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Abstract: The absence of P waves through electrocardiogram (ECG) tracing causes atrial fibrillation (AF) affecting
around 1% of the global population. In recent years, wearable and portable devices have made mobile healthcare
much closer to reality. The main purpose of this article is to develop an automatic AF detection system based on
short single lead ECG signals. Also, AF is one kind of arrhythmia that change the rhythms in the heart and have the
potential to alter the characteristics of morphology in ECG tracings. For feature extraction, heart rate variability
(HRV) and frequency analysis are adopted. The novel contribution of this work is to deploy a modified Moth Flame
Optimization algorithm for detecting AF in a short ECG recording. The obtained results were validated with the
available public data set comprised of short ECG recordings by genetic algorithm and modified moth flame
optimisation algorithm. For N versus A classification, accuracy varies from 94.2% to 97% under noise levels ranging
from 0 to 30 dB. For N versus A versus O, maximum accuracy of 84.3% is obtained. The obtained experimental
results suggest that HRV is efficient and robust for AF detection for relatively short ECG recording.

Keywords: Atrial fibrillation, ECG, Modified moth flame optimisation, Genetic algorithm.

1. Introduction

Atrial fibrillation (AF) disorder affects more
than 5% of people aged over 65 in the world. AF is
more in men compared to women. This AF is one
kind of arrhythmia that might lead to heart stroke
and even heart failure. Therefore, AF can be
controlled and managed only with a timely
diagnosis. The ion channel functions of
cardiomyocytes (Remodelling) are adopted as a
pathological condition for the patient's atrium after
persistent AF. Experienced cardiologists in the
clinical practice inspect manual tracing of ECG. The
disadvantage of manual tracing of ECG is time
consumption. Holter monitors acquire a long-term
recording of ECG; that is very hard to locate the
abnormal episodes by cardiologists. To overcome
this problem, the development is needed for a robust
as well as efficient decision-making system for
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automatic detection of atrial fibrillation (ADAF)
required. Almost all decision support systems use
inputs as ECG signals. These input signals were
translated into useful features using an algorithm,
and one final result is outputted for clinicians. Sahoo
et al. [1] reviewed non-episodic ECG using different
features of data analytics. In work [2], a new ECG
monitoring system is developed with the use of
portable self-designed low cost arduino sensor
device. Ferri, et al [3] developed a new method for
dry electrodes on textiles. The monitoring of health
has actively included wearable technology. They
make it possible to continuously monitor health
indicators, creating countless opportunities. The
development of algorithms for disease prediction,
prevention, and intervention can benefit from
wearable technology. Li, et al [4] utilized a flexible
electro-optic polymer modulator for improving an
ECG signal acquisition. Yao, et al [5] deployed an
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effective coating strategy based electron conjunction
for enhancing the stability and conductance. Chen,
et al [6] implemented a Feed Forward Neural
Network (FFNN) mechanism for developing an
automated atrial fibrillation detection system. Here,
the wavelet transform and sliding window based
filtering techniques are applied for preprocessing the
input ECG signals, which helps to reduce the level
of noise. Yildirim, et al [7] developed a new deep
learning approach for accurately detecting the
cardiac arrhythmia from the ECG signals. In paper
[8], a new classification approach, named as,
Asymmetric Domain Adaptation Neural Network
(ADANN) has been developed to improve the
performance of AF detection system. Here, a
Denoising Auto-Encoder (DAE) mechanism is
utilized to resolve the data shift problem. Jiang, et al
[9] used a multi-scale feature fusion model for
detecting an AF from the ECG signals. Marshili, et
al [10] formulated an optimized framework for the
detection of AF from ECG signals. The contribution
of this paper was to obtain an increased detection
accuracy, reduced memory wusage and time
consumption. Zhang, et al [11] introduced a spatial
temporal attention based convolutional recurrent
neural network mechanism for detecting multiclass
arrhythmia from the given ECG signals. In paper
[12], a standard Artificial Neural Network (ANN)
mechanism is employed to identify an AF with the
help of portable devices. Ganapathy, et al [13]
developed an automated AF detection system using
ECG signals, where the dynamic symbolic
assighment is also proposed to properly differentiate
the normal rhythm from the AF. Since quick
intervention in the effective detection of AF might
prevent serious effects brought on by a development
of the condition, machine learning has greatly
contributed to the development of real-time
monitoring of AF. The automatic classification of
AF has progressed significantly due to technological
innovations and artificial intelligence technology.
The feature extraction and classification are the two
components of the conventional ECG classification
system. In the existing works, various optimization
and classification methodologies are employed for
developing an automated ECG signal processing
system. Traditional models have several significant
problems due to advances in artificial intelligence.
Prior to combining machine learning algorithms for
classification, conventional algorithms should first
design feature extraction techniques to extract
valuable information. Information loss may occur as
a result of this process. The classification results
could appear to have greater faults when the
extracted features can't accurately reflect the data.
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Furthermore, it heavily depends on ample prior
expert knowledge and adequate medical diagnostics
processing abilities. On this premise, developing a
good optimization [14-18] and classification
technique is also essential, yet getting the best
outcomes is challenging.

