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Design and Development of Improved Coyote
Optimization-based Adaptive Equalization Technique
for ECG Signal Transmission

R. Iniyavan and B. Vijayalakshmi’, Non-members

ABSTRACT

Biological signals such as an electrocardiogram (ECG)
are broadcast directly through wireless devices and
mobile networks during patients’ real-time activities and
over limitless distances. However, the transmission
of signals through a limited band channel or over
multi-propagation suffers from limitations such as inter-
symbol interference (ISI). In channel output, the adjacent
symbols smudge and integrate with each other by
degenerating during error analysis. Equalization filters
are used to improve such kinds of deformation. A new
adaptive equalization approach is proposed in this paper
to extract real broadcasted signals from Gaussian noise-
distorted ECG signals using the enhanced meta-heuristic
algorithm. The weight optimization strategy of the
“adaptive equalization technique” is implemented using
oppositional searched coyote optimization algorithm
(OS-COA). The main purpose of adapting the improved
meta-heuristic-based adaptive equalization technique is
to decrease error in the section of receivers, thus ensuring
the received ECG signal is error-free. The obtained
outcomes are examined to evaluate the performance
of error metrics like “mean square error (MSE), and
convergence rate” of the introduced model and for
comparison with other existing equalization approaches.
According to the experimental evaluation, the recom-
mended adaptive linear equalization technique has better
extraction performance than other blind and nonlinear
equalization approaches.

Keywords: Telecommunication, Inter-Symbol Inter-
ference, Adaptive Equalization Technique, Oppositional
Searched Coyote Optimization Algorithm, Electrocardio-
gram Signal Transmission

1. INTRODUCTION

Telecommunication technology is widely used in
the telemedicine field to transfer information regarding
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medicine like therapy, education, and diagnosis [1]. This
medical information consists of medical signals, audio
signals, video signals, patients’ medical records, output
data gathered from medical electronic devices (Elec-
troencephalogram (EEG), Electromyography (EMG)), and
sound files [2]. ECG is generally used to monitor signals
from the heart and diagnosis cardiology functions (i.e.,
in Intensive Care Units (ICU), where ECG signals are
transmitted through ambulatory monitors, ECG records,
and telephonic channels [3]. It is necessary to carry out
timely treatment and diagnosis of patients with cardiac
disease. Hence, it is important to monitor the ECG
signals and frequently check the patient’s heart activity
[4]. The use of wireless communication is rising rapidly,
especially in recent years, due to the progression of
technologies in radio frequency (RF) systems, digital
signal processing, and networks [5]. Due to the rapid
growth in wireless communication and the arrival of
third-generation (3G) networks, the implementation of
ECG in real time is now possible [6].

High-speed mobile channels attain the maximum data
transmission rate through the timely transmission of
ECG signals [7]. Another limitation is the overlapping of
transmitted signals in ISI since the relay of time diffusion
in ECG signals causes ECG data error in healthcare
receiver stations. In recent years, the need for wireless
ECG transmission has increased [8]. However, the
instability in wireless channels results in poor service
quality in real-time ECG monitoring [9]. ISI is often
combined with digital signal transmission. The ISI
smudges the pulses, potentially affecting their various
symbols [10]. On the other hand, ISI can affect the media
transmission cable lines because they have limited band
and it allows cellular communications. The presence of
noise, channel variation, and limited sources causes ISI
[11]. Therefore, it is essential to reduce the ISI attacks
and the specification of equalizers to attain reliable digital
signal transmission [12].

The interference between channels results from the
network phase shift and amplitude but can be reduced
by implementing the equalizers [13]. In [14], a new
constant modulus algorithm (CMA) is proposed for use
as an equalizer. The CMA is described as a blind wireless
channel equalizer in various research since it is robust
over the destruction of perfect blind equalization (PBE)
state [15]. As a result, to minimize the complications in
CMA, a fractionally-spaced equalization constant mod-
ulus (FSE-CM) algorithm is implemented to develop the
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dithered signed-error constant modulus algorithm (DSE-

CMA) [16]. The DSE-CMA is purported to improve the

performance of the blind channel equalizer in the macro-

cell networks employed in the telemedicine approach.

The digital communication system is designed to transmit

the signals to ECG and EEG [17]. Hence, an effective

framework is required to represent the ECG data and
strengthen the broadcasting of ECG signals with wireless
channels.

The main objectives of the proposed method are as
follows:

e To present a new technique to enhance the trans-
mission of ECG signals with adaptive equalization
to acquire real broadcasted signals from the noise-
distorted signals obtained through OS-COA.

o To extract the original transmitted ECG signals using
the adaptive equalization technique and enhance its
performance by adopting a weight optimization strat-
egy using OS-COA with the aim of achieving error-
free and noise-free signals.

o To propose an OS-COA algorithm to achieve error-free
and noise-amplified ECG signal transmission via the
enhanced adaptive equalization technique by optimiz-
ing the weight used in the adaptive equalization filter.

e To estimate the efficiency of the recommended
method over other conventional works by analyzing
the various measures used for demonstrating the
effectiveness of the designed model.

