineator looks for all the 
beats where the zero-crossing points are positive. The PPG 
waveforms are then analysed, and the candidate onsets 

and systolic peaks are scored based on the validated ECG 
annotations in this database. After identifying synchronization 
through all supplementary utmost facts, the delineator treats 
the universal extreme fact as a surge in every weary. Using 
a fixed point on the SDPPG signal as a point of reference, 
like the wave's maximum recurrence point, allows for 
coordinated zero-crossing sites. After analysing 46 separate 
records, we find that the middling bounty of the "a" surge in 
every dataset is amongst 0.0152 and 0.052, with a variance 
of 0.005. If a fact is missing during some stretch period, the 
delineator will use the middling bounty and deviance of 0.006 
between the leading and last beats to try to find it again and 
recover it. The algorithm identifies the first minimum value 
that occurs following an a-wave as the b-wave, and it then 
correlates this value with the subsequent minimum values. 
Since a dicrotic notch is expected to appear between the b 
wave and the subsequent onset, the given delineator can 
also pinpoint the position of the e wave inside that interval 
(a wave). After identifying a and b waves, we identify the e 
wave (dicrotic notch) as the optimistic zero-intersection fact 
through the highest uttermost amongst the current b surge and 
the following a surge, provided that this point does not deviate 
over the course of a single beat. The e waves are classified 
through optimistic discrete wavelet and CNN based approach.

Fig. 3   Spectrum of PPG signals (a) Untainted PPG data (b) Eviscerated PPG data
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Performance Assessment
To evaluate the effectiveness of the provided delineator, 
we estimate common statistical parameters: Accuracy, 
Sensitivity (Se) and Specificity as formulated below.

True positives (TP) are the number of times an a/b/e wave 
was correctly identified as an a/b/e wave; false negatives 
(FN) are the number of times an a/b/e wave was incorrectly 

(1)Accuracy =
TN + TP

Total data Sample
X100

(2)Sensitivity =
TN

TN + FP
X100

(3)Specificity =
TN

TN + FP
X100

identified as not being present; and false positives (FP) is 
the number of times an incorrect wave type was incorrectly 
identified as present. For the selected records, we calculate 
an overall performance rating for the accuracy with which 
they recognise both the beginning (a surge) and the b surge 
in PPG waves. The results of the IoT based delineator were 
evaluated visually, and both a and b waves were taken into 
account. A beat was classified as “TP” if the PPG waveform 
could be clearly seen, “FN” if it could not, and “FP” if it was 
barely detectable.

Result and Discussion

To confirm the delineator as True Positive or reject it as 
False Positive or FN aimed at a surge, for instance, all global 
maximum peaks with moving point coordination were 

Fig. 4   The Projected Filtered Output (a) Pure PPG untreated data (b) Cleaned PPG data with baseline theme removal (c) SDPPG data
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selected (onset). Since a waves tend to have comparable 
amplitudes, the delineator was able to account for their sharp 
peaks (high amplitude) and the statistical characteristics of 
the signals (i.e., mean and standard deviation) do not change 
much over time. The b wave follows the a wave and is the 
principal least afterwards the a surge regardless of either it 
is a universal least or a confined least in subjects through 
worthy or deprived transmission. The delineator classifies 
as b waves all the first minimum points that follow a wave 
and are coordinated by moving points. For following pulse 
contour analysis during IoT based PPG characterization, 
the delineator results are more trustworthy than those from 
thresholding techniques.

The steady heartbeat is examined through affluence, 
since ‘a’ surges are uniformly spread out and consequently 
the occurrence of the succeeding weary is expectable. An 
asymmetrical heartbeat is often connected to whichever 
premature thumps and the projected outliner efficiently 
detect a surges in an asymmetrical data which furthermore 
associates to 16 strokes in ECG II prime for this recording 
in the data. The suggested outliner furthermore recognises a 
influences exactly even in inconsistent amplitude non-static 
PPG data. This record's average a-wave amplitude is 0.02, 

however due to a discrepancy of 0.005, the a-wave recorded 
at 0.014 is FN. Equating the PPGs of 28 fit young helpers 
to the PPGs of ill patients and the elderly, it is evident that 
the suggested outliner is additional amplitude-liberated. 
The enactment of the b surge recognition reached virtually 
the identical outcome as detection, as the recognition of b 
surge determined by on the recognition of a surge. With no 
false positives, the suggested a and b detection achieved a 
99.89% optimistic predictivity besides a 99.96% sensitivity, 
demonstrating the stability of the delineator. The outliner 
informed 2 FNs and 1 FP, resulting to the enactment keys of 
e wave recognition with Se (98.89 percent).

Table 1 and Fig. 6 provides a comparison of the proposed 
method's performance to that of several other methods based 
on machine learning. With an accuracy of 99.7%, Sensitiv-
ity of 96.2%, and specificity of 99.9% for Normal pulses 
wavelet-based CNN with PPG signal provides superior clas-
sification results.

Table 2 and Fig. 7 present a comparison of the perfor-
mance of the proposed technique to that of a number of dif-
ferent methods that are based on machine learning. Wavelet-
based CNN combined with PPG signals produce superior 

Fig. 5   Stages Convoluted in the Recognition of a, b and e Surges (a) R crests on ECG data (b) Optimistic zero intersections on SDPPG data
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classification results, with an accuracy of 99.8%, sensitivity 
of 99.8%, and specificity of 96.5% for P1 pulses respectively.

