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The transmission of photoplethysmogram (PPG) signals in real-time is
extremely challenging and facilitates the use of an internet of things (1oT)
environment for healthcare- monitoring. This paper proposes an approach
for PPG signal reconstruction through integrated compression sensing
and basis function aware shallow learning (CSBSL). Integrated-CSBSL
approach for combined compression of PPG signals via multiple channels
thereby improving the reconstruction accuracy for the PPG signals
essential in healthcare monitoring. An optimal basis function aware
shallow learning procedure is employed on PPG signals with prior
initialization; this is further fine-tuned by utilizing the knowledge of
various other channels, which exploit the further sparsity of the PPG
signals. The proposed method for learning combined with PPG signals
retains the knowledge of spatial and temporal correlation. The proposed
Integrated-CSBSL approach consists of two steps, in the first step the
shallow learning based on basis function is carried out through training
the PPG signals. The proposed method is evaluated using multichannel
PPG signal reconstruction, which potentially benefits clinical applications

through PPG monitoring and diagnosis.
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1. INTRODUCTION

The widespread growth of technology, as well as disruptive inventions across different technologies
such as flexible electronics with low power, and miniaturized biosensors. Data acquisition of increased
resolution and extra-low power, rapid processors with low power consumption, and increased data rate with
extra-low power the wireless radio has led to the evolution of lightweight and compatible wireless devices
that are wearable or could be easily attached to the body [1], [2]. These wearables are wireless and are termed
smart electronic equipment or smart sensory devices. These devices are suitable to wear, analyze, translate,
and sense in real-time. They are also easy to store as well as transfer data to a platform for computation or to
other devices in the Wireless Body region network or medical 10T based on applications relating to
healthcare monitoring [3], [4]. The technologies related to smartphones for healthcare monitoring equipment
combined with the Internet of Things hold an integral part in the transformation and revolution of healthcare
personal systems, health levels, and statuses are constantly observed for every individual and notified to the
respective caretakers [5], [6]. Out of the bios-signal sensing that includes electrocardiogram (ECG),
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photoplethysmogram (PPG), and phonocardiogram (PCG) relating to healthcare, PPG signal sensing has

emerged as the most common, due to:

— It allows various types of crucial signs to be measured that include blood pressure (BP), pulse rate (PR),
glucose blood level (BGL), respiration rate (RR), and blood oxygen level.

— The emotional situation of the patient can be observed and understood.

— This monitoring can be performed continuously by the use of hardware that is cost-efficient and simple
while the patient is going about their daily routine.

A simplified illustration of the bio-sensing wireless device or PPG monitoring wearable equipment
is represented as a diagram in Figure 1. This includes three phases that are front-end-analog (including filters,
amplifiers, and converters from analog to digital) for obtaining signals, the second phase involves various
signal processing tasks being performed with the help of microprocessors or micro-controllers (these tasks
include data compression, removal of noise, extracting features and real-time recognizing of events) [7]-[9].
The last phase is the wireless phase for data transfer or extracting features for the device or server. This is
processed further and sent to the memory phase where the data or features are stored for predicting events or
event communication protocol is invoked.
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Figure 1. lllustration of the bio-sensing wireless device or PPG monitoring wearable equipment

Increased complexity of relations is learned using deep learning methods for PPG input signals and
its output that is compressed [10]. This leads to increased rates of compression as well as higher conservation
of diagnosed data in the signal compressed. One such method for PPG signal compression using deep
learning is performed by training autoencoders. Reconstruction of the signal input is performed using its
compressed presentation is done by a deep neural network termed autoencoder [11]. The encoder part
compresses the signal input in the autoencoder, where the decoder is used in the reconstruction of the initial
signal using the compressed presentation [12]. Considering a compressed PPG signal, training is performed
on huge PPG signal data that is gathered and these autoencoders are trained to reduce the compressed
presentation and initial signal difference. After the training of the autoencoder, it is utilized by internet of
things (1oT) devices for new compression of PPG signals [13]. Deep learning can be used in the compression
of PPG signals in an alternative approach by utilizing convolutional neural networks (CNN) for signal
compression directly. CNN is a neural network that is mostly utilized in applications of image processing
[14]. We consider PPG signals as images with one dimension, CNN can be used in this case for direct
compression.