The remaining sections of the paper are discussed
as follows. Section 2 presents a review of the existing
literature. Section 3 denotes the current architectural
equalization techniques for ECG signal transmission.
Section 4 depicts the adaptive equalization with opti-
mized weight for ECG signal transmission. Section 5
analyzes the enhanced ECG signal transmission using
0OS-COA. Section 6 presents and discusses the simulation
outcomes and Section 7 provides the conclusion.

2. LITERATURE REVIEW
2.1 Related Works

In 2015, Priya et al. [18] suggested a mathematical
expression to cancel the effect of ISI in ECG transmission
signals over wireless networks. The main limitations
of signal transmission in digital communication systems
are caused by ISL. This paper concentrated on the ISI,
in terms of inherent errors caused by overlapping the
adjacent symbol present in the signal output. The
ECG-transmitted signals were estimated from the out-
put signals with noise using an adaptive equalization
technique, and errors in the receiver field minimized by
adaptive filters. The results of the proposed method were
varied by operational parameters like “mean square Error
(MSE), computational complexity, correlation coefficient,
and convergence rate” The proposed “adaptive linear
equalization” technique demonstrates better results than
other equalization approaches.

In 2012, Mahmoud et al. [19] proposed the DSE-
CMA model for adaptive blind channel equalization.

The practicability and performance of EEG and ECG
signal transmission was investigated in this work. The
adaptive blind channel equalizer for EEG and ECG signal
communication was also discussed and compared with
other wireless systems like the “global system for mobile
communications (GSM) and enhanced data rates for
GSM evolution (EDGE)” To obtain the “geometrical-
based hyperbolically distributed scatterers (GBHDS),
the channel method for a macro-cell environment was
stimulated with angular spreads (AS). The stimulation
results in this study showed less complexity and a fast
convergence rate. The advantages of this framework
make it suitable for telemedicine applications. The output
signal of the equalizer is linked to the original transmitted
signal in the time-frequency domain.

In 2016, Priya et al. [20] discussed the significance
of blind equalization for signal transmission over other
models like wireless body area networks (WBAN) and
3G mobile networks. This method was compared with
other existing equalization methods for “computational
complexity, correlation coefficient, convergence rate,
and mean square error.” The experimental evaluation of
the blind equalizer showed similar results to the non-
blind equalizer. The equalizers do not depend on learning
signals, considered to be one of the advantages of the
proposed model. Therefore, this scheme was deemed
suitable for implementation in bio-telemetry systems.

In 2011, Lee et al. [21] developed real-time data
transmission and compression algorithms in e-health
terminals for ECG signals. The suggested algorithm
included four reconstruction methods and five compres-
sions methods. The efficiency of the proposed algorithm
known as downslope trace waveform (DSTW) was es-
timated, and the algorithm then applied to evaluate the
compress ratio (CR) and MIT-BIH arrhythmia database,
percent root mean square difference normalized (PRDN),
percent root mean square difference (PRD), root qual-
ity score (QS) mean square (RMS), and signal-to-noise
ratio (SNR). The efficiency of the proposed algorithm
was evaluated with other new optimization algorithms.
Hence, the algorithm can transmit and compress real-
time data, providing optimal results for the bio-signal
data transmission model with low bandwidth.

In 2006, Chou et al. [22] developed an efficient
algorithm for 2D and ECG to compress uneven ECG
signals by utilizing intra- and inter-beat correlations.
To achieve better correlation, first the ECG signal was
converted into 2D images. This process consisted of steps
like “ORS detection and alignment, period sorting, and
length equalization” The proposed algorithm achieved
a “high compression ratio (CR), low percent root mean
squared difference (PRD), low maximum error (MAX-
ERR), and low standard derivation of errors (STDERR).
The obtained heartbeat signals were rearranged into
images for easy compression. The uneven ECG signals
were compressed and then combined with another pre-
processing 2D method to enhance performance.

In 2015, Priya et al. [23] proposed a new method for
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Table 1: Pros and cons of traditional ECG signal transmission methods.

Reference

‘ Methodology

‘ Pros

‘ Cons

Priya et al. [18]

Adaptive equalization
technique

« It performs very well in wireless body
area networks.

« It obtains superior performance in
terms of signal-to-noise ratio and
convergence rate.

« At initial iterations, maximum error
results, and this issue must be resolved.

Mahmoud et al. [19]

DSE-CMA

« This model is suitable for both ECG
and EEG wireless transmission.

« Itis prevalent in realistic environments.

« However, the transmitted ECG signal is
harshly distorted in a GBHDS
environment.

Priya et al. [20]

Blind adaptive equal-
ization

« It reduces computational complexity.

« It recovers the transmitted ECG signal
in an efficient manner.