The performance of the suggested method is compared 
in Table 3 and Fig. 8 to the performance of numerous other 
methods that are based on machine learning. Wavelet-
based CNN combined with PPG signals produce superior 
classification results, with an accuracy of 99.8%, sensitivity 

of 99.8%, and specificity of 95.7% for P2 pulses respectively 
(Fig. 9).

Due to strong motion distortions, the classification accu-
racy of the P2 pulse dropped as a result of misclassifica-
tion with several smaller pulses. The multiscale frequency 
information related to premature pulses might be obtained at 
each node of the provided signal with the help of the discrete 
wavelet transform. The features extracted by CNN aid the 
proper classification of e pulses. Our approach should not 
miss any pulses because it estimates the wavelet transform 
on a signal's entire duration every second. Increases in sen-
sitivity and specificity can also be achieved through incre-
mental fine-tuning of CNN. When compared to other state-
of-the-art methods, the wavelet-based CNN improves the 
accuracy, sensitivity, and specificity of e-wave classification.

Conclusion and Future Scope

An Internet of Things grounded PPG waveform delineator 
is projected and implemented in this research publication in 
order to report on the commencements of a surge, b surge, 
and e surge that are enumerated by SDPPG. Numerous 
delimiters conducted research on performance evaluation, 

Table 1   Normal pulse classification performance analysis of pro-
posed discrete wavelet based CNN method with other state-of-art 
methods

S. no Classifiers Accuracy 
(%)

Specificity 
(%)

Sensitivity 
(%)

1. SVM [19] 91.2 92.6 88.1
2. KNN [29] 95.8 99.9 89.2
3. Morphological fea-

tures + ANN [17]
99.5 94.3 99.5

4. Proposed discrete 
wavelet trans-
form + CNN

99.7 96.2 99.9

Fig. 6   Stages Convoluted in the Recognition of a,b and e Surges (a) Extreme and lowest crests on SDPPG data (b) Recognition of a (star), b 
(cross) besides e (circle) surges



	 SN Computer Science           (2024) 5:474   474   Page 10 of 13

SN Computer Science

but their studies were restricted to either small datasets or 
a subset of patients. The existing proposed method was 
only subjected to testing on healthy young adults, hence its 
robustness has not been confirmed in unhealthy patients. 
The suggested delineator is evaluated on PPG signals 
from a variety of patient populations, including healthy 
adults, sick patients, and the elderly, and is shown to be 
more amplitude-independent than the delineator developed 
using PPGs from 28 young, healthy volunteers. In addition, 
resampling the SDPPG signal ensures the occurrence of 
particular facts when it comes to the process of building 
slabs of attention, in which the undesired slabs are primarily 
removed by means of onset criteria. Research provides a 
comparison of the performance of the proposed method to 
that of other machine learning based techniques. In terms 
of classification accuracy (Normal, P1, and P2 pulses: 
95.9%, 93.4%, and 90.08% respectively), wavelet-based 
CNN with PPG signal outperforms CNN with PPG and 
ABP signals. Misclassification with certain smaller pulses 
occurred, lowering the classified accuracy of P2 pulse 

due to strong motion artifacts. The multiscale frequency 
information at each location of the provided signal related 
to premature pulses could be obtained using the discrete 
wavelet transform. Correct classification is aided by CNN's 
ability to extract many features associated with premature 
pulses. To ensure that no pulses are missed, our method 
estimates the wavelet transform at one-second intervals 
over the whole signal's duration. CNN's incremental fine 
tuning also aids in improving both sensitivity and specificity. 
The wavelet-based CNN outperforms other state-of-the-art 
approaches in terms of accuracy, sensitivity, and specificity 
when classifying waves.

It felt very ironic that the substantial amount of PPG 
data that was used in the performance evaluation. However, 
in order to validate these results, we require further data 
gathered from a larger pool of subjects. Additionally, a more 
sensitive e-wave detector requires a higher sample rate for 
PPG signals in order to function properly.

Table 2   P1 pulse classification performance analysis of proposed dis-
crete wavelet based CNN method with other state-of-art methods

S. no. Classifiers Accuracy 
(%)

Specificity 
(%)

Sensitivity 
(%)

1. SVM [19] 94.6 95.8 89.8
2. KNN [29] 96.2 96.4 92.7
3. Morphological fea-

tures + ANN [17]
99.4 99.6 95.3

4. Proposed discrete 
wavelet trans-
form + CNN

99.8 99.8 96.5

Fig. 7   Normal Pulse Classifica-
tion Performance analysis of 
proposed discrete wavelet based 
CNN method with other state-
of-art methods

0

20

40

60

80

100

120

SVM KNN Morphological 
features + ANN

Proposed Discrete 
Wavelet Transform 

+ CNN

Accuracy (%) Specificity (%)

Sensi�vity (%) Linear (Accuracy (%))

Pe
rfo

rm
an

ce

Classifica�on Methods

Table 3   P2 pulse classification performance analysis of proposed dis-
crete wavelet based CNN method with other state-of-art methods

S. no. Classifiers Accuracy 
(%)

Specificity 
(%)

Sensitivity 
(%)

1. SVM [19] 94.8 96.7 90.7
2. KNN [29] 95.4 97.3 91.2
3. Morphological fea-

tures + ANN [17]
99.7 99.8 94.2

4. Proposed discrete 
wavelet trans-
form + CNN

99.8 99.8 95.7
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