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ABSTRACT: A hybrid Compressed Sensing and Primal-Dual Wavelet (CSP-PDW) technique is proposed for the
compression and reconstruction of ECG signals. The compression and reconstruction algorithms are implemented
using four key concepts: Sparsifying Basis, Restricted Isometry Principle, Gaussian Random Matrix, and Convex
Minimization. In addition to the conventional compression sensing reconstruction approach, wavelet-based processing
is employed to enhance reconstruction efficiency. A mathematical model of the proposed algorithm is derived
analytically to obtain the essential parameters of compression sensing, including the sparsifying basis, measurement
matrix size, and number of iterations required for reconstructing the original signal and determining the type and
level of wavelet processing. The low time complexity of the proposed algorithm makes it an ideal candidate for ECG
monitoring systems in IoT-based e-healthcare applications. A feature extraction algorithm is also developed to show
that the important ECG peaks remain unaltered after reconstruction. The clinical relevance of the reconstructed
signal and the efficiency of the developed algorithm are evaluated using four validation parameters at three different
compression ratios.

KEYWORDS: CSP-PDW; compression sensing; greedy iterative algorithm; wavelet transform; L1 minimization;
restricted isometry property

1 Introduction

Smart healthcare services are one of the most important aspects of biomedical research, serving
humanity. For the last few decades, information and communication technology has played a vital role in
the healthcare sector. External or implantable tiny sensors for remote health monitoring have evolved in
tandem with the rapid growth of the embedded system and semiconductor industries. Remote healthcare
is a technological platform that enables the recording and analysis of vital body parameters, regardless of
the patient’s location. This may change the way rural diagnostics and treatment are done. The conventional
approach to sampling a signal reliably follows Shannon’s theorem, which states that ‘the sampling rate must be
at least twice the maximum frequency present in the signal’ Breakthrough research [1,2] has been conducted
in the field of Compression sensing (CS), and it posed a challenge to the conventional sampling method,
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stating that ‘sampling frequency can be equal to the maximum frequency component in the signal. This
methodology compresses data while capturing it, ensuring the originality of the data remains intact upon
reception. The CS concept is based on two fundamental principles: sparsity and incoherence. Compression

algorithms [3] can be classified as lossy and lossless. CS uses the point that most physical signals can be
represented as sparse when their sparse basis (V) is computed properly.

A typical ECG signal is semi-periodic, and the variance throughout the signal is non-uniform [4].
The standard deviation of ECG suggests that 70%-80% of the region has low information, 15%-20% has
high information, and the rest has medium information. This semi-sparse nature of the ECG signal makes
it an ideal choice for CS algorithms. Incoherence means that the signal should be incoherent among its
measurements and have a sparsifying basis. It should spread across the measurement basis. CS undergoes
two steps—compression and recovery. CS represents the signals on a linear functional or orthonormal
basis. Initially, a framework for CS using the basis pursuit theorem and non-adaptive measurements was
discussed, along with the methods to find out the essential parameters for Compressive Sensing [5,6].
The Least Mutual coherence between the measurement and the compressed matrix is one of the vital
requirements for a successful reconstruction [7]. The absolute diagonal elements of the identical matrix were
considered to reduce the coherence. The main limitation of this framework was its mathematical complexity,
as implementing complex mathematical equations overloads the system’s main processor, thereby decreasing
processing speed, due to the increased time required for memory read/write cycles. Biomedical signals are
very dynamic, as each change has a significant contribution to feature extraction. Hence, processing speed
and accurate reconstruction are the key factors in biomedical signal processing [8]. General dictionaries,
as well as specific dictionaries, can be built using normal and pathological cardiac patterns and can be
used for CS [9]. The method ensures the processing of fewer bits of information, reducing memory and
power requirements [10]. An ECG signal can be accurately represented as a sparse combination of a few
significant bands. Measurement matrix and sensing matrix construction are important parts of CS. The
size of the measurement matrix and its lesser coherence with the sensing matrix are key requirements of
CS [3]. Authors in [11,12] explained the size of the measurement matrix based on the Robust Uncertainty
principle and suggested using an optimized measurement matrix to improve reconstruction efficiency.
ECG compression on an embedded Shimmer wireless mote discusses the importance of the Restricted
Isometry Property [13] and the Basic Pursuit algorithm in constructing the sensing matrix for successful
compression and reconstruction. Another hurdle to processing the ECG signal is its localized behavior.
Block Sparse Bayesian Learning frameworks were utilized to enhance patient mobility and mitigate the
location dependency of ECG signals [14]. Furthermore, the wavelet transform was suggested to enhance the
reconstruction efficiency. It enhances the application of CS on the ECG signal by decomposing the signal
into sub-bands, thereby preserving spatial resolution, frequency, and directional characteristics [13,15-17].

