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Abstract: The specificity and sensitivity of arrhythmia detection from electrocardiograms is a crucial objective in detecting pervasive
computing methods. The noise is pervasive to electrocardiograms, which is since the electrocardiogram signals often transmit through
distributed computing environments such as the medical internet of things (medical 10T). The noisy electrocardiograms are ubiquitous to
false alarming in these distributed and pervasive computing-aided methods. The detection of noise scope in electrocardiograms is the
primary objective in machine learning-based arrhythmia detection methods addressed in this manuscript. The proposed method classifies
the given electrocardiograms are noisy or not. Concerning this, the method uses the electrocardiograms’ temporal and spectral features.
The proposed method’s performance has been assessed using multifold cross-validation and scaled by comparing it with the
contemporary contribution give better specifications as specificity 93.9% sensitivity 95.3%, and accuracy 94.4%.

Keywords: Electro Cardiogram (ECG), Baseline Wandering (BA), powerline interference (PLI), Weiner Filter (WF), Fourier-transform

(FT).
1 Introduction

ECG is the commonly used cardiology test for assessing
heart performance, wherein the electrical readings
provide significant inputs [1]. The electrodes’ key
function is detecting small electrical changes resulting
from the facets of repolarization, depolarization wherein
the electrophysiological pattern for the heart muscles is
assessed at each level of the heartbeat conditions [1].
Many distinct observations result in outcomes from the
tests. For instance, there is potential scope for measuring
heart rate consistency, size, and placement of the heart
function conditions. Even the evaluations about the
performance of any implanted devices like pacemakers
or other such regulating medical devices, too, can be
assessed. The graph movements indicate the heart’s
function during the period wherein the medical devices
are used to detect the heart rates by placing the device
nodes over the skin’s outer surfaces and the electrodes
that are being observed.
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ECG (Electro Cardiogram) is the device used for
garnering data as ECG signals constitute certain
indicators as the common readings from the system,
technically defined as

e Intervention Basic
e Interference feed line

Information garnered from the readings of ECG devices’
can be very effective for measuring the abnormalities
about the heart rhythms [2], [3], and more categorically
in assessing the fundamental readings to guide any
significant and detailed tests to be carried out [4]. As
discussed in [5], the ECGs can be very resourceful for
detecting damage to specific portions based on the
myocardium resulting from myocardial infractions [5].
The other important aspect is digitally collecting
information and the ECG data, which shall be
resourceful for handling the ECG signal analysis
automatically [6]. Routine electrical line readings and the
baseline drift [7] are the two distinct factors that signify
the real condition of the readings from a patient record
for whom the ECG records are tested. The interference
power line results from streams due to the inaccuracies
like the improper placement of the electrodes,
unhygienic electrodes, or any loose contact over the
machinery.

The interference power line is usually 50 Hz. The basal
movement results in the flexible impedance resulting
from electrode skin for the patient’s response [8], [9].
Those two critical factors play a vital role in the clinical
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monitoring and ECG signal masks for patients’
diagnoses. Despite the scope of applying a filter is
feasible for reducing the noise power (stopband notch
filter), it still does not suffice the requirement in handling
the scale or frequency characteristics of the noise.
Considering the constraints, the optimal signal focus on
non-stationary processes remains the choice for handling
noise reduction. Conventional models were only
successful to an extent. Certain models like the adaptive
filtering procedures have been considered for canceling
the non-static interference. The process wherein the
noise ratio in the signals is eliminated or mitigated to the
optimal extent is the Filtration [10], [11]. The other
significant aspects of the filtering process are smoothing
and prediction. Numerous approaches were proposed for
addressing enhancements to the process using ECG
adaptive and other novel range of techniques used for
filtering [12]. The adaptive filtering process is generally
based on the cardinal model essential for managing
signals that do not require any statistical characteristics
of the signal.