The previously performed studies on data compression of PPG show the main aim is obtaining the
increased ratio of compression using pre-existing approaches using computing resources such as memory
usage space, high processor speed, and power consumption for batteries. Prior studies did not contain data
compression of PPG, as wearable sensory devices were a limitation and not easily available [15]-[17].
However, the consumption of energy was not analyzed prior although it is essential for the computation of
energy saving percentage yet it is known for the consumption of energy in the compression process [18].
Additionally, most of the compression techniques lead to increased PPG signal compression but are not
applicable for the direct extraction of essential features in a compressed dimension, which also is not an
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important factor of compression algorithms. Considering these situations, extra methods of signal processing
are utilized for the initial reconstruction of the first PPG signal that evaluates the real-time parameters such as
pulse rate and respiratory rate or device application showing the evaluation of important signs that requires
higher resources and power of computation that limits wearable devices having various parameters for
healthcare monitoring [19]. Therefore, considering devices with limited resources, the use of data
compression that is lightweight is highly required for the evaluation of vital parameters at sensory positions
or devices for notifying the patient, which also decreases the time taken in processing triggers for various

drug deliveries or sensory devices [20].

— The proposed method for learning combined basis functions for PPG signals retains the knowledge of
spatial and temporal correlation. The basis function aware shallow learning (BSL) procedure is employed
on PPG signals before initialization. This is further fine-tuned by utilizing the knowledge of various other
channels, which exploit the further sparsity of the PPG signals.

— The proposed integrated-compression Sensing and basis function aware shallow learning (CSBSL)
approach for combined compression of PPG signals via multiple channels. The PPG signals are further
normalized through the minimization technique to attain combined sparsity.

— The sampling rate here is necessary for signal reconstruction with minimal distortion by variation for
under-sampling ratios and average snr ratio henceforth reduction in computational time.

— The performance of the proposed method is evaluated with the database of the PPG signals. the results are
evaluated for reconstruction error estimation at different parameters, packet arrival rate at different
parameters, and energy consumption at different parameters.

The research in this paper is organized into 4 sections, in the first section is a brief introduction to
the bio-sensing wireless device or PPG monitoring and its challenges encountered the second section
discusses the background of the various techniques involved in PPG signal compression. The third section
defines the proposed methodology wherein adaptive learning and reconstruction of a signal is performed by
the use of nodes in the fourth section the performance evaluation is carried out and the results are plotted in
the form of a graph for different parameters.

2. RELATED WORK

The study on PPG signal compression so far has not been explored widely. Considering the research
published, lossy compression has been used most commonly. The time dimension signal is converted into
frequency by the use of a lossy algorithm called Fourier transform [21]. The superior coefficients are chosen
that lead to compression ratio (CR), although invoke high error of reconstruction. Considering applications of
tele-observation, a study has been proposed that involves coding american standard code for information
interchange (ASCII) elements for the compression of PPG information. Recently, compression of PPG
combined with steganography uses coding ASCII as well as singular value decomposition (SVD) is
proposed. The study has increased CR; however, the percent root mean square difference (PRD) cost is
comparatively high. Although the PRD is not extremely high, they are lossy. Prior studies also show that the
compile time of compression for PPG signals by the use of Huffman coding combined with low PRD is
considered quasi-lossless [22].

In a prototyping system for compression, sensing is proposed for the effective compression of
constant bio-signals that are monitored by body-sensory wearable devices [23]. A type of matrix encoder
named permuted binary diagonal block (P-BPBD) is used along with a symmetric input signal to gain an
increased ratio of compression for signals of PPG as well as ECG. In this method, the parameters of dynamic
compression change according to the changes in the signal sparse levels while constantly monitoring as well
as transferring it to the sensors. Single channel information is initially approximated by the use of ideal
guantization since a lower count of bits is required for presentation; this maintains less error of quantization
[24]. The delta encoding of second order as well as running length coding is proposed based on the
compression of data. Another method of utilizing the ‘buffer array’ combined with running length encoding
is also proposed such that bits for storing are minimum. A deep network for compression sensing is
introduced by using a learning mechanism for the construction of a matrix as well as an effective and
accurate reconstruction of the network [25]. The performance analysis of the introduced methodology is
expressed using 6 data sets combined with sparsity models that are structured as well as a sensory data set is
used for examination. The highest signal ratio noise, structure, and error of mean square for the analysis of
the proposed method are thoroughly evaluated. A real-time framework for data information compression is
proposed with quality awareness and control that expands the shelf life of batteries in 10T as well as
healthcare monitoring smartphone devices [26]. The introduced paper uses arduino due combined with an
Atmel of 32-bit Cortex M3 processor SAM3X8E ARM that is evaluated by four databases and uses sensory
devices for receiving signals in real time.
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Lossy compression is proposed for data periodic series termed temporal direct lightweight
compression, providing energy-saving data transmission for limited power resources [27]. This technique is
implemented based on the temporal direct lightweight compression technique, which aims at reconstruction
with the least error as well as deduction in complexity. This study focuses on the main benefits of the
introduced mechanism as well as calculates the performance techniques of various sensory-based data type
periodic series. The study proposes a multimodal technique for data fusion that utilizes the distinct wavelet
transfer along with an application that combines signals of ECG and PPG, for enhancing the accuracy in
detection and monitoring by use of IoT [28]. The features extracted from the signal input are initially
confined in the wavelet form after which it is combined with the mixed parametric signal by the use of an
average weight. An algorithm for index evaluation of signal quality is used to extract the weights that are
appropriate for timely signals of various wave types. The detection procedure for the identification of
heartbeat regions is performed by the final combined signal. A medical edge computational device is
introduced and developed for the conversion of medical devices into loT-empowered equipment [29]. An
intermediary interworking is introduced that permits Medical Edge to deal with medical equipment involving
patient monitoring systems that conveniently gathers information and updates it to the 10T server for further
usage. The standard server machine-to-machine (M2M) platform gives availability for the information in a
standard approach.

A feature selection technique is developed that costs awareness that is both used for energy
consumption and prediction of power for monitoring stress [30]. The methodologies used in this study
collected the most essential parameters with various energy limitations that permits models of stress
monitoring to gain scalable energy. The proposed method is further made self-aware by decreasing the
consumption of energy. A Medical 10T device is proposed based on an emotional recognition scheme [31].
Psychophysiological examinations in humans are gathered using electrocardiogram (ECG), electro-dermal
action (EDA), and electromyography (EMG) and are evaluated using CNN to conclude the affective state. A
method based on online channels is proposed describing their concepts of operation as well as giving an
assessment for the compression, consumption of energy as well as reconstruction of all the methods [32].

3. PROPOSED METHODOLOGY

This section of the study consists of the methods and techniques introduced in this paper along with
the techniques that are adapted in this research. They are compression of PPG, adaptive learning, and
reconstruction of signal that is performed by the use of nodes, servers that are wireless as well as nodes of
smartphones. All of this is related to 10T based on wireless area networks.

3.1. Combined compression sensing and basis function learning

Consider Y = [y,,¥,, ...., yu] belongs to S shows sample datasets of various channel PPG
information during a fixed period having channels-M. For every sparsity depiction, a channel is presented
that is overcomplete S belongs to SO for which O is much lesser than R. This statement is shown as (1):

Y = B3 1)

Consider the (1), B = [8y,6,, ..., ;] belongs to S**M denotes the sparsity matrix which remains
unknown, where &; shows the vector coefficient of sparsity for y, respectively. Here, the information
compressed for Z belongs to SV*M is gained by the use of linear combinations for Y by a random X matrix
that belongs to S¥*° for which N is less than 0. This is expressed as given in (2).

Z=F+YX )

Considering the (1), F belongs toS"*™ represents matrix noise to reassuring the condition
I|F|l; is less than or equal to w, wherein w is the error of root square mean. The (2) depicts a measure of
various vectors problem (MVV). The adjacent channels have similar characteristics that can be used to
improvise the learning using channels along with the leading reconstruction towards sparsity, it is essential to
formulate a sparse recovery joint problem. The resolution of the problem stated above relating to sparse
recovery is given (3):

minimum,271||Z — BNSH; + al|Bll1; @)
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In (3), II. |1 is used to depict the L-norm needed for 1,2 that utilizes sparsity correlation for various
Channel PPG, where a denotes a parameter for regularization that leads to an interchange between
information consistency as well as sparsity. Collective groups exist for every row, such that there are
coefficients that exist for every row with L channel that enhances accuracy. Orthogonal standardized wavelet
based on the reconstruction of compressive sensing remains unsuccessful in reconstructing signals structured
including PPG for a reduced count of compressed measurements. This results in rapid research and utilization
of channels, such that the information data given for training in place of fixed transforms which are
considered off the shelf.

Assume the known signal data used for training the samples K where Y, = [V, 1, Vs, ..., Y]
wherein Y; belongs to S°*M for the M data channel from each of the objects and Y; belongs to SO*KM
dataset for K samples. The main focus for learning a channel remains in acquiring a channel that is ideal
I belongs to S°*R such that sparsity for the gathered data has matrix coefficients for different data samples,
that include y = [y1, V2 ..., Yk] belongs to SR*KM wherein y, belongs to S**M such L =1,2,..,K are
sparsity expressions in the [th data sample. The motive for this is the selection of the most appropriately
fitting sparsity matrix y, that represents the above-given data for training. The 3 channels are given as extra
complete, where O is less than R. Also, BSL occurs iteratively to update the columns present in the
channels matrix 3 leading to sparsity expressions of training the data Y;,u = 1, ..., K as well as the updated
channels concerning the present sparsity given as y;. The formulation given resolves the given problem
stated relating to optimization:

minimums, {||Yy — I yllg} where |lyillo is less than T (k = 1,2,3 ..., M) 4)

Considering in (4), |. || is given as the Frobenius norm. y,,’s are given as the vectors columns for y.
The problem stressed has a limitation factor relating to the level of sparse signals for sample training
inclusive of maximum values that are non-zeros T that occur for every y,. In this study, BSL is performed
using the k-Singular VValue Decompositions data training algorithm.

3.2. Compression of photoplethysmogram (PPG) signal

The combined compression sensing requires multi-channel PPG compressed data while skipping the
transitional phase for obtaining examples of various channels considering the nyquist criteria for samples.
The data used at the input is compressed by the use of a sensory matrix denoted by ¢. This data is
independent concerning the input and assumes an isometry characteristic. Various sensing matrices are
unfortunately not applicable for wireless body zone networks because they are not efficient in terms of
computation as well as energy. The sparsity binary matrix is utilized in ¢ sensing matrix that has an
increased computational speed and has an effective implementation of compressive sensing. The sparsity
binary matrix is adequate for a sparsity recovery approximation by the use of compressive sensing based on
signal acquisition methods. It has e number of entries that have similar estimates of (v/e)~* for random areas
and the rest of the values being zeros for every column. Hence, Wireless body location network sensing saves
energy costs as it has the least complexity of computations as well as experiences an efficient memory.

3.3. Learning various optimal basis functions based on complex Q wave, R wave, and S wave (QRS)
detection

The learning channels phase is utilized to train over complete channels that are adaptive to signals
for representing sparsity. A major benefit of utilizing an adaptive front is the particular characteristics of
multiple PPG that are being exploited effectively assure good Sparsification in comparison to a pre-
determined basic orthonormal set for multiple channel PPG reconstruction based on compressive sensing.

Similarly, the features and characteristics that are relevant for multiple channel PPG are depicted well

compared to transforms. The learning channels proposed could be described in two phases:

Step 1: Various channel feature extraction: Mostly, the algorithms used for the accurate detection of QRS (Q
wave, R wave, and S wave) are dynamic with an extreme search basis over the gap of a specific
length. Generally, consider a technique for QRS detection, that is fast, has high accuracy, is dynamic,
and simple. Assume we have a PPG frame, if the mean absolute max deviation, implies it transcends a
fixed threshold after which the frame has a QRS complex. This technique is successful in the accurate
detection of QRS complexes although seen at frame extremes.

Step 2: Multiple BSL based on K-Singular value decomposition (K-SVD): The process of K-SVD occurs
where the PPG signal is split into rational size frames. If the frame has a QRS complex with temporal
spaces non-overlapping for equivalent length occurred to locate the specific location of the QRS
complex alongside the frame. Assuming that every QRS complex has similar width approximately in
time parameter. However, most of the channels have similar QRS locations considering their
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correlation spatially. Various fragments are gathered relating to every region of QRS for various
channels into a single subsection. The subsections are also developed for other QRS regions across
various channels. Furthermore, various subclass of channels is used for training along signal
fragments with the applicable subsection utilizing the BSL K-Singular value decomposition (K-SVD)
method. However, the signals for training are classified according to particular regions of QRS
parameters; the introduced learning approach of channels is extremely adapted as well as efficient for
signal reconstruction, particularly to the relative QRS zones. Fragments of PPG for various channels
have the absence of QRS complex that include waves of P, ST, PQ, and T, are also split and utilized in
training independent channels by use of the K-Singular Value Decomposition algorithm in signal
reconstruction, between the 2 QRS regions or PPG signals close to the isoelectric area.

The K-SVD is implemented in an iterative approach by switching from coefficient sparsity matrix
evaluation based on the present channels and further updates of a single atom by using the K-SVD. Likewise,
various BSL that is adapted is used where channels are developed based on QRS and absent-QRS parameters
for single-channel PPG by effective compressive sensing-based reconstruction of the signal. This approach is
expanded from single channel to various channel PPG signals and also uses the correlation spatially available
among the compression various channel PPG signals considering energy efficient compression sensing
reconstruction. Generally, the channels are started by a random Gaussian procedure that is distributed
identically as well as independently. In the proposed work, the channels are implemented using an over-
complete distinct transform cosine. Further, enhancing learning by the use of K-Singular Value
Decomposition BSL. This learning parameter is expressed as (5).

minimum 5 p YK | {||Yuk - BS”z} with respect to Vy;
where ||b,‘1’j||0 is less than or equal to T, 5

Such that ¥, denotes the sample of training in signals, 3 is used to express the BSL, B denoted the
sample of the sparsity coefficients matrix and the sparse constraint is given asT,. Considering the coding
sparse phase, it is assumed that the channels are started as  after which the optimization challenge stated
above is considered for obtaining sparse expressions in matrix columns B. The matrix multiplication
elements are expanded for the above-stated penalty object as a summation of vector multiplications, where
the optimization challenge is expressed as (6).

2
minimum g YK_; {”Yuk DRI ||G} with respect to Vy; (6)
where ||b,’ljj||0 is less than or equal to T,

Considering the (6), b,’{j represents a sparsity matrix B row expressing the Ith cluster as well as
satisfies the sparse constraint ||bg;|| | is less than or equal to T,. The optimization challenge given above is

addressed sufficiently using a similar orthogonally pursuit algorithm. We have observed that when T is
sufficiently small, the solution resulted is close to the ideal solution. Later, the atoms have to be updated in
the channels, one after the other by the use of K-SVD, which normally shows the approximate error matrix
for the nearest matrix-1. The steps are representations of sparsity as well as updating the channels, which is
iterated [- times till every atom in the channels is updated. Considering the two parameters: R and OR for the
PPG signal, various basis functions adapted are trained as mentioned above. Specifically, for sub-basis
functions that are r in number, Iz = [Sr1, Srzr ks, - Irr-] @re learned by utilizing the K-singular value
decomposition method for concurrent reconstructions of signal locations that have only R- parameters for r
regions for every O /r examples for various channels of multiple-channel PPG. Individual adaptive channels
Jor is similarly trained by the use of fragments of various channel PPG consisting of OR parameters. While
training the channels, adequate frames of PPG are used individually containing R- and OR- parameters.

3.4. Various joint adaptive basis functions based on various channel PPG Reconstruction

The joint compression sensing reconstruction is proposed for performing compression of various
channel PPG data that is mostly selected for body region network wireless systems having different sensors.
A constant record of various channel PPG considering an individual patient’s healthcare diagnosis and
monitoring as well as real-time information transmission. The chief motivation of this research is that is
efficient as well as accurate for various channel PPG data information retrieval, which consists of the least
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data loss relating to clinical information. Considering joint sparsity for various channels, we use the
correlation spatially and need a sparsity solution by utilizing different learning extra completing basis
functions proposed relating to multiple structures gained in the various channel PPG signals. The given
challenge is a Measure of various vectors (MVV) problems concerning reconstruction for joint Compressing
Sensing that is introduced by implementing mixed regularization m,, given in (3). Furthermore, the
formulation in (3) is improvised considering the sparsity cluster resulting in (7):

. - 2
minimump2~H\Z = 75 + @ TE bz )

In the formulated (7), bfy = [B1), Pr,2)s - -» baeny] denotes the coefficients for sparsity matrix
B for the row that shows the coefficients correlating to sparsity considering channels- M resulting in a
collection h and feature a denotes a regularisation that is positive leading to a switch in fidelity and sparse
reconstruction for various channel PPG. The equations given are simplified by keeping the count of clusters
equivalent to row count B. This challenge of joint sparsity minimization is resolved in 5, wherein a technique
is implemented which represents an auxiliary transform as well as features, the technique is termed alternate
primal direction technique of multipliers (ADMM). This is implemented in (8). For (8), a’ shows the row
matrix A. Herein, the Lagrangian form is elevated for the prior given problem.

YR_.llal|l, = minimization,||A|l,, where A = B and Z = B7 (8)
minimum 5 \M(4, B, ¢\”, ") = minimum Al — o (A = B) +v,(2) |14 - BII3 -
0 (1B —=2) +v,(2)7"I7B - Z|I5 ©)

Considering the (9), ¢, belongs to S**™ and ¢@,belongs to S°*M are multiplied matrices,
a,, @, are greater than 0 and given as feature penalties. The resolved ADMM challenge for these steps is
primal, therefore the updating of ¢, as well as ¢, are parts of gradient descent. The resolution of the ADMM
challenge with the primal framework is expressed as follows. In which &; and &, are features for relaxation.

The range for ADMM is a range of (0, @) concerning the similar in (7), where convergence is swift, A is
updated towards shrinkage for the row expressed as (14).

B« 114-01+12217+1 ¢, (10)
Yal+y21U7
A« (B + vy, Yay, vy, Y)Shrink by row (11)
00 < b — €,y,(A-B) (12)
(PZ(HL) “ @t — &1, (BR—2) (13)
14
a* = maximum {|la’|l; —y2,”% O}H;T”for whichSY=b" + y,, "',V (14)
2

The ADMM framework shows the given computation for the given challenge. The proposed method
shows that the basic stages of the various adaptive different channel PPG channels reconstruction procedures
are expressed in the algorithm 1. Algorithm 1 shows the multi-adaptive channels of various channel PPG
reconstruction. Assume, initially Y;,, for various channel PPG information data. Although, orthogonal
meeting pursuit (OMP) obtains a much more rapid sparse approximation compared to the basic initial pursuit.