Numerous studies have demonstrated that
adding optimization techniques [19-22] and machine
learning features to the classifier would enhance
system performance and produce more accurate
classification results. Although the aforementioned
research can successfully resolve the classification
issue for AF, we can see that different neural
networks can successfully extract complicated
nonlinear characteristics from the original data
without the need for human involvement. However,
it is still challenging to learn the reasoning process
behind the ECG signal features with the high
accuracy needed for monitoring. Based on the
survey, the following problems faced by the existing
works are studied, which includes high
misprediction, zero-frequency problem, overlapping,
does not suitable for large datasets, and higher
training time. Therefore the proposed work
motivates to develop a novel optimization and
classification models for an automated AF detection.
The major research objectives of this paper are as
follows:

e To attain an improved classification
accuracy, the different types of signal
features such as HRV based features, and
spectral features are extracted.

e To optimally choose the most relevant
parameters from the list of available features,
an enhanced moth flame optimization
algorithm is developed.

e To accurately identify and predict the AF
from the given ECG signals based on its
optimal features, the Support Vector
Machine (SVM) classification algorithm is
developed.

e To validate and test the performance of the
proposed system, an extensive simulation
and comparative analyses are carried out in
this paper.

The original contribution of this proposed work
is to develop a highly efficient and competent
methodology for detecting AF from the given ECG
signals. In this framework, the HRV based feature
extraction methodology has been utilized to analyze
the dynamic characteristics of the heart activities.
Since, the HRV model is highly robust in nature,
which also helps to obtain an increased detection
accuracy and confidence. Moreover, the moth flame
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optimization mechanism is used to optimally select
the features from the set of available features, which
increases the training rate and reduces the false
prediction rate of classification. Then, an enhanced
SVM model is applied to accurately detect the AF
by training the optimized set of features. When
compared to the other existing AF detection
methodologies, the proposed AAFD has the major
benefits of high detection accuracy, optimized
performance, reduced complexity, increased training
speed, and minimized time consumption.

2. Materials and methods

This research work aims to develop an efficient
and robust AAFD method of data processing that is
gathered from either wearable or portable devices
under high noise environments. The data collected
from those devices are generally vulnerable. It can
have anticipated that the recording signals are
available in smaller slices rather than a clean section
of long signal. Furthermore, portable devices cannot
attach to the patients and will not work similarly to
the wearable fashion. The recording length usually
depends on the patient's behaviour; therefore, it is
unmanageable to process data for the developers.
The morphological characteristics such as PR/ST
intervals and QRS complex length are
physiologically sound and clinically relevant but
these features were not preferred as they were not
suitable for the above-mentioned scenarios. R peak
in ECG signal is usually the dominant fiducial point
as it is the most unaffected feature compared with
all other features. If there is no identification of R
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peaks in any segment of ECG, then it is difficult for
the characteristics waves or other fiducial points to
provide useful information. R peak can be detected
with high accuracy and confidence for both low and
moderate noise levels. Therefore, we considered
HRV based features for dynamic characteristics of
heart activities due to their robustness under noisy
scenarios. The overall framework of the proposed
method is depicted in Fig. 1.

2.1 Data description

The required data for this work is taken from the
publicly available dataset which is released in 2017
by Computing in Cardiology Challenge (CinC). It
consists of short ECG recordings (total number of
8528 recordings) of lengths ranging from 9 seconds
to more than 1 minute that is measured with a single
lead. Clinical cardiologists label these recordings as
normal rhythm (N), atrial fibrillation (AF), other
arrhythmias (O) and noisy (~). Table 1 and figure 2
show the dataset distribution and sample recordings.
The classified dataset recording contains about 60%
as normal rhythm, 9% as episodes of AF, and 28%
as arrhythmias other than atrial fibrillation. The rest
of the 3% data has been identified as being too noisy.