One of the ECG process constraints is frequent
interruption due to distinct noises and other such
disturbances. Earlier works have classified the
interruptions  [13], [14], [15] as BA (Baseline
Wandering), PLI (powerline interference), and MA
(Muscle Artifacts). Certain factors like the subject
movements of the respiratory activities lead to BA,
wherein it manifests in slow wandering baselines
resulting from facets like the body movements, which
could be random.ECGs constituting the impact of MAs
has a critical issue of muscular contraction artifacts. PLIs
lead by electrical power leakage or any other such
inappropriate equipment handling conditions has a
significant impact in terms of ECG amplitudes and
indistinct kind set of isoelectric baseline conditions. It is
imperative to address such conditions of noises leading
to disturbances, as the ECG signal analysis interpretation
might lead to misled or inaccurate insights for diagnosis.

Section 1 of this paper discusses the introduction of
electrocardiogram and several other models. Section 2
explores the related work on electrocardiograms for
noise detection. A variety of literature materials have
been reviewed and showcased. Section 3 is where the
methods and materials are located. In Section 4, an
empiric examination is presented. This section
juxtaposes the performance of both the proposed and
contemporary models through various metrics. Section 5
concludes before the references are listed.

Table 1: Description of the formulas and acronyms

BW Baseline Wandering

PLI Powerline Interference

WF Weiner Filter

FT Fourier-Transform

ASMF Adaptive Switching Mean Filter

EMD Empirical Mode Decomposition

NLM Non-Local Mean

ENDQE Electrocardiogram Noise
Detection and Quality Estimation

ICU Intensive Care Units

MCC Max-Coefficient-Correlation

MFCC Mel-Frequency-Cepstral-

Coefficients

Vv Vb Vectors

a’

Aggregation

Ag(v,), Ag(v,)

Cumulative Ratios

CR,, CR,

e Element

pr Previous Element in Reiteration
AD The Absolute Distance

pr Threshold Probability

WCs Weak Classifiers

D Distribution

h:X—> {_1, +1} Hypothesis

Pand N Positive and Negative
tf, Temporal-Feature

SF Spectral Feature

nG N-grams

r Record

Medical loT Medical Internet of Things

ECG Electro Cardiogram

2  Methods and Materials

The methods and associated materials used in the
proposed model have been explored in this section. The
methods used to fulfill the objectives of the learning
phase, such as the method of selecting features and
optimizing those features to reduce the process
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complexity. The classifier trained by the corresponding
optimal features and classifies the noise from the given
electrocardiogram input is detailed in the following

subsections. Figure 1 represents the ENDQE block
diagram.

4 v

Test)

l

Features Kolmogorov-Smirnov test (KS

Electrocardiogram Noise
Detection and quality
estimation

i

J

Temporal Features that are
simple in extraction &
possess physical
understanding

The KS-Test is to evaluate the
distributions of 2 vectors are
similar or divergent

Further, it constructs two
matrices tfMp, tfMn
representing the temporal
features of

_ 1

attained by converting

l Initially, the procedure setsP, N
i estimates the aggregate values
Spectral features have of vectors 1

electrocardiograms listed in

signal based on time into

Similarly, other two
matrices sfMp, sfMn

the domain of frequency
by utilizing Fourier-

Then predicts cumulative-
ratio of every entry of vectors

representing the spectral
features of

cumulative ratios

transform electrocardiograms listed in
1 sets P, N
Then find absolute distance of 1

corresponding to values

Further, the proposed model
identifies the optimal

|

temporal features

Later find d-stat that will be a
maximum value

|

Perform KS-test on two sets

threshold

Identify d-critic from KS-
Table aimed at specified
degree of probability

pc, nc, to identify their
distribution similarity

l

A similar version of the

l

process should apply on
spectral features

the same

If d-stat represented is more
than presented d-critic, then
the distribution of 2 vectors is

Fig 1: Block diagram representation of ENDQE

2.1 Features

The temporal features of the electrocardiogram signal
feature such as energy, zero-rate of crossing shall be
considered to explore the signal’s physical structure. The
spectral-related feature can be obtained by morphing the

signal of the time domain to the frequency domain. This
phase of converting a signal from the time domain to the
frequency domain can be done using Fourier
transformation [17]. Further, the frequency domain’s
resultant signal shall be used as input to derive spectral
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features such as frequency and its components, density,
flux, roll-off, and the centroid of the corresponding
spectrum. However, concerning the electrocardiograms,
random variables to analyse noise spectrum evince
complexity compared to electrocardiogram signals. A
random spectrum with no information shall be
considered to determine the spectral features from the
signals’ static noise [18]. The static noise does not have
any special or unexpected occurrences. Hence, a
significant variance can appear between static noise
signals and signals of electrocardiograms. The Fourier
transformation decomposes the electrocardiogram signal,
which results in the spectral structure, diversified
frequencies, and magnitudes. The prediction of noise is
more robust if temporal features such as MCC (Max-
coefficient-correlation), energy, index, and zero or null
crossing rate (NCR or ZCR) are considered along with

spectral-domain features GTCC (Gammatone-cepstral-
coefficients) and MFCC (Mel-Frequency-Cepstral-
Coefficients).

2.2 Kolmogorov-Smirnov test (KS Test)

The KS test statistics reveal the gap between a
cumulative and experimental sample distribution. Equal
or diversified sizes of two experimental distribution
samples can result in reported differences.
A distance metric commonly known as KS-test or
Kolmogorov-Smirnov test is used to show the
distribution diversity state of the two datasets.
Furthermore, this metric doesn't necessitate any data
distribution details. As a de facto requirement, other
distance metrics need this to estimate distribution
diversity. The application process for the KS-test
algorithmic approach is explained below:

ks _test (Vl, V2) Begin //The input arguments Y, V}, are two vectors.

Primarily, the process predicts the aggregation Ag (Va), Ag (Vb) of vectorsV,, V in respective order. Further, cumulative

ratios are depicted in specified vectors V,, V}, as corresponding sets CRVa ) CRVb .

/I Finding the cumulative ratio for each vector’s entryV,,V, has been

or =0 predicted.
Iv;l .
v{eiﬂei evj}begm

i=1

the representation €; indicates every element of a vector V i

the representation Pl indicates the accumulative ratio of the previous element

€. N .
pr=———+pr in reiteration
Ag(v;) A
representation AJ(V: ) indicates an aggregate of values represented in the V; ,
CR, « pr j j
end the setCRvj incorporates cumulative ratios of overall elements that existed in

Vi

Later identify the absolute cumulative ratios distance resulting in values, which are existed at an identical index of vectors

V,,V, as stated below:

max(|CR© HeRyD [ c.(v,), € (v, )3
i1 ¢(v,)eCR, Ac(v,) eCR,

/I for each i index, values existed in

CR,. CR,

ADy oo ¢ 0S(c(V,)-G,(1,)) // represents the absolute distance of cumulative ratios AD presented in sets”
CRVa ) CR\,b at the index and preserves in a set ADCFeva ©CR, -

R, OR,

End

Identify d-stat, which would be the highest value that is existed in AD

The d-critic aimed at KS-table has been identified for provided for the degree  Ag(v,), Ag(v,) of

CR,, ©CR,
threshold
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probability P

If the d-stat depicted is greater than the d-critic presented, return 0//2 vectors are not distinct.

Else return 1 //two vector are distinct
End
2.3  The classifier

A group learning model known as Adaboost is mainly
trained to enhance the efficacy of a binary classifier. In
addition, Adaboost makes use of an iterative process to
understand from subordinate classifiers' mistakes and
transform them into influential errors. According to [20],
the Adaboost classifier has created a reinforcing
algorithm that adapts. The design of this classifier
includes integration of branched Boolean classifiers, or
weak classifiers (WCs). The data specified is partitioned
into either false or true conditions by each weak
classifier. False positives and negatives shall be
distributed among the remaining WCs as part of
negative. The negotiation by the entire WC to complete
the challenge continues by repeating this action. The full
integration of results obtained from these weak
classifiers shall reflect in the ranking procedure’s final
result [21]. This article uses WC to represent the optimal
characteristics that are consistent from the discrete class
to the binary classification.