Algorithm 1: Multi adaptive channels various channel PPG reconstruction

Input: Z,8, 3,30 r and Igy1, Ipr2, Sg3s - Spr and Threshold

Compressive Sensing Reconstruction utilized by OMP

Step 1: MINIMUM 10 g5 tosR¥M || Bllo such that Z = By pRI
Step 2: Yine = 3Bomp

Joint Compressive Sensing Reconstruction implementing ADMM

Step 3: €maximum = maximumKYint) = Yine |

Step 4: if e aximum 1S less than Threshold then

Step 5: MINIMUM 10 g5 tosBxM | Borll1z — such that Z = BorR3pp
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Step 6: Y = BorYor

Step 7: else

Step 8: for L=1to O; do

Step 9: if || (Yine)| — Yine | greater than e, qyimum then

Step 10: lxr 1
o =round +=

(5 +3)

Step 11: MINIMUM 1065 tosB<M |Broll12 - such that Z = B, R3g,

Step 12: Y = Br,3Rs

Step 13: end if

Step 14: end for

Step 15: end if
Step 16: return Y

4. PERFORMANCE EVALUATION

In this section, the experimental analysis is carried out using the Matlab platform; the experimental
simulation shows the efficiency of the proposed model in comparison with the existing model. The
simulations are carried out in a set-up, there are 280 sensor nodes (SNs) symmetrically distributed across the
200x%200-meter surveillance area. Every sensing node (SN) has a 10J energy input. The sink's node is situated
away from the region under observation. The parameters for data collection are w 1=0.5, 0.1, and 0.4; w
2=0.9, 0.5, and 0.9; the interval range is R=10m; and the time is T=900s. The proposed approach is then
tested using the multiparameter intelligent monitoring in intensive care-11 (MIMIC) dataset to evaluate its
accuracy and performance [33].

In this paper, a comparison between the proposed integrated-CSBSL method and the existing mobile
intelligent computing- compressive sensing data gathering (MIC-CSDG) technique is carried out, which is
based on reconstruction error (RE) and multiple parameters [34]. The comparison is conducted across
Figures 1 to 3. The significance of the network running time is demonstrated by the enhancement of our
Integrated - CSBSL approach, as evidenced by Figure 1. In contrast, the impact of the counter method is
comparatively distinct when compared with our algorithm. In this context, the existing technigques
demonstrate progress as the duration of the network increases. In 800 seconds, the proposed approach
exhibited a statistically significant improvement over the existing algorithm. The results indicate that optimal
performance for the proposed methodology is achieved when the network has been operational for
approximately 850 seconds, as illustrated in Figure 2. The results indicate that the algorithm's performance
remains consistent, while MIC-CSDG demonstrates a notable and rapid enhancement, although with a
corresponding increase in network running time.
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Figure 2. Reconstruction error comparison at parameter w;=0.5 and w,=0.9

4.1. Comparison of reconstruction error
The parameters of Figure 2 considered are w;=0.5 and w,=0.9, in comparison with the existing
method, our algorithm's performance remains stable. The parameters of Figure 3 are w;=0.1 and w,=0.5, in
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comparison with the existing method, the algorithm's performance remains stable. The proposed approach
and the existing algorithm exhibit fundamental differences in which the proposed methodology aims to
maximize performance. Furthermore, the issue of inadequate decision-making at a sink node is attenuated.
The parameters of Figure 4 are w;=0.4 and w,=0.9, In comparison with the existing method, our algorithm's
performance remains stable.
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Figure 3. Reconstruction error comparison at parameter w;=0.1 and w,=0.5
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Figure 4. Reconstruction error comparison at parameter w,;=0.4 and w,=0.9