Huang et al. [18] utilized down-sampling techniques to reduce and compress the ECG data signals.
For this purpose, they have employed the China Physiological Signal Challenge 2018 dataset and root mean
square error metrics to evaluate the obtained compression result. Singhai et al. [19] presented nature-inspired
algorithms with the discrete wavelet transform (DWT) for the compression of ECG signal data. They utilized
DWT to decompose the signals and optimization techniques to select specific and suitable threshold values.
They have also calculated various parameters, including PRD, QS, SNR, and CR, to validate the performance
of their algorithm. Yildirim et al. [20] presented a 27-layer deep learning structure comprising encoder and
decoder sections for compressing large ECG datasets. They utilized 4800 ECG segments from 48 patients
to validate the compression result. They obtained a 32.25 compression rate and a 2.73% average percent
root mean square difference (PRD) value using the model. The hybrid lossy/lossless compression system
Chang and Sobelman [21] suggest has high signal quality and CR properties. After decompression, deep
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neural networks are used to assess performance. Fathi et al. [22] presented an algorithm for compressing
ECG signals from the MIT-BIH arrhythmias database and the ECG-ID database. In their algorithm, they
used discrete Krawtchouk moments and Ant Lion Optimizer as feature extractors and feature selectors. They
obtained the following average values of quality score (QS), Peak signal-to-noise ratio (PSNR), CR, signal-
to-noise ratio (SNR), and PRD: 23.92, 49.04, 15.56, 44.52, and 0.69, respectively. Shi et al. [23] proposed
an ECG signal compression method utilizing residual error compensation based on a binary convolutional
autoencoder. In this work, they utilized the MIT-BIH dataset to validate their methodology, obtaining a
compression ratio of 117.33 and a PRD of 7.76%. Kuldeep and Zhang [24] introduced a lightweight ECG
signal compression technique for transmitting signals from the MIT-BIH dataset. In this work, the authors
have utilized two pruning methods, sign and binary pruning, which require less computation. The Gaussian
elimination method was employed for the reconstruction of ECG signals, and its performance was validated
using the metrics QS, PRD, and CR. Pal et al. [25] presented a method for compressing ECG signals using
the hybrid coronavirus herd immunity optimizer and tunable-Q wavelet transform (TQWT). To validate
their algorithm, they utilized the MIT-BIH dataset and multiple evaluation metrics, CR, SNR, PRD, QS,
and correlation coeflicient. A Very-Large-Scale Integration architecture for an ECG compression engine
is introduced [26]. The processor’s efficiency was confirmed on MIT BIH databases. The authors [27]
introduced a compression algorithm that combines an adaptive TQWT with a modified dead-zone quantizer.
A new Sparse Grey Wolf Optimization algorithm is presented to optimize TQW'T parameters. In [28],a 2-D
ECG compression technique whereby DCT and TQWT were combined with both row-wise and column-
wise operations employed to grow sparsity in the transform domain. The TQWT and quantizer parameters
were tuned using the COOT bird optimization algorithm.

Prior studies on ECG compression have focused on either compressed sensing (CS) or wavelet-based
methods, which have limited clinical applicability due to limitations in achieving high compression rates and
efficient, high-fidelity reconstruction. The CS-PDW framework combines compressive sensing (CS) with
a Primal-Dual wavelet-based reconstruction method that utilizes wavelet-domain sparsity to achieve high
compression and high-fidelity reconstruction in a wide range of challenging compression ratios. In contrast
to the works above, where parameters are set empirically, the proposed work enables the analytically deter-
mination of correct CS and wavelet settings, promising better fidelity and lower computational cost. Aimed
at IoT healthcare, CSP-PDW has a low time complexity and achieves excellent performance in preserving
diagnostic features. The combination of these features—compression efficiency, robustness, and real-time
readiness—makes the proposed scheme a feasible solution for IoT-enabled e-healthcare applications.

CS brought a revolution in the way signals are handled and analyzed worldwide. It enhances the ability
of a device to utilize allocated bandwidth effectively, while also improving the battery life of implantable
devices and making them more portable. This paper presents a mathematically hardware-realizable and
straightforward CS algorithm for ECG signals with moderate compression efficiency. The offered CSP-
PDW techniques can also be applied to other biomedical signals. This paper has two segments. The first
one is compression, and the second one is the reconstruction and wavelet processing procedure. In the
compression procedure, the Fast Fourier Transform (FFT) is applied to generate the sparse representation of
the ECG signal. A random Gaussian matrix is used to generate the measurement matrix. Iterative algorithms
and optimization algorithms are used to reconstruct the original ECG signal. Additionally, wavelet-based
processing is performed to improve the overall reconstruction efficiency.

The paper is organized as follows: Section 2 describes some preliminary state-of-the-art concepts used in
this work. Section 3 illustrates the proposed scheme. Section 4 defines the simulation result and performance
analysis. Finally, the conclusion is discussed in the last section.
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2 Materials and Methods

This section explains the methods used to design the algorithm for efficiently compressing ECG
signals. The algorithm consists of two segments: the first compresses the signal, and the second recon-
structs without losing information. For this reason, compression sensing (CS), restricted isometry property,
and DWT were utilized, along with selected optimization techniques. These methods are briefed in the
preceding subsections.

2.1 Compression Sensing

CS relies on two major principles: sparsity and incoherence [5,29]. A sparse signal is a special type
of signal that comprises a small amount of information compared to its total length. Consider a vector
(X € RN), which can be expanded in any form of orthonormal basis (‘¥ = [y}, W2, W3, ..., Yx]). Mathemat-
ically, sparsity can be stated as given in Eq. (1).

N
X (t) = > i (t), where c = [c1,ca, ... ,en]’ €RY, and |cfy « N (1)
i=1

where X is the coefficient sequence of the original ECG signal c. Generally, CS utilizes the measurement
matrix (@ € RM*N) (with (M <« N)), and the measurements (Y € RM) can be expressed as given by Eq. (2).

Y = ®X +1n (2)
where ) is the noise and substitute the values of X from Eq. (1) in Eqgs. (2) and (3) is obtained:
N
YZCDZCi\Vi (t)+l’] (3)
i=1

Considering sparsity X, Eq. (4) gives the reformulated equation of the problem to find the sparsest
solution.

min |c|;subject to [Y — ®¥c|, < € (4)
C

where | - |; signifies the l;-norm advocating sparsity, | - |, is the I,-norm, and e reasons for noise tolerance.

Consider a signal X (t) with s non-zero entries, resulting it s-sparse. The error signal can be estimated
by Eq. (5).

|XS - X|1z = |CS - C|12 (5)

If ¢ is compressible and sparse, the approximation will be accurate and the error |X, — X|j, will be
minimum. Incoherence states that the sensing matrix (@) should be having a dense representation in
(V) unlike input signal. For successful recovery of the compressed signal, mutual coherence between the
measurement matrix @ and the sensing matrix (V) should be minimal. Coherence (u) between ¥ and @ is
defined by Eq. (6).

(¥, @) = max max |(d;, )| (6)

1<i<N 1<j<M

here the columns of (@) and (y;) are represented by (¢;) of the basis vectors of (¥). The coherence
(n (7, @)) is also confined by Eq. (7).
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The limit of the coherence is given by:

1 /[ N-M
\/—Mgp(q],q))ﬁ m (8)

Random numbers adhere to the least mutual coherence. Independent Identically Distributed (i.i.d.)
entries of a random Gaussian matrix are used in this paper to construct the measurement matrix. As the
signal is represented as sparse, it contains many zero entries, but the actual locations of the non-zero points
are unknown. Fixed basis Gaussian random numbers were used in this paper to randomly choose the rows
and columns with non-zero entries to generate a sensing matrix. A PDF ofi.i.d. entries of a random Gaussian
matrix can be written mathematically as

P.D.F.(x;u,0) = (x- P)2)

1
———ex
V2no? p( 20°

where, |t = mean; o = Standard deviation; 0% = Variance. The CS principle s states that data should be
compressed while being measured. Therefore, a measurement matrix with a size smaller than the original
signal has to be obtained. The size of the measurement matrix k should be greater than the number of non-
zero elements (m) present in the signal; then we have m << k << N [16]. The size of the measurement matrix
was estimated using Robust Uncertainty Principle (1), suppose f € R", that the coefficient sequence x of f in
the basis WV is s-sparse, then size of q, m can be defined as:

)

m>c - (¥, D) s-logN (10)

where, ‘c;’ is a constant (>0) and ‘s’ is the sparsity of the signal of interest.

2.2 Restricted Isometry Property

The Restricted Isometry Property (RIP) provides sufficient conditions to approximate large matrices for
the implementation of the CS concept. The existence of inimitability of the solution can be guaranteed if the
sensing matrix (A) follows RIP in order of s as:

(1= 85) [elf, < |Al, < (1+85) [ely, (11

where, §, = isometry constant of sensing matrix (A). The smallest obtained values of s is called as the
Restricted Isometry Constant. To satisfy RIP, all subsets of s column taken from A matrix should be
orthogonal. The RIP condition can be related to the mutual coherence (p(A)) of the sensing matrix (A).
For a matrix to satisfy RIP of order (s), the mutual coherence should satisfy:

w(A) < _\’15_55 (12)

Given the RIP condition, the relationship between (§;) and mutual coherence can be extended as
follows:

5. < s-pu(A)

Vs w(d) )
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For the matrix (A) to satisfy RIP, it is necessary that all subsets of (s) columns from (A) are nearly
orthogonal, and can be mathematically represented by Eq. (14).

|AfA)| <p(A) forisj (14)
where (A;) and (A;) are different columns from the sensing matrix (A).

2.3 Optimization Techniques
2.3.11; Minimization

In compressed sensing, the ; minimization plays an important role in recovering the sparse signal. The
1, norm, particularly the I; norm, represents the number of non-zero elements present in the matrix. This is
used in CS recovery to solve an ill-imposed problem and obtain the most relevant solution set. Formally, the
1, norm of a vector X is defined by Eq. (15).

1/p
Ixlp = (Z|X1|P) forpeR,p=0,1,2,... (15)

In this paper, a convex problem is relaxed by using l; minimization instead of 1y minimization
technique. As ly minimization lacks mathematical representation and is an NP-hard problem that is very
complicated to solve.

2.3.2 Primal-Dual

Compressed sensing often deals with underdetermined systems, where the number of unknowns, n,
exceeds the number of measurements, m. In this case, infinite (maximum) solutions exist due to the problem’s
underdetermined nature. To obtain the sparsest solution, the problem can be reformulated as a dual problem
and solved using the primal-dual approach.

The primal problem seeks to maximize the objective function Xj:
Maximize X, Subject to X%, = Vi1 * Anyx (16)

here, (X%,,) is the primal variable, (yx;) is the measurement vector, and (Axxx) is the sensing matrix.

The Dual problem involves minimizing the objective function X.
Minimize X Subject to y, . ; = Akxn * XNx1 (17)

here, (Xnx1) is the dual variable, and the constraints ensure that the measurements match the linear
transformation of (X).

2.3.3 Backtrack Line Search

The Backline search approach is used to find the step size a; by utilizing continuous iteration till it meets
the Armijo—Goldstein condition, which is expressed as

£(X) - f (X + ajp) >= ajt (18)

where, ay > 0 is initial step size and p is the search direction (unit vector).

t = —cm, with ¢ € (0,1) and m defines the slope of a along with p.
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The prime dual approach, combined with a backtrack line search algorithm, is utilized for compressed
sensing to solve underdetermined systems and ensure convergence to sparse solutions, as outlined in
Algorithm 1.

Algorithm 1: Primal-dual relationship and Backtrack line search for compressed sensing

Initialization: {nylz Measurement vector; ANxk: Sensing matrix; Xo: Primal variable; A: Lagrange multi-
plier; g (1) : Dual function, (ao > 0): Initial step size, ¢ € (0, 1) : Constant for Armijo-Goldstein condition,
p €(0,1): Reduction factor for step size, p: Search direction (unit vector), t: Decrease condition}
Input: {yy,;, ANxk, &0, € P> P}
Output: {Optimal Xy, A, &;}
Set: { yx.i» Anxk> X0, 4, 8 (1), @0, ¢, ), p}
Do: Formulate primal problem:
maxX, subject to X%,; = Vi, * Anxk

While: Solving primal problem

If: Primal problem constraints are satisfied

Do: Formulate Lagrangian:

L (Xo,A) =X+ A" (¥ * ANk — XRt)
Calculate: Gradient of £ with respect to Xy:
Vx,L=1-1TA=0
A=A"
Substitute: A back into the Lagrangian:
g (A) = minXOL (XO’ /‘) = Yle * AlT\IxK
Formulate: Dual problem: ming (1) subject to yy ., = Axxn * Xnxi
Calculate: Initial value for decrease condition (t):
t=-cvi(X) p

While: Armijo-Goldstein condition is not met

If: (f(X)-f(X+a;p) < ajt)

Update: Reduce step size («;):

@ = pa;
else:
Do: Satisfy Armijo-Goldstein condition and proceed
end if
end while
end if
end while

2.4 Discrete Wavelet Transformation

The Wavelet transform provides a multiresolution analysis of the signal, making it useful for enhancing
signal reconstruction. The Continuous Wavelet Transform (CWT) provides a redundant representation of
the signal, which may not be necessary for full signal reconstruction. The CWT of a function f (t) is defined
by .

Wi (a,b) = [:f(t)\p*(ﬂ) dt 19)

a

where, ¢ (t) represents the complex conjugate of the wavelet function y (t) , aand b are scale and translation
parameters, respectively. DWT provides a non-redundant representation of the signal for the region of
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support by discretizing the scale and translation parameters. The DWT of signal f (t) can be mathematically
expressed by Eq. (20).

f(t) = i i d(lo1)275% (27 (t-1)) (20)
k

=—o00 |=—00

where, Dilation factor: 2~ Translation factor: 251, wavelet coefficient: d (k,1), scaled and translated wavelet
function: ¥ (Z’k * (t—1)). The wavelet coefficient d (k, 1) can be computed as:

d (1) = W (£ (1) ,25,1) = [ TEO) ¥ (1) de (21)

The f (t) remains still in time domain, and discretization happens in a and b. This sampling process is
called as dyadic sampling because consecutive values of the discrete scale and sampling interval differ by a
factor of 2.

aj =2j,bk=k-2j

where j and k are integers representing the dyadic scale and translation levels, respectively. This results in
{(aj,bk) |aJ = 2j,bk =k- ZJ}

3 Proposed Methodology

This section describes the details of the methods used for ECG signal compression and reconstruction
using hybrid compressed sensing and primal-dual wavelet (CSP-PDW) techniques. Fig. 1 shows the block
diagram of the proposed methodology. In the first step, data were collected from two sources: the PTB-
DB and MIT-BIH databases, both of which are benchmarked and open-access datasets containing various
types of ECG signals, available on the PhysioNet website. In the second step, the collected datasets were
denoised using the DWT. In the third step, baseline wander was removed using the polynomial fitting
technique. ECG signal compression is performed after signal preprocessing, utilizing modified compressed
sensing algorithms for the compression process. In the next step, greedy iterative optimization algorithms
were applied to reconstruct the compressed ECG signal. Wavelet transform techniques were employed to
enhance further the quality and originality of the reconstructed ECG signal. Finally, postprocessing was
conducted using various metrics to validate the suggested methodology. Each step is described in detail in

the preceding subsections.
AL “‘L’JL"L‘”L"‘LJl~“\‘\AL.HL'/ "“‘LLJl o (1 'Nl 'IJLM f T“"‘ 'Hl‘u WIN My

Raw Data from PTB-DB & MIT BIH Denoised using DWT Baseline wander removal using
Polynomial Fitting

Y

Y
fidor i i

BociniOcesSin ‘ Wavelet based Signal reconstruction Compression using
an&panal sisg <€— processing to improve < using Greedy iterative (< compression sensing |€
Yy ‘ reconstruction algorithms algorithms

‘

Figure 1: Block diagram of the process
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3.1 ECG Data Collection and Preprocessing

ECG signal data are acquired from the PhysioNet database, which serves as a benchmark and open-
access directory for ECG datasets. The two ECG datasets, the PTB Diagnostic ECG Database (PTB-DB)
and the MIT-BIH arrhythmias database (MIT-BIH), are considered to maintain the generalizability of the
methodology. The PTB-BD dataset contains records of 549 patients, consisting of 290 subjects, and includes
15-lead ECG signals. In comparison, the MIT-BIH database contains 48 records, each consisting of 30 min
with 2-channel recordings. The dataset is digitized at 360 Hz per channel with an amplitude range of up to 10
mV. As the two datasets differ entirely in both content and length, they were segmented into 2-s recordings.
The acquired data is contaminated with several sources of noise. Since the wavelet is a very powerful and
efficient tool for noise removal, a wavelet-based denoising algorithm is utilized to denoise the acquired ECG
data. The best part of the WT is that it preserves important features while denoising, resulting in no loss of
integrity to the original signal. The DWT of 10 levels of decomposition is used to obtain the approximation
and detail coefficients of the pre-processed ECG signals, as given by Eq. (22).

{A, Dl, Dz, e Dl()} =DWT (ECG Slgnal) (22)

where A represents the approximation coeflicients and D represents the detail coefficients. The noise level
was estimated from the detail coefficients at the highest level using the median absolute deviation (MAD)
estimator, as given in Eq. (23).

_ median (|Dyol)

23
0.6745 (23)

After that, soft thresholding was applied at each level of the detail coefficients, as given in Eq. (24).

A =o0v/2log (N) (24)

D thresholded = SoftThreshold (D;,A) fori=1,2,...,10

Ultimately, the signals are reconstructed by applying the inverse DWT to the threshold coefficients,
thereby obtaining the denoised ECG signal, as shown in Eq. (25).

ECGpenoised = Inverse DWT (Aa Dl,thresholdeda D2,thresh01deda cees DlO,thresholded) (25)

The denoised ECG signals exhibited baseline wander, which was corrected using the polynomial fitting
technique. A polynomial of degree 5 was fitted to the denoised ECG signals obtained in Eq. (25) to capture
the baseline wander, as shown in Eq. (26).

P (t) =39 +ait+ a2t2 + a3t3 + a4t4 + a5t5 (26)

where a; are the polynomial P (t) coeflicients and t represents time. To correct the baseline wander, the fitted
polynomial curve is subtracted from the denoised ECG signal (ECGpenoised )> as given by Eq. (27).

ECGCorrected = ECGDenoised -P (t) (27)

The obtained ECG signal (ECGcorrected) is free from baseline wander, and these signals are further
processed in Algorithm 2.
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Algorithm 2: Proposed ECG signal compression technique

Initialization: {N: Length of ECG data (I-D array), M: Size of the measurement matrix, ¥nxn: Sparsi-
fying basis (complex discrete Fourier transform), cxxi: 1-D ECG signal array, q,,x: Measurement matrix
computed using random Gaussian numbers, K: Number of measurements, K < M}
Input: {Cle, ‘I’NxNa M, quK}
Output: {y,,}
Set: {Cle’ ¥NxNs M’qlxK}
Compute sparsifying basis using FFT:
Ynxw [k n] = \/Lﬁexp (—izﬁ”kn)
Compute sparse representation of the ECG signal:
XnNx1 = PNxN * ENx1

Generate measurement matrix:
Set & as the initial step size and B as a constant for iteration.
While K is less than or equal to M:

Generate random gaussian matrix (q;,x)
Form sensing matrix (Agxn):

AN = Qe Unn

Compute compressed ECG signal:
If the sensing matrix (Agxn) is valid:

Obtain the compressed signal (yy,,):

Y1 = ArxN - XNx1
else
Recompute: q,, . < q; " x K
Form New Sensing Matrix: Agxn < q, " x K- Wxhx
Compute New Compressed Signal: yll\(“;“l" = AgxN - XNx1
Compute the pseudo-inverse of the orthonormal basis matrix:
Ak = Uy (Gixx)

end

3.2 Proposed ECG Signal Compression Technique

The proposed compression algorithm leverages the features of CS and sparse representation principles to
obtain high compression rates while maintaining signal integrity with accurate reconstruction. The stepwise
visual representation of the enhanced ECG compression algorithm is presented in Fig. 2. After choosing
the ECG signal length and creating a 1D array, the FFT is used to calculate orthonormal bases. The RIP
technique uses optimal size selection to build a random Gaussian matrix. The compressed matrix is created
by multiplying the sensing matrix by the orthonormal bases. The compressed signal is calculated once the
correctness of the sensing matrix is verified. The measurement matrix is recalculated otherwise. Lastly, the
signal is reconstructed by pseudo-inverting the orthonormal basis.

In this work, a length (N) of 2000 samples of the ECG signal was chosen for compression. ECG signal is
semi-sparse in nature, so FFT is computed to convert the data into its sparse form by computing sparsifying
basis matrix (Wnxn ) in the first step (Eq. (28)).

Waxn [k, n] = % exp (—izﬁnkn) (28)
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Figure 2: Block diagram of the proposed ECG signal compression technique

This computation provides a minimal number of non-zero coefficients in the Fourier domain of the
ECG signal with a high degree of accuracy. In the next step, the sparse representation of the pre-processed
ECG signal (cnx1) by multiplying with the sparsifying basis matrix (Wxxn ), as given in Eq. (29).

Xnx1 = PNxN - enxa (29)
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In the following step, the measurement matrix is generated, where the (o) represents the initial step
size and (B) denotes the iterative computation. Next, the sensing matrix (Agxy) is calculated utilizing the
random Gaussian matrix or measurement matrix (qixx ), ensuring that the number of measurements (K)
should be less than the size of the measurement matrix (M), as given in Eq. (30).

AgxN = JixK * \I’Ii]iN (30)

The sensing matrix was subsequently validated, and upon validation, the compressed ECG signal (ykx;)
was computed by multiplying it with the sparse representation of the ECG signal, as given in Eq. (31).

Yrx1 = ArxN - XNx1 (31)

If the validation of the sensing matrix is unsuccessful, the measurement matrix is recomputed, a new
sensing matrix is formed, and a new compressed ECG signal is calculated.

New ew

Qixx and Agxn = qi\LK '\PI?ILN (32)

New
Yl = AN - Xnxi

Finally, the pseudo-inverse of the orthonormal basis matrix is computed to ensure the accurate
reconstruction of the original ECG signal, as represented in Eq. (33).

An = i (Qixk) (33)

This approach effectively compresses the ECG signal while preserving the essential features necessary for
accurate and reliable reconstruction. The algorithm’s robustness in handling the sparse representation of the
ECG signal in the Fourier domain, along with its efficient measurement matrix generation and computation,
makes it a highly effective solution for compressing ECG signals. The complete steps of the ECG compression
method are presented in Algorithm 2.

3.3 Proposed ECG Signal Reconstruction Technique

Fig. 3 presents the flowchart of the proposed sparse representation and primal-dual wavelet-based
ECG reconstruction technique. Optimization techniques, namely Primal-Dual and basis pursuit, were used
to recover the coefficients of the original signal for reconstruction. One of the major limitations of the
algorithms is that they are only applicable to convex problems. A standardization algorithm was applied to
reduce signal variance. Once the master solution set is obtained, greedy iterative algorithms (Backtracking
line search) were used to get the optimum solution set. To improve reconstruction efficiency, wavelet-based
processing was applied to the reconstructed signal.
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The signal X° is reconstructed by multiplying the compressed signal (y) (where (y € RM)) with the
sensing matrix (A) (where (A € RNXM)) , as described in Eq. (34).

XRx1 = VKX 1 * AEXK (34)

The signal X° should lie in an M-dimensional subspace of RN but cannot be used immediately due
to noise in the data; therefore, the signal needs to be smoothened. The duality principle of optimization
is employed to achieve the desired results. The given primal problem is transformed into a dual problem
using the duality property and then solved to obtain the master solution set. The objective function is
(Min|X]|r, )subject to (y = AX) when the RIP holds. Once the master solution set is obtained, iterative
algorithms, such as the Backtracking Line Search method, are used to find the optimal solution set. This
algorithm adheres to the conditions specified in Eq. (35).

£((X)-f(X+ajp)) > at (35)

A large initial estimate of a is used and iteratively reduced. The reduction process continues until a
sufficiently small value is found, resulting in a decrease in the objective function. Since (Xnx1 = WnxN * CNx1)
(Eq. (12)), The ECG input signal (cnx1 ) needs to be estimated. By applying (WxLy) to both sides of Eq. (12),
the following result is obtained:

Xt * Prnn = (Prxn * Ukw ) * O (36)

-1
Xnx1 * Prn = ONxa

Eq. (16) simplifies to Eq. (17), providing the estimated ECG input signal (cnx1 ). In the next step, wavelet
denoising is applied to enhance further the reconstructed ECG signal (cnx;). The undecimated discrete
wavelet (UDWT) denoising technique is used to improve reconstruction efficiency. This technique offers shift
invariance, anti-aliasing, and noise reduction properties. The Maximum Overlap Discrete Wavelet Trans-
form (MODWT), an orthogonal wavelet, was employed in the developed algorithm, incorporating universal
soft thresholding and a level-dependent noise estimation (‘mln’) for 10 levels of wavelet decomposition.
Among the orthogonal wavelets tested, the Coiflet 1 wavelet provided the highest accuracy. This wavelet
has (2n) moments equal to zero and a scaling function with (2n — 1) moments equal to zero, resulting in
fewer coeflicients and thus more efficient reconstruction. The complete steps of the proposed ECG signal
reconstruction technique are detailed in Algorithm 3.

Algorithm 3: ECG signal reconstruction

Input parameters: {y,,,: Compressed signal, Anxk: Sensing matrix, ¥nxn: Sparsifying basis (complex
discrete Fourier transform), ¢nxi: Reconstructed ECG Signal, N: Length of ECG data (I-D array), K:
Number of measurements, K < M, p € (0,1): Backtrack line search step size reduction factor, «: Initial step
size, ¢: Constant for Armijo-Goldstein condition, e: Error threshold for denoising}

Input: { yg,; > Anxk> UNun> Mgy }

Output: { ¢nx }

Set: { CNx1> ‘I’NXN7 M, 94k }

#Normalize compressed signal:

Yrx1—H
Y1 < T g

(Continued)
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Algorithm 3 (continued)

#Compute initial reconstruction:
X1 = Vit * ANk
#Smooth the ECG signal:
If X}, contains noise:
Apply a smoothing filter (moving average):
w

X = 51, 2 X ()
else:
Use the current (XR,,,) as it is.
#Optimization (Primal-dual and basis pursuit):
Formulate the optimization problem:

miny X[y subject toy = AX
Formulate the Lagrangian:
L(X,4) =Xy + 27 (y - AX)
Compute the gradient:
vx L = sign (X) - AT