The classification procedure is iterative. For each
iteration of the weak classifier, the central part, which
failed to classify exactly, shall repeat the next classifier,
which is often called the reinforcement. Here the Week
Classifier, which is used for each iteration, shall be
referred to by the rating weight. With the completion of
iterative  WC calls, WC-scored records shall be
completely streamlined. Regarding the predicted method,
Adaboost uses each WC, indicating a specific n-gram
number to rank the accuracy. Besides, the WC
classification results would streamline discovering the
polarity of specific records against the proposed method
[22]. For each feature class, a WC and the like would be
involved, each class of the appropriate features would
learn concerning both the noisy and qualified
electrocardiograms. The mathematical model of the
Adaboost classification is described the following. Eq 1.

Given: (X, ¥y )seeeens(Xps Y ) Where X, € X,
y, € {-1+1} €
Initialize: Dl(i) =1/mfori=1,...m
Fort=1...T
e Train weak learners using distribution D,

e Getweak hypothesis h, : X — {—1,+1}

o Aim:select h, with low weighted error
gt:PriDt [ht(xi)iyi] (2)

e Choose ¢, :% In(l_g‘]
8,[

e Update, for i =1,....,m

D, (i)exp(~a.yih (%))
Z

Dt+1(i) = 3)

t
Where Z,is a normalization factor (chosen so that D, ,

will be a distribution)

Output the final hypothesis:
T
H(x) =Sign[2atht(x)) (4)
t=1

2.4 Electrocardiogram Noise Detection and
Quality Estimation

Two groups P,N must be created for the set of

electrocardiograms given. The two groups of recordings
P are recognized as positive and N negative based on
whether they represent a valid ECG or a noisy one,
respectively. In their respective order, two tables
representing  the  temporal  characteristics  of
electrocardiograms are constructed by the proposed

model as groups P, N . The other two tables sfMp, sfMn

display the electrocardiograms’ spectral characteristics
listed in groups, as well. The optimal time traits are
recognized as follows in Equation. 5:

lt:@lpl{ pc;,nc,3pc; € tfMp A nc; e tftMn}
®)

/I Iterates until all the columns of both tables are
processed, considering the column pc, from the table
tfMp and the column nc, from the tabletfMn as inputs
to KS-test

The function kS—test(pc;,NC;) invokes the vectors

PC,NCias input parameters, which predicts the
diversity between these two vectors. If diversity is found
between these vectors, then the temporal-featuretf;
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representing these vectors shall be considered
optimal[24]. If not (no diversity found), then the feature

tf, is suboptimal. Hence discard the corresponding

vectors pc;, nc; from the respective sets ttMp, tfVin .

After completion of the iterations in equation 5, the
tables tftMp, tftMn retain values for optimal features. A
similar version of the process shall apply to the spectral
feature tables sfMp,sfMn, which results in the optimal

optimal n-gram features for both the labels, as explored
in the following section.

2.5  Discovering n-gram features

By inputting the features corresponding to the columns
in resultant setstfMp,tfMn sfMp, sfMn one can obtain
all possible unique subsets. The n-gram features are

represented in subsequent descriptions through these
subsets. Discovering n-grams of changing sizes is

spectral features[25]. The different phase discovers the

n—gram _ features(alL)
Begin

nGr «aL

thG < nGr
while([tnG| > 0) Begin

[tnG|

v {ng,3ng; etnG}
Begin

[tnG|

Xl{ngjﬂngj etnG i = j}
Begin
ng <—{ngiUngj}

if (ng ¢ nGr)
End
End

if (|nGr| >[tnG|) Begin
tnG\tnG

tnG < nGr
End

elseif ([nGr|5tnG)

End

explored through a mathematical model in the
subsequent explanation.

The setal is the default set of 1-grams. Hence, the attributes listed in the setal shall
move to the set nG of n-grams

The settnG is the clone of the set nGr

While the set tnG is not empty

For each n-gram ng; of the settnG

For each n-gram ng of the settnG that does not equal to the n-gram ng;

New n-gram ng , which is the union of two n-grams ng;, ng that denotes

nGr <« nglf n-gram ng does not exist in the set nGr of n-grams, add n-gram ng to the set NGr

[tnG|

/1 of the loop vl{ngjﬂngj etnG Ai# j}
\

[tnG|

/1 of the loop yl{ngiﬂngi etnG}
If the size| nGr | of the set nGr is greater than the size|tnG |

Empty the settnG

Add all the n-grams of the set NGr to the empty settnG

of the condition if (|nGr| > |tnG|)

tnlf hetlsthe sets nGr,tnG having the same size, empty the set tnG

/1 of the loop while([tnG| > 0)

The resultant set NGr contains all possible subsets of attributes (column labels) of the set aL . The further phase of the
proposed method discovers the n-gram feature values and their confidence towards both setstD, ,tD_as follows

|InGr|

v {ng,3ng, e nGr} Begin

/1 for each n-gram ng; feature of the set nGr
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o, |

v {rjﬂrj € tD+} Begin

j=1

fv(ng,) < {v(ng,)v(ng,) =, AV(ng;) & fv(ng,)}

End

[tD_|

v {r;3r, etD_} Begin

j=1

fv(ng,) < {v(ng,)v(ng,) =1, AV(ng;) & fv(ng,)}

End

End

/l'is an empty set that contains unique n-grams of feature
values of the n-gram featureng,, both positive and

negative labels

/1 for each record r, of the set tD,

valuesv(ng;) that are a subset of recordr; of the positive
label and do not exist in the set fv(ng;) of the n-gram

feature ng;
o, |
/I of the loop J.Yl{rjﬂrj etD+}

/I for each recordr, of the set tD_of records labeled as
negative

valuesv(ng;) that are a subset of recordr, of the negative
label and do not exist in the set fv(ng;) of the n-gram

feature ng;

[tD_|

Il of the loop v {r;3r; <D |

nGr|

|
/1 of the loop v {ng,3ng, e nGr}

#Finding the positive and negative confidence of each n-gram feature values#

[nGr|

v {ng,3ng, e nGr} Begin

I1v(ng,)
v {v;3v; e fu(ng,)}

=1

1 ‘tD+‘

pc, HM[Z{EVJ. c rk)}J

k=1

o]

1
‘“ﬁ(Z

k=1

——

By, c rk)}J

End

End

/I for each n-gram ng, feature of the set nGr

Each n-gram feature value v, of the n-gram feature ng,

Move positive confidence of n-gram feature value v,

Move negative confidence of n-gram feature value v,

|fv(ng;)|

/I of the loop _Vl {vlavj € fv(ngi)}
j=

InGr|
/1 of the loop v {ng,3ng, e nGr}

The resultant n-gram features of both temporal and
spectral formats shall be used to train the classifier that
classifies the given electrocardiogram is noisy or not.

3  Experimental Study

The experimental research was conducted to highlight
the importance of ENDQE, the proposed method.
Performing cross-validation of the proposed method
ENDQE and the contemporary model 'Denoising of

Electrocardiogram (ECG) Signal by Using Empirical
Mode Decomposition (EMD) with Non-local Mean
(NLM) Technique (EMD+NLM)' [16] was done using
the benchmark dataset MIT-BIH [23]. Both methods
have compared and scaled the performance of the
proposed model, ENDQE, using the resultant cross-
validation metric values. The number of records in the
adopted corpus of electrocardiograms is 14423. This set
includes both qualified (7802) as well as noisy (6621)
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electrocardiograms. Tenfold cross-validation has been
performed on the dataset having both qualified and noisy
electrocardiograms. Concerning tenfold cross-validation,
the dataset of both labels was partitioned to 10 equal
shares. On each fold of the cross-validation, one share of

the dataset has been used for testing, and the rest nine
shares have been used for training.

3.1  The Performance Analysis

The cross-validation metric values have compared and
analyzed the performance Table 2

Table 2: values obtained for cross-validation metrics from ENDQE and EMD+NLM methods

FOLD ID# 1 2 3 4 5 6 7 8 9 10
PRECISION

ENDQE 0.9062 | 0.8743 | 0.8812 | 0.8853 | 0.9023 0.884 | 0.8756 0.886 | 0.8827 | 0.8868

EMD+NLM 0.8406 | 0.8364 | 0.8676 | 0.8508 | 0.8553 | 0.8792 | 0.8839 | 0.8729 | 0.8612 | 0.8679
SENSITIVITY

ENDQE 0.9405 | 0.9535 | 0.9599 | 0.9503 | 0.9474 | 0.9579 | 0.9563 | 0.9567 | 0.9553 | 0.9544

EMD+NLM 0.9194 | 0.9376 | 0.9159 0.928 | 09472 | 0.9338 | 0.9271 | 0.9239 | 0.9306 | 0.9263
SPECIFICITY

ENDQE 0.9522 | 0.9321 | 0.9358 | 0.9395 | 0.9495 | 0.9381 | 0.9332 | 0.9391 | 0.9373 | 0.9398

EMD+NLM 0.9137 | 0.9092 | 0.9307 | 0.9199 0.921 | 0.9365 | 0.9398 | 0.9338 | 0.9258 | 0.9304
ACCURACY

ENDQE 0.9483 | 0.9394 | 0.9441 | 0.9428 | 0.9487 | 0.9445 | 0.9407 | 0.9449 | 0.9432 | 0.9445

EMD+NLM 0.9157 | 0.9186 | 0.9258 | 0.9225 | 0.9297 | 0.9356 | 0.9356 | 0.9305 | 0.9275| 0.9292
F-MEASURE

ENDQE 0.9286 | 0.9023 | 0.9077 | 0.9116 | 0.9253 | 0.9102 | 0.9035 | 0.9118 | 0.9092 | 0.9125

EMD+NLM 0.8756 | 0.8713 0.898 0.884 | 0.8869 | 0.9069 0.911 | 0.9023 | 0.8923 | 0.8981

MATHEWS CORRELATION COEFFICIENT

ENDQE 0.8847 | 0.8681 | 0.8783 | 0.8743 | 0.8862 | 0.8788 0.871 | 0.8795 | 0.8759 | 0.8783

EMD+NLM 0.8158 | 0.8248 | 0.8354 | 0.8306 | 0.8479 | 0.8576 | 0.8568 | 0.8461 0.841 | 0.8439

The results obtained for cross-validation metrics report 0.861580.014976502  (86.5%), ENDQE and

the performance significance of the proposed method EMD+NLM, respectively. Figure 2 showcases the

ENDQE over the contemporary method EMD+NLM.
Metric level details have been explored in the following
description.The value gained from those trained through
cross-validation on both methods is known as the
precision metric: 0.88640.0098 (89%) and