- However, it needs training data for
processing.

Lee et al. [21] DSTW « This model performs well even with « This model can only be utilized in
limited communication resources. limited bandwidth communication
« It obtains a high score. applications.
Chou et al. [22] Compression « It obtains high compression « It obtains suboptimal results when the
algorithm performance. noise is deviated.
« It reduces the time latency.
Priya et al. [23] LMS « It achieves better efficiency and « The received signal causes multi-path
simplicity. effects.
« It is more suitable for obtaining
error-free cardiac signals during
monitoring.
Al-Khafaji [24] LMS « It efficiently eliminates inter-symbol « Although it obtains optimal results, it

inference and channel noise.

suffers from high noise.

Kang [25]

LB-EDF  Scheduling
algorithm

« It attains low complexity and error.
« It is suitable for real-time ECG

« Sometimes, the perceived quality of the
reconstructed signal is degraded.

applications.

equalizing the transmitted ECG signals and enhancing
the performance of the adaptive channel equalizer using
the LMS model. Two techniques were adopted: “adaptive
white gaussian noise (AWGN)” and Rayleigh fading. The
ISI effects were reduced and the equalizers specified
to obtain reliable results. The results showed greater
accuracy in the bit error rate (BER) over other existing
works. Equalizers were used to avoid the transmitted
signals intruding on each other; this intrusion was
obtained from the phase shift and amplitude of the
channel. To overcome these limitations, equalizers were
implemented.

In 2016, Al-Khafaji [24] proposed a new method
for matching the efficient ECG-transmitted signal with
communication channels using an LMS model and en-
hanced the performance of a “symbol-spaced adaptive
channel equalizer” To implement the method AWGN and
Rayleigh fading were adopted. The results obtained with
this model indicated progressive BER.

In 2020, Kang [25] suggested a scheme to handle the
time-varying wireless channels for ECG data transmis-
sion and layered coding. In this paper, an adaptive
scheme was developed to achieve a higher-quality ECG
communication signal in wireless networks. This method
consists of a layered coding for ECG data and the
“automatic repeat request (ARQ)” based error control
technique, merged with “layer-based extended depth
of field (LB-EDF)” to provide consistent and scalable
monitoring for remote patients. In this process, a set
of samples were divided into the base layer allowing

adequate information to be available for detecting cardiac
disease while various enhancement layers amplified the
reconstructed ECG signals. The proposed algorithm
improved the efficiency of the reconstructed ECG signals
by utilizing an efficient bandwidth.

2.2 Problem Statement

Numerous traditional ECG signal transmission models
are reviewed in Table 1. The adaptive equalization
technique [18] performs very well in a wireless body area
network. It enhances the achievement of the signal-to-
noise ratio and convergence rate. On the other hand, at
initial iterations, maximum errors exist and this aspect
must be resolved. DSE-CMA [19] is suitable for both
ECG and EEG wireless transmission prevalent in realistic
environments. However, the transmitted ECG signal is
harshly distorted in the GBHDS environment.

Blind adaptive equalization [20] reduces computa-
tional complexity and recovers the transmitted ECG
signal in an efficient manner, though, it needs training
data for processing. The DSTW [21] model performs well
even with limited communication resources, achieving
a high-quality score. This model can only be utilized
in limited bandwidth communication applications. The
compression algorithm [22] gives better performance and
reduces time latency. However, it obtains suboptimal
results when the noise is deviated.

LMS [23] provides better efficiency and simplicity,
making it more suitable for obtaining error-free cardiac
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signals during monitoring. Conversely, the received
signal causes a multi-path effect. LMS [24] efficiently
eliminated the inter-symbol inference and channel noise.
Although obtaining optimal results, it suffers from high
noise.

The LB-EDF scheduling algorithm [25] attained low
complexity and error, making it more suitable for real-
time ECG applications. ~Sometimes, the recognized
effect of the reproduced signal is degraded, motivating
the researchers to concentrate on suggesting a new
equalization algorithm.

3. ADAPTIVE EQUALIZATION TECHNIQUE FOR
ECG SIGNAL TRANSMISSION

3.1 Proposed Model and Description

The ECG is used to monitor signals and diagnose
cardiac disease [26]. The electric signals are extracted and
further monitored by electronic devices. Moreover, the
ECG signals are often distorted by multiple sources like
noise in the electrode movements, muscle contraction,
and interference from other electronic devices. The ECG
baseline can be easily attacked by any source, causing
the baseline to float and appear noisy. The movement
of cables also creates low-frequency noise known as
shot noise. These noises can affect the diagnosis of
various cardiac conditions. Channel noises are caused
by transmitting from one channel to another under weak
channel conditions.

The real-life application of ECG data and signal
communication over wireless networks are affected by
transmission errors in the ECG signal and bandwidth
limitations. Wireless channels are often noisier than
wired connections and also suffer from shadowing and
multi-path fading, affecting the efficiency of reproduced
ECG signals. The extraction and removal of noise from
the transmitted ECG signal is important for doctors
in diagnosing diseases accurately. To overcome the
challenges of ECG signal transmission, a new technique
is proposed, as shown in Fig. 1.

The purpose of the proposed model is to improve ECG
signal transmission in broadband wireless communica-
tion. The datasets are gathered from the benchmark
ECG heartbeat categorization database. The input ECG
heartbeat signals from the dataset are transmitted to
ECG formatting k(a) and the formatted ECG signals
then passed through a wireless channel s(a). In this
wireless channel, Gaussian noise r(a) was added to the
transmitted ECG signals. Gaussian noises are often
included in digital communication signals. The noise-
corrupted ECG signals were subjected to the adaptive
equalization technique v(a). During the process, the
transmitted original ECG signals are extracted from
the corrupted noise signals. These signals are then
reformatted k (a) and the received signals obtained from
the Gaussian noise-corrupted ECG-transmitted signals.

The proposed OS-COA algorithm is implemented to
enhance the adaptive equalization technique using the
weight optimization strategy. The major purpose of

the proposed OS-COA-based adaptive equalization is to
decrease the error rate in the obtained signal and to
ensure the received ECG signal is error-free.

3.2 ECG Signal for Transmission

ECG signals demonstrate the electrical tasks of the
heart. ECG analysis is used to diagnose various cardiac-
related diseases. The wirelessly transmitted signals
obtained from the ECG aid in the timely diagnosis and
appropriate treatment of cardiac disorders. The ECG
signals used in this experiment are gathered from the
standard ECG database.

3.3 Received Signal

The Gaussian noise r(a) corrupted ECG-transmitted
signal is obtained by the receivers as given in Egs. (1) and

@).

b(a)=t(a)+r(a) (1)
b(a) =s(a) * k(a)+r(a) (2)

The received Gaussian noise-corrupted signal is pro-
cessed by the adaptive equalization technique through
the OS-COA algorithm. The ECG signals are transmitted
to different band channels, producing fluctuations in
the received signals. The transmitted ECG signals are
reformatted and received in a similar way to the original
transmitted ECG signals. The received ECG signal
from the adaptive equalizer contains errors and causes
trouble transmission to real-time applications. The
meta-heuristic algorithm is implemented to minimize the
errors in the received signals, thereby ensuring they are
error-free.

4. ADAPTIVE EQUALIZATION WITH OPTIMIZED
WEIGHT FOR ECG SIGNAL TRANSMISSION

4.1 Adaptive Equalization Technique

The adaptive equalizer [27] is the converse of a chan-
nel filter. The received ECG signals are denoized with
the filter instinct reaction. The filter coefficients are up-
graded with the weight optimization strategy, whereby
the noise-corrupted received signals are extracted from
the original signals. If the desired response is observed
as w(a), the input vectors b(a) are accessible at each
iteration, consequently, the OS-COA algorithm is the
right choice for various applications in adaptive signal
processing. The flexible linear combiner is activated in
two diverse faces of an adaptive system, applied on the
basis of the input connections in serial or parallel form.
In all cases, the outcome of the combiner is obtained as
the denoizing signal v(a) with the linear combination of
given input samples. The error signal is calculated as
u(a) = w(a)—v(a). The stability and speed of the adaption
is regulated by the gain constant (y). If the error signal
is higher, then the proposed OS-COA algorithm uses a
unique adaptive liner combiner model. A novel OS-COA
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Fig. 1: Architectural diagram showing ECG signal transmission with the adaptive equalizer.

algorithm is implemented to improve the efficiency of
adaptive equalization by optimizing the signal weight.

4.2 Weight Optimization Strategy and Algorithmic
Steps

The weight optimization [28] strategy is implemented
in the adaptive equalization approach to estimate the
real broadcasted signals from the noise-distorted ECG
signals. The proposed meta-heuristic improved OS-
COA algorithm is adopted to enhance the performance
of the adaptive equalizer by implementing the weight
optimization strategy to obtain more relevant and op-
timal signals. The weight optimization strategy with
the OS-COA algorithm provides a better solution using
the adaptive equalization technique. The received ECG
signals are error-free and transmitted accurately with the
weight optimization strategy. The algorithmic steps are
based on the following:

Step 1: Input the convolved signal b(a) with weight
Wg(a).

Step 2: Determine the deconvolved signal yb(a) =
b(a)T W g(a).

Step 3: Calculate the error between the transmitted
and received signal.

Step 4: Update the weight function using the proposed
OS-COA.

Step 5: Determine the filter output using the OS-COA-

based updated weight to obtain error-free ECG
signals.

5. ENHANCED ECG SIGNAL TRANSMISSION USING
THE OPPOSITIONAL SEARCHED COYOTE OPTI-
MIZATION ALGORITHM

5.1 Conventional COA

The COA [29] algorithm is inspired by the behavior
of the Canis latrans species known as Coyote; it is a

population-based algorithm and has various algorithm
structures. Compared to the Gray Wolf Optimizer (GWO)
[30], this algorithm does not depend on social grouping
and dominates the rule over animals. The leader of the
hunting group is represented as alpha. The population
size of the coyotes is splitinto R, € R* groups over every
R, € R*. In all groups, coyotes are balanced and equal.
Therefore, the population size in the given optimization
algorithm is attained with the multiplication of R, and
R,,. The unstable coyotes are rejected for simplification in
the initial phase of the given algorithm. Social structure
is the main contribution of the COA algorithm and is
one of the significant algorithms for solving optimization
issues.

The behavior of coyotes is inspired by intrinsic and
extrinsic components and forms the basis of social
locations in the implementation of a coyote hunting
scheme. The variable @ hunting is represented as the
solution variance of global optimization issues. Hence,
sco is denoted by social condition, b as coyote, o' are
given as groups in instant time s, and F is represented
as the search gap, denoted in Eq. (3), and also involves
the coyote’s adaption to the environment zksZ’S ev.

sco?’ =d=
P =d=

(3)

The initial hunting model of coyotes is used to prepare
the entire population. The social constraints are given to
every coyote in a random manner. The arbitrary values
are allocated in the search space for ' as coyote and o'
as pack of n'™ dimension shown in Eq. (4).

(al,az, ,aF)

sco”’
b

(4)

The variables wy, and vy, are denoted as the lower and
upper bounds of n'" decision variance. u, is denoted as
the real arbitral number in the certain limit of [0,1] in the

=vy,+u,:- (wyn - Uyn)
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uniform probability distribution. The adaption of coyotes
in the social condition is denoted in Eq. (5).

th ih
zksZ’S =z (scoz,h’s ) (5)

Initially, the coyotes are allotted to a group. Moreover,
they can be removed and combined into packages or
remain individual. The probability of a coyote being
rejected from the group is O as shown in Eq. (6).

Op = 1.005 - R (6)

This method is used with the COA algorithm to
interconnect with the entire population of coyotes. This
group contains two alphas, while the COA takes only one
alpha. In the event of minimization, the alpha of o™ pack
in the instant time s'" is shown in Eq. (7).

alpha®® = { scoZ’s| argb:{l’zwab}minz (scoZ’s) } (7)
The useful details from the given algorithm are

combined and initialized as the actual behavior of the
group as shown in Eq. (8).

0,5
T(Rb+l) n, Rb odd
cult)’ = : (8)
0,8 0,5 .
Tﬁ . + T(Rb+|) , otherwise
2 (Rp+1)

—

The variable T is denoted as the social circumstance
of the coyote to the o' group in the instant time s for
every n in the limit of [0,F].

The age of the coyote is represented as ageZ’S € R, the
birth of a new coyote is represented as the consolidation
of two parents’ social circumstances in the inspired
environment, as shown in Eq. (9).

0,8 _
soc,i . urf, <O.orn=n
0,5 X
pup,” = socgzs’n urf, >0, +O0orn=n, (9)
U otherwise

n

The variables u; and u, are denoted as the arbitral
coyotes from the o' group, the arbitral dimensions
are correspondingly represented as n; and n, then O,
is represented as the uniform probability distribution,
U, is the random number in the decision term bound
of n'" dimension and urf, is shown as the random
number in [0,1], created with uniform probability. The
culture diversity of coyotes is trained with association
and scatter probability. In the beginning phase of COA,
O, and O, are denoted in Eqgs. (10) and (11).

=T (10)

. (11)

The variable O, is used to represent scatter probability
distribution, O, is denoted as uniform probability. The
term F represents the search gap dimension.

Here, the variables w and y denote corresponding
packs of coyotes in weak conditions. The COA represents
coyotes in alpha influence (6,) and pack influence (5,).
The variable bu; denotes the random coyote of the
groups to the alpha coyote, and bu, the random coyote
culture compared to the actual behavior of the group.
The random coyotes are correspondingly chosen from
uniform probability 6, and 6,, as depicted here.

6) = cult®® — scoz;jl (12)
8y = cult”®® — scoz;fz (13)

Therefore, the novel social circumstance of a coyote
is updated using the alpha and park influences as
represented in Eq. (14).

new_sco,” = scoy’ +u;8, + uys, (14)
The variables u; and u, are the random numbers at the
limit [0,1], shown with uniform probability distribution.
The new social circumstance is represented in Eq. (15).

new_fitZ’S =z (new_scoZ’s) (15)

Finally, the coyote’s social circumstance is introduced
in Eq. (16) and used in global optimization issues.

new_sco?’, new_fit?’ < fit??
0,5+1 b b b
sco " = (16)
0,5 .
5€0,”, otherwise

5.2 Proposed OS-COA

The implemented COA algorithm is applied to more
complicated optimization problems since it has the
capability to find better quality new solutions and
resolves the convergence problem. COA algorithms
offer a better solution than PSO and GA as well as
reducing the computational time. They enhance the
efficiency of operations and resolve both constrained and
unconstrained problems. Moreover, the COA algorithm
is not efficient for diverse optimization issues. The COA
does not fall into the local optimum. Such disadvantages
can be solved by introducing a new improved OS-COA
algorithm. The birth of the new coyote from random
parents in a social condition is implemented in the OS-
COA algorithm. To improve the performance of the
proposed OS-COA algorithm, best fit and worst fit are
introduced in Eq. (10), as given in Eq. (17).
1 best fit

0. =—

= k — 17
¢ F worstfit (7

As the circumstances are upgraded in terms of the best
and worst solutions in OS-COA, the optimal solutions
give a higher convergence rate, thus referred to as the
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Algorithm 1: Designed OS-COA
1. Initialize the R, pack and R, coyote by Eq. (3)
2. Upgrade the coyote location by Eq. (4)
3. while number of iteration # maximum
4. for each pack o do

5. Consider the alpha coyote of the group
by Eq. (7)
6. Initiate the cultural tendency of the pack
by Eq. (8)
7. for every b coyote of the o group do
8. Upgrade the social conditions by Eq. (12)
9. Estimate the new social solution by Eq. (15)
10. Implement new coyotes by Eq. (16)
11. end for
12. Update the birth and death by Eq. (9)

13. end for

14. Transform the packs by Eq. (6)

15. Upgrade the newborn coyotes by Eq. (18)
16. Traditional Update

17. end while

oppositional search algorithm. Furthermore, Eq. (16) is
applied to Eq. (11) to update the birth of new coyotes. The
modified formula for the proposed OS-COA algorithm is
given in Eq. (18).
1 best fit
l— — % ————
F  worstfit
2

O, = (18)

The proposed OS-COA algorithm can provide high-
quality optimal solutions with better stability than other
traditional updates. The maximum iteration is 100. The
pseudo code for the introduced OS-COA is shown in
Algorithm 1. The flowchart for the designed OS-COA
algorithm is presented in Fig. 2.

5.3 Objective Model
The main objective of the OS-COA algorithm is to

improve the adaptive equalization technique by the
weight optimization strategy and minimize the error
rate in the received signal. The weight of the signals
is optimized using OS-COA and the mean of error is
reduced to produce the best optimal solution. The noise
signal b(a) is multiplied with the weight function W g(a)
to obtain the original transmitted ECG signal yb(a) given
in Eq. (18) and the objective function given in Eq. (19).

(19)

obj, = arg min (mean(err))
Weg(a)

Here, the term W g(a) represents the weight used in
the optimization strategy, ranging from 0.1-0.9, and err
represents an error.

rs
err = Z [yyo - xxo] (20)
o=1

Start

A 4

Initialize the positions of each coyote, R pack and R,

coyote

A 4

Initialize the cultural tendency of each pack

A 4

Evaluate the new social conditions

A 4

Calculate the adaption of coyote based on best and
worst fitness solutions

>

<&
L

Y

Calculate the adaption of new fitness

No

Yes

Update the death and birth of coyotes, new born
coyotes

No If the terminal
solution
reached

Fig. 2: The flowchart for the designed OS-COA algorithm.

In Eq. (20), the term yy represents the actual signal and
xx denotes the received signal with noise. Finally, the
transmitted ECG signals obtained are error-free, with no
noise interruptions. Thus, it ensures good quality signals
are received signals.
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5.4 Dataset Description

The benchmark datasets for ECG heartbeat cate-
gorization are gathered from https://www.kaggle.com/
shayanfazeli/heartbeat (access: Dec. 3, 2021). These
datasets contain the heartbeat signals of two heartbeat
collections: the PTB Diagnostic ECG Database and
the MIT-BIH Arrhythmia Dataset. The two datasets
contain large samples for training with DNN. This dataset
is used to detect heartbeat classifications using DNN
architecture. The heartbeat signals are classified based on
the ECG signals for healthy cases and unhealthy cases.
The total number of samples taken is 14552, with a
sampling frequency of 125 Hz.

6. RESULTS
6.1 Experimental Analysis

The implemented method for adaptive equalization-
based ECG signal transmission in wireless communica-
tion networks was executed in MATLAB and the exper-
imental evaluation accomplished. The proposed model
was compared with different algorithms and equalization
approaches. The performance of the recommended
method was evaluated using statistical measures such as
worst, standard deviation, best, median, and mean. “The
mean is the average value of the best and worst values
and the median is referred to as the center point of the
best and worst values, whereas the standard deviation
is represented as the degree of deviation between each
execution” The performance of the proposed method
was compared with different meta-heuristic existing
algorithms like ROA-AE [31], JA-AE [32], SHO-AE
[33], COA-AE [29], HGS-AE, and AO [34] and further
compared with AE [18] and SGSM [35].

6.2 Performance Measures

The performance measures utilized in ECG signal
transmission models are given here.

(a) L1—Norm “is the sum of the magnitude of vectors
in a space. It is the most natural way of measuring
the distance between vectors, representing the sum of
absolute difference in the components of the vectors” as
shown in Eq. (21).

rs
L1-Norm = [[xx|[; = ) [xx,|

o=1

(21)

(b) L2—Norm “is also known as the Euclidean Norm.
It is the shortest distance from one point to another” as
shown in Eq. (22).

rs
L2—Norm = ||xx||, = z xx3 (22)
o=1

(c) L—infinity Norm “is the vector space of essen-
tially bounded measurable functions with the essential
supreme norm and only the largest element has any
effect” as shown in Eq. (23).

L—infinity Norm = ||xx||,, = max |xx,] (23)
1<0<rs
(d) Mean Absolute Error (MAE) “is a measure of
errors between paired observations expressing the same
phenomenon” as shown in Eq. (24).

rs
> vy, = xx,|
=1

MAE = = (24)

rs

(e) Mean Absolute Scaled Error (MASE) “is a measure
of the accuracy of forecasts. It is the mean absolute
error of the forecast values, divided by the mean absolute
error of the in-sample one-step naive forecast” as given
in Eq. (25).

1
MASE = — 25
~ Dt (25)

o=1
(f) Mean Squared Prediction Error (MEP) “measures
the expected squared distance between what your predic-
tor predicts for a specific value and what the true value”
as shown in Eq. (26).
rs
100% Z yya - xxa
rs Yy,

MEP = (26)

o=1

(g) Root Mean Square Error (RMSE) “is one of the most
commonly used measures for evaluating the quality of
predictions. It shows how far predictions fall from the
measured true values using Euclidean distance” as given
in Eq. (27).

rs
> vy, — y3lI1?
o=1

RMSE = (27)

rs

(h) Symmetric Mean Absolute Percentage Error
(SMAPE) “is used to measure the predictive accuracy of
models” as shown in Eq. (28).

rs
— XX
SMAPE = — ¥’ 177 = x| (28)

rs & (yy| + [xx, D12

6.3 Performance Analysis on Baseline Algorithms

The performance measures of the implemented model
OS-COA algorithm are compared with different opti-
mization algorithms using the various statistical analysis
methods shown in Fig. 3. The mean value metrics of
the MAE obtained higher values than other existing
algorithms, thus the proposed OS-COA-AE algorithm is
53.33% higher than ROA-AE, 56.25% higher than JA-AE,
58.82% higher than SHO-AE, 56.25% higher than COA-
AE, 60% higher than HGS-AE and 51.72% higher than
AO-AE. The median value measures of the proposed
OS-COA-AE algorithm are 50.33% better than ROA-AE,
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Fig. 3: Analysis of ECG signal transmission over various heuristic algorithms in terms of (a) L1-Norm, (b) L2-Norm, (c)
L-infinity Norm, (d) MAE, (e) MASE, (f) MEP, (g) RMSE, (h) SMAPE, and (i) correlation coefficient.

50.98% better than JA-AE, 50% better than SHO-AE,
50.33% better than COA-AE, 57.14% better than HGS-
AE, and 49.32% better than AO-AE. The efficiency of the
implemented algorithm is robust. In each iteration, the
error rate is reduced, and therefore, the convergence rate
increases. The proposed model reduces the error rate and
gives a better performance than other algorithms.

6.4 Performance Analysis on Equalizers

The performance of the ECG signal transmission
is optimized by the proposed OS-COA-AE algorithm,
and compared with adaptive equalization (AE) and the
steepest gradient search method (SGSM) by varying the
statistical analysis given in Fig. 4. In considering the
L1—Norm, the mean value measures are 33% better
than for AE and 50% better than SGSM. At MEP, the
median value measures of the proposed OS-COA-AE
algorithm are enriched by 44% compared to AE and 46%
more superior than SGSM. The overall performance of

the implemented OS-COA-AE algorithm obtained more
promising results than AE and SGSM.

6.5 Performance Analysis on Convergence

The convergence analysis of the implemented OS-
COA algorithm with other heuristic algorithms is given
in Fig. 5. In the initial iteration, the cost function values
of the proposed OS-COA are 3% higher than COA-AE, 4%
higher than SHO-AE, 6% higher than ROA-AE, and 2%
higher than JA-AE. At iteration 20, the cost functions of
the proposed OS-COA-AE algorithm are 5% better than
ROA-AE, 1% better than JA-AE, 4% better than SHO-AE,
and 3% better than COA-AE. The cost functions of the
proposed algorithm are 1% better than ROA-AE, 1% better
than JA, 3% better than SHO-AE, and 5% better than
COA at the 97-th iteration. The ROA-AE and SHO-AE
algorithms remain stable in all iteration stages. The
maximum iterations are taken as 100, with the optimal
performance observed by OS-COA-AE. The proposed OS-
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Fig. 5: Convergence analysis of ECG signal transmission
showing a higher convergence rate than other heuristic
algorithms.