4.2. Comparative analysis of packet arrival rate

The proposed methodology is utilized to address the issue of packet loss. The PAR for different
parameters is compared in Figures 5 to 7. The simulations deploy an average of 280 sensor nodes (SNs), with
each SN transmitting a total of 50 messages. By utilizing diverse p-values, a comparison is made between PS
and the existing methodology. The proposed methodology satisfies the p* criterion as per the results obtained
from the simulations. The proximity between the PAR and mathematical upper bound (UB) is potentially
significant when p*=1. In Figure 5 the comparison is carried out for the packet arrival rate for the parameter
w;=0.5 and w,=0.9. Figure 6 the comparison is carried out that shows a comparison of the packet arrival rate
for the parameter w;=0.1 and w,=0.5. Figure 7 the comparison is carried out that shows a comparison of the
packet arrival rate for the parameter w;=0.4 and w,=0.9.

4.3. Comparison of energy consumption

The proposed approach entails maximizing the SN and network energy levels. To optimize network
performance and attain optimal PAR, alterations have been made to the sample nodes to align with the
proposed algorithm. This phenomenon results in an escalation of the energy consumption of the network. In
comparison with the existing state-of-art techniques, the proposed algorithm exhibits lower energy
consumption. The regulation of node energy within a cluster may be influenced by energy consumption, as
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analyzed by its inherent structure. The utilization of the proposed approach enables communication among
nodes within a comparable cluster. Moreover, the sink node, which possesses the capability to equilibrate the
network's workload, does not necessitate transmission by other nodes. Figure 8 the comparison of the energy
consumption with the existing algorithm at various parameters w,=0.5 and w,=0.9. Figure 9 the comparison
of the energy consumption with the existing algorithm at various parameters w;=0.1 and w,=0.5. Figure 10
the comparison of the energy consumption with the existing algorithm at various parameters w, =0.4 and w,=0.9.
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Figure 5. Packet arrival rate comparison at parameter W, = 0.5 and W, = 0.9
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Figure 7. Packet arrival rate comparison at parameter W; = 0.4 and W, = 0.9
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4.4. Signal reconstruction

Figures 11 to 13 show the original transmission line signal and the reconstructed signal with a
training iteration count of 50. Here 250 sample points from the test set are taken into account while
evaluating the data. Due to the increased reconstruction precision provided by the proposed approach, the
magnitude of the reconstructed signal closely approximates the path of the original signal. In Figure 11,
the original and reconstructed signals are depicted in the form of a graph of parameters W, = 0.5 and
W, = 0.9. In Figure 12, the original and reconstructed signals are depicted in the form of a graph of
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parameters W, = 0.1 and W, = 0.5. Figure 13 shows, the original and reconstructed signals are depicted in

the form of a graph of parameters W, = 0.4 and W, = 0.9.
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Figure 11. Signal reconstruction at parameter W, = 0.5 and W, = 0.9
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5. CONCLUSION

In this paper, the knowledge of the PPG signals to train various basis function mechanisms that
further enhance the reconstruction mechanism to ensure a high compression ratio is examined. Given
accomplishing an efficient Integrated-CSBSL approach to achieving efficient spatial and temporal correlation
mechanism that formulates a channels-based approach. The channels-learning mechanism uses an optimal
approach to enhance the training and remove the bias involved during reconstruction. Simulations were
conducted to evaluate the effectiveness of the proposed approach by analyzing packet arrival rate,
reconstruction, and energy consumption. The efficacy of the proposed approach in generating accurate
reconstruction signals from the original signals has been established. Furthermore, the aforementioned
algorithm demonstrates a significant potential to boost its performance. The principal enhancement compared
to the existing methodology for the accuracy of data restoration, in comparison with the existing algorithms,
the proposed approach exhibits the potential to significant energy consumption of the nodes and network
energy consumption, while simultaneously enhancing the network's durability.
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