precision details observed in each fold of the cross-
validation. In terms of metric precision, the significance
of ENDQE is reported with minimal deviation compared
to the contemporary model EMD+NLM.
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0.88
c
2
5 0.86 -
@ B ENDQE
(-8
0.84 - = EMD+NLM
0.82 -
0.8 -
1 2 3 4 5 6 7 8 9 10
FOLD ID
Fig 2: The positive predictive values observed from cross-validation
The True Negative Rate that refers to specificity Figure 3. The values obtained for metric specificity
observed for both ENDQE and EMD+NLM methods are report the significance of the ENDQE with minimal
0.9397 + 0.0061 (94%, and 0.9261+ 0.0095 (93%) from deviation compared to the contemporary model
tenfold cross-validation. The specificity observed from EMD+NLM.
each fold of the cross-validation has been briefed in
Specificity
0.96
0.95 -+
0.94 -~
> 0.93 -
=
S
£092 -
g m ENDQE
(%2} 4
0.91 B EMD+NLM
09 -+
0.89
0.88 -
1 2 3 4 5 6
FOLD ID
Fig 3: The True Negative Rate obtained from cross-validation
The true positive rate also refers to sensitivity observed the fold level sensitivity have been figured in Figure 4.
from cross-validation performed on both methods The values obtained for metric sensitivity reporting the
ENDQE, EMD+NLM are 0.9532+ 0.00546 (95%), and significance of the ENDQE with better performance
0.9290 + 0.0086 (93%) in respective order. The details of when compared to the contemporary model EMD+NLM.
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m ENDQE
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Fig 4: the sensitivity observed from tenfold cross-validation

B

The cross-validation metric “prediction accuracy’
denotes the ratio of correctly labeled records against the
total number of records. The overall prediction accuracy
observed for ENDQE and EMD+NLM is 0.9441+
0.0028 (95%) and 0.92707 + 0.0063 (93%). The detailed

statistics of accuracy obtained from tenfold cross-
validation have been explored in Figure 5. The values
obtained for metric Accuracy reporting the significance
of the ENDQE with better performance while compared
to the contemporary model EMD+NLM.

Accuracy

0.96

0.95

0.94 -
0.93 -

Accuracy

0.92 -
0.91 -
0.9 -

0.89 -
1 2 3 4 5

FOLD ID

m ENDQE
® EMD+NLM

Fig 5: Accuracy obtained from tenfold cross-validation
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Fig 6: The f-measure observations from tenfold cross-validation

The cross-validation metric “F-measure” has been
measured over the proposed and contemporary models
among ten folds, as shown in figure 6. The average f-
measure depicted for ENDQE and EMD+NLM are 0.91
+0.008 (91%) and 0.8926 + 0.012 (89%) in respective

order. The detailed statistics of F-measure obtained from
tenfold cross-validation have been explored in Figure 6.
The values obtained for metric f-measure exhibit the
significance of the ENDQE with better performance
while compared to the contemporary model EMD+NLM.
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Fig 7: The Mathews Correlation Coefficient (MCC) observed from the tenfold cross-validation

The cross-validation metric MCC has been measured
over the proposed and contemporary models among ten
folds, as shown in Figure 7. The MCC observed for
ENDQE and EMD+NLM are 0.8780.005 (89%) and
0.840.013 (84%) in the respective order. The detailed
statistics of MCC obtained from tenfold cross-validation
have been explored in Figure 7. The values obtained for

metric MCC exhibits the significance of the ENDQE
with better performance while compared to the
contemporary model EMD+NLM.

4 Conclusion

This paper proposes a novel approach that classifies the
given input electrocardiograms as qualified or noisy,
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which reduces the false alarm in machine learning-based
arrhythmia detection. The noise localization has been
optimized through the classification process that learns
from the optimal temporal and spectral features selected
by a KS-Test distribution diversity measure. The
classification process has been done by using the
Adaboost technique trained by the selected optimal
features. The accuracy in discriminating the qualified
and noisy electrocardiograms is considerably significant
from the proposed method. The contemporary measure
called “empirical mode decomposition with the non-local
mean for denoising the electrocardiogram signals” has
been used to scale the proposed method’s performance.
However, the work is limited to identifying the noise
scope in electrocardiograms. Future research shall intend
to remove noise from electrocardiograms using soft-
computing measures. The other future research
dimension shall use wavelet parameters to identify the
weak noise signals from the electrocardiograms.
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