COA-AE algorithm obtained a better convergence rate
than other heuristic algorithms. Therefore, the mean of
error is reduced by adapting the OS-COA-AE algorithm.

6.6 Stimulation Results

The stimulated results for the ECG-transmitted signals
using the adaptive equalization technique are given in
Fig. 6. As can be observed, clear adaptive equalized
output is obtained for the transmitted ECG signals.
Initially, the input signal is taken from the standard
benchmark datasets. Furthermore, the input signal emits
noises from the ECG-transmitted signal. Finally, with
the help of the adaptive equalized techniques, noise
is removed from the signals and adaptive equalized
outcomes obtained. Hence, the findings reveal that
performance is enhanced in the suggested model.
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Fig. 6: Stimulation analysis of ECG-transmitted signals (a) sample signal 1, (b) sample signal 2, (c) sample signal 3, (d)
sample signal 4, and (e) sample signal 5.

6.7 Overall Performance Analysis algorithm and adaptive equalization technique. Here,

The overall performance of the proposed ECG signal the proposed OS-COA-AE algorithm is compared with
transmission model is established with the 0S-COA-AE ~ ROA-AE, JA-AE, SHO-AE, and COA-AE. The OS-COA-
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Table 2: Overall performance analysis of ECG signal
transmission compared with other heuristic algorithms.

Table 3: Time analysis computation of ECG signal trans-
mission compared with other optimization algorithms.

Algorithms | BEST | WORST | MEAN | MEDIAN|  STD Algorithms | ROA [29] | JA [32] | SHO [33] | COA [29] | OS-COA-AE
g 3

ROA-AE [29] | 0.93222 | 0.93222 [ 0.93222 | 0.93222 | 1.23 x 10%° Time (s) | 58817 | 9.7655 | 38084 | 77286 | 7.6332
JA-AE [32] | 0.92082 | 0.93217 | 0.92275 | 0.92185 | 0.002401

SHO-AE [33] | 0.93202 | 0.93202 | 0.93202 | 0.93202 |5.58 x 10716

COA-AE [29] | 0.92154 | 0.93232 | 0.92466 | 0.92378 0.00306816 free signals. In the future, this technique can be
HGS [36] 0.93011 | 0.93011 | 0.93011 | 0.93011 | 4.46 X 10 performed in real-time applications by adopting various
AO [34] 0.92029 | 0.93002 | 0.92332 | 0.92328 | 0.00256 equalization techniques. In the future, the recommended
OS-COA-AE |0.91098 | 0.9299 |0.91685 | 0.91533 | 0.00468 model will be expanded to include intelligent and hybrid

AE algorithm achieves better results as illustrated in
Table 2. The comparison of the OS-COA algorithm with
ROA-AE, JA-AE, SHO-OS-COA-AE, and COA-AE shows
promising results. The mean value measures of the
OS-COA-AE algorithm are 1.67% higher than ROA-AE,
2% higher than JA-AE, 1.65% higher than SHO-AE, 1%
higher than COA-AE, 1.74% higher than HGS-AE, and 4%
higher than AO-AE. Therefore, the proposed OS-COA-
AE algorithm obtains better results than other heuristic
algorithms when all measures are evaluated.

6.8 Time Analysis Computation

The time analysis computation for the proposed ECG
signal transmission model is evaluated with the OS-COA-
AE algorithm and optimization algorithms as shown
in Table 3. As can be observed, the proposed OS-
COA-AE model attains 87.02%, 21.83%, 79.95%, and
1.23% minimization compared to ROA, JA, SHO, and
COA, respectively. Hence, the proposed OS-COA-AE
algorithm is proven to provide better minimum results
than other heuristic algorithms.

7. CONCLUSION

In this work, the challenges of ECG signal transmis-
sion in wireless communication networks are considered.
ECG signal transmission has limitations such as noise
corruption, electrode movement, and so on. To overcome
these limitations and improve ECG signal transmission,
a new adaptive equalization technique using the OS-
COA algorithm is implemented. The ECG-transmitted
signals are corrupted with Gaussian noise. To obtain an
original transmitted signal from noise-corrupted signals,
the proposed model uses the adaptive equalization tech-
nique with the weight optimization strategy to enhance
performance. Finally, the performance of the adaptive
equalization technique is enhanced with the OS-COA
algorithm. The performance analysis of OS-COA-AE
algorithm with other heuristic algorithms shows that it
is 5% more superior than ROA-AE, 1% more superior
than JA-AE, 3% more superior than SHO-AE, and 5%
more superior than COA-AE in terms of mean value.
The performance of the proposed OS-COA-AE algorithm
with the adaptive equalization technique provides error-

techniques to address noise in the contract group.
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