Solve for dual variables:

If (VxL=0):
A=AT (y- AX)
else:
X < update (X)
end If

#Greedy iterative Algorithms (Backtrack line search):
Initialize: Set « as the initial step size.
While the decrease in the objective function is insufficient:
Search direction p is typically set as the negative gradient:
p = -Vi(X)
Compute step size using Armijo-Goldstein condition:
t=—cvi(X) p
Update (X):
X< X+ap
If: £ (X) - f(X + ap) > at
Exit the loop.
else:
Reduce a: « < p a where p € (0,1)
end If
end While
#Compute inverse transform:
Given the relationship: Xnx1 = NN * ENx1
Take the inverse of (Wnxn) to solve for the ECG input signal &nsa:
éN><1 = XNx1 * ‘nglxN
Wavelet denoising (UDWT):
While the error in the reconstructed signal is greater than the threshold e:

(Continued)
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Algorithm 3 (continued)

Apply undecimated discrete wavelet denoising (UDWT) to the reconstructed signal ¢nyxi:
Enxa = UDWT (Enxa)
For each level i from 1 to 10:
Compute wavelet coeflicients Wj:
W; = MODWT (&xx1,1)
Apply universal soft thresholding:
W; < SoftThreshold (W;, mln;) , Where: mln; = /2log (N)
If the error is below the threshold e:
Exit the loop.
else
Repeat the denoising process.
end If
end While
#Validate Reconstructed ECG Signal*:
Validate the final reconstructed ECG signal (&wx1) for reliability and accuracy.
end

4 Simulation Result and Performance Analysis

In this section, the experimental results and performance of the proposed compression and recon-
struction algorithm are discussed. The algorithm that was developed was tested on the PhysioNet database
(PTB-DB and MIT-BIH arrhythmia). For the PTB-DB database, the sampling frequency is 1000 Hz with
a 16-bit resolution over a £16 mV range. For the MIT-BIH arrhythmia database, the sampling frequency is
360 Hz with 11-bit resolution over a 10 mV range. Five standard performance metrics were used to quantify the
efficiency of the compression and decompression algorithms. Compression ratio (CR) (Eq. (18)) to estimate
the amount of compression and the remaining four parameters, namely Mean square Error (MSE) (Eq. (19)),
PRD (Eq. (20)), Correlation Coefficient (CoC) (Eq. (21)), and Signal to noise ratio (SNR) (Eq. (22)), reflect
on the efficiency of the decompression algorithm to preserve the clinical relevance of ECG data.

(Size of original signal — Size of compressed signal) y

CR = 100 37

Size of original signal (37)

MSE = % S (x (i) - ¥ (1) (38)
Xiz1 (x[i])

(X (xi +x{) *N) = (X% - Xx{)
VVIN = £x2) - £x2)X((N + £x2) - T xi?))

SNR = 201log(0.01 x PRD) (41)

Correlation Coefficient (CoC) = (40)

where, N = Length of the signal, (i) = Input Reference signal, x(i) = reconstructed signal output. The
correlation between the PRD and the clinical relevance of the reconstructed signal was suggested by Zigei
etal. [30]. Table 1 presents the percentage of PRD corresponding to different classes of signal reconstruction
quality, categorized by diagnostic relevance.
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Table 1: PRD and signal reconstruction quality class

S.No. PRD Reconstruction signal quality

1 0%-2% Excellent quality
2 2%-9% Very good or good
3 >9% Poor quality of reconstruction

4.1 Simulation Result for Compression and Reconstruction Algorithm

Fig. 4 illustrates the test results of the developed ECG signal compression and reconstruction algorithm
using a healthy record (s-0464) from the PTB-DB database. Fig. 5 illustrates the performance analysis of the
proposed reconstruction algorithm at various compression ratios using the same record. Fig. 6 shows some
deviations in the isoelectric part of the ECG signal, as Fourier-based denoising techniques suffer from this

error, although peaks remain unaltered.
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4.2 Performance Metrics Calculation

Table 2 indicates the performance analysis of different wavelets. Column I lists the different wavelets
used in this comparative study, while columns II, III, IV, V, and VI present five assessment parameters.
According to the results obtained in Table 2, the Level-10 Coif-1-based wavelet filtering method showed the
most satisfactory reconstruction of the ECG data.

Table 2: Performance analysis of different wavelets

Wavelet CR CoC MSE PRD SNR Wavelet CR CoC MSE PRD SNR

name Name
50.0% 0.994 0.0007 0.410 477 50.0% 0.99 0.0014 0.589 44.6
Coifl 725% 0973 0.0026 0.787 42.1 dB-10 72.5% 0.96 0.0035 00917 40.8
75.0% 0.953 0.0040 0.980 40.2 75.0% 0.95 0.0050 1.090 39.2
50.0% 0.994 0.0007 0.403 479 50.0% 0.99 0.0008 0.436 472
Coif2 725% 0972 0.0026 0.791 42.0 Haar 725% 0.97 0.0029 0.833 41.6
75.0% 0.952 0.0040 0.984 40.1 75.0% 095 0.0043 1.010 39.9
50.0% 0.994 0.0007 0.400 48.0 50.0% 0.99 0.0007 0.400 48.0
dB-2 725% 0972 0.0026 0.790 420 SYM-2 725% 0.97 0.0026 0.790 42.0
75.0% 0.952 0.0041 0.991 40.1 75.0% 095 0.0041 0.991 40.1
50.0% 0.993 0.0008 0.425 474 50.0% 0.99 0.0007 0.413 477
dB-4 72.5% 0.971 0.0027 0.801 41.9 SYM-4  725% 097 0.0026 0.795 42.0
75.0% 0.949 0.0041 0.997 40.0 75.0% 095 0.0041 0.990 40.1

Table 3 presents the estimated assessment parameters for six different ECG signals. Different validation
parameters were calculated to justify reliable reconstruction with different compression ratios. Column II
indicates compression ratios, while the remaining columns display standard performance metrics used to
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evaluate the quality of reconstruction. Table 3 indicates a satisfactory reconstruction as per the criteria listed

in Table 1.

Table 3: Validation parameter analysis of the proposed method with six different ECG signals for N = 2000
(using coif-1)

Patient Id No. of non-zero elements CR CoC MSE PRD SNR

1000 50.0% 0.994 0.0007 0.410 4773

s-0464 550 72.5% 0973 0.0026 0.787 42.08
500 75.0% 0.953 0.0040 0.980 40.17

1000 50.0% 0.962 0.0037 0.901 40.90

s-0465 550 72.5% 0.944 0.0054 1.080 39.25
500 75.0% 0.800 0.0147 1.800 34.87

1000 50.0% 0.929 0.0036 1100 39.11

s-0474 550 72.5% 0939 0.0031 1.020 39.74
500 75.0% 0.864 0.0056 1390 3713

1000 50.0% 0.993 0.00076 0.408 4770

s-0462 550 72.5% 0.957 0.0034 0.989 40.70
500 75.0% 0.959 0.0030 0.837 41.54

1000 50.0% 0.988 0.0008 0.486 46.26

100c 550 72.5% 0950 0.0032 0.967 40.28
500 75.0% 0.947 0.0033 0.978 40.19

1000 50.0% 0.929 0.0036 1100 39.11

s-0478 550 72.5% 0939 0.0031 1.029 39.74
500 75.0% 0.864 0.0056 1390 3713

It is observed from Fig. 7 that with an increase in compression ratio, MSE and PRD increase, so to retain
the clinical usability of the reconstructed data, the compression ratio should be adjusted accordingly. Fig. 8
shows that increasing the number of non-zero elements in the sensing matrix improves CoC. PRD values
in Fig. 9 indicate the comparative analysis of all validation parameters before and after applying wavelet-
based filtering. All validation parameters suggested satisfactory results for all tested samples.

The CSP-PDW framework has been designed to meet the needs of real-time ECG analysis in IoT-based
e-healthcare, where low latency and energy efficiency are of paramount importance. Through the merger
of compressed sensing with wavelet-domain processing, it reduces the number of samples as well as the
reconstruction dimension, allowing for diagnostic insights with millisecond precision and without a high
burden of postprocessing. We have O(MN) (Gaussian projection) complexity for compression (M < N),
O(N) complexity for wavelet transforms, and O(kMN) complexity for Primal-Dual reconstruction, where
k is a small number of iterations due to rapid convergence. The approach runs in below 50 ms per 1 s ECG
segment (on a mid-range CPU). It achieves a good trade-off between compression efficiency, reconstruction
accuracy, and speed, making it practical for embedded medical devices and wireless ECG monitors with
scarce computing resources.
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4.3 Limitations and Future Directions

Apart from several significant findings, our proposed CSP-PDW method also has some limitations.
At extremely high compression ratios, fine morphological details, especially the ECG signals with complex
morphological variations or arrhythmias, may be partially lost. The reconstruction quality of the ECG signal
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is sensitive to the selection of parameters, such as the sparsifying basis, measurement matrix size, and
number of iterations. However, the use of a fixed mother wavelet may not be optimal for all patient records
or pathological conditions. Although the proposed method is computationally efficient for standard IoT
hardware, ultra-low power devices with minimal resources may require further optimization. The evaluation
and validation of the proposed method were limited to standard ECG databases, and broader validation on
diverse real-world datasets under varying noise conditions remains necessary.

In future work, the CSP-PDW algorithm will also be enhanced for robust processing of multi-class
ECG signals across various morphologies and pathological conditions, with automatic parameter tuning
and adaptive selection of mother wavelets. We will also extend our approach to utilize hardware-level
optimizations for ultra-low-power IoT devices and validate it using larger, realistic datasets with real-world
noise and motion artifacts, ensuring future reproducibility for continuous, real-time clinical monitoring.

5 Conclusion

This paper has presented a hybrid CSP-PDW technique for ECG signal compression and reconstruction
of original ECG signals. The simplicity of the suggested algorithm makes it suitable for hardware-level
implementation. The number of bits during measurement and transmission has been reduced by the
suggested algorithm, which in turn has reduced the overall energy consumption. The algorithm presented
has been less complex and has thus provided an opportunity to design standalone embedded systems using
low-cost embedded boards for various applications. The average value of the correlation coefficient and the
validation parameters suggests that the retention of clinical relevance is maintained after reconstruction.
Obtained values for PRD, SNR, MSE, and CoC at a maximum compression ratio of 75% were 1.23, 38.05,
0.006, and 0.89, respectively. Fast data acquisition has addressed bandwidth and power issues in rural India,
making it suitable for smart healthcare applications.
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