2.2 Feature extraction
2.2.1. HRV based features

The first step used for the detection of R peak is
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Figure. 1 The proposed method overall framework
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Figure. 2 Sample recordings for all four classes

Table 1. Dataset distribution of the sample recordings

Type # Recordings | % portion
Normal Rhythm (N) 5076 59.52%
Atrial Fibrillation (AF) 758 8.89%
Other Arrhythmias (O) 2415 28.32%
Noisy (~) 279 3.27%
Total 8528 100%
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Figure. 3 HRV from ECG: (a) original signal (Top) (b)
Inter pulse intervals as an unevenly spaced signal
(Bottom)

to extract HRV based features. The average HR
(beats/min) is calculated as HR = 60 x 2L \Where

N is the number of R peaks, f is the samplmg signal
frequency in Hz, and L is the length of the recording.
N number of R peaks having N-1 intervals and the
sequence of RRI is in order: RRI=
[RR{,RR,,.....RRy_1] . Heart rate variability
(HRV) is the variation in heart rate from beat-to-
beat or the R-R interval duration, becoming a
popular clinical and investigational tool. The
frequency-domain in HRV relates to the energy
distribution and autonomous nervous system (ANS)
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activities. The power spectrum density (PSD) of
HRYV contains a power-law relationship that can be
obtained by plotting the logarithm of PSD against
the logarithm of the frequency. This PSD interprets
sympathetic-vagal balance. Fig. 3 despites the
original ECG signal and RRI sequence as a function
of time.

The normalised energy distribution for any given
signal s(t) on the time axis as (/. |s(t)|?dt = 1),
we have:

([ t21s@®)12dt). ([, F2I8(DI%df) < (1)

1672

Where $(f) is the Fourier transform of s(t). The
signals obtained from RRI sequences are
compactable in the time domain, but the energy
concentration signal is much poor in the
corresponding frequency domain.

For the above-mentioned reasons, the estimation
of the RRI sequences with high energy
concentrations is used, and the direct power
spectrum density is waived in this research work.
The advantage of these Poincare plots is
characterising the detailed dynamic information

conceded. The first-order difference of RRI is
denoted as dRR where dRR; = RRi:1 — RRi. For the
Hankel matrix (A) defined as [ai, a2, as, ......, an], is:
a; a, as an
a, as Qg a;
H = 2
Ap—1 4n aq ap—2
| an aq a, an_1 i
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The speciality of the Hankel matrix is each
ascending skew-diagonal from left to right is a
constant called Hermitian symmetry. Further, this
matrix is diagonalised by a unitary matrix U:

H=U=x*DU (3)

The diagonal matrix D consists of all the
eigenvalues of H that are arranged along its diagonal
line and * denotes the conjugate transpose. It was
observed that the spectral radius of square matrix H
is also central symmetry and the largest absolute
value of its eigenvectors constituting U bases in the
Fourier domain. Therefore, all the eigenvalues are
arranged in ascending order. The matrix U is a
permutation matrix which is a binary square matrix
that consists of one entry of 1 exactly in each row
and each column and elsewhere 0s. The rows and
columns present in U and U* were permuted
correspondingly. The feature map is symmetrical,
and the structural irregularities are characterised.
The matrix U contains a non-zero entry in the in

column is denoted as li,i € 1, 2, g the Hankel
distance (HankDist) is defined as

. 4 z ,
HankDist = ﬁzl[i]llli — i (4)

The feature maps that contain non-zero entries
are purely sinusoidal sequences that lie along the
diagonal and anti-diagonal lines. The obtained
matrix series of such Hankdist will be zero. For
irregularly scattered feature maps, the HankDist is
large. The HankDist is computed for both RRI and
dRR. The standard descriptors [5] in the Poincare
plot that contains SD1, SD; and SD,4¢io = SD1/SD,
are linear descriptor of the RRI sequence. For RRI
consecutive pairs like (RR:, RRj), are plotted
against RR;. The data points from the normal RRI in
the constructed Poincare plot lie along the straight-
line y = X, and these data points are used to form an
ellipse. The long axis (SD1) of the ellipse replicates
the long-term dispersion. In contrast, the short axis
(SD>) replicates the short-term distribution of the
fluctuation of RRI, so also the dynamics of heart
activity. To extract SD; and SD; the data points are
rotated 45° in the clockwise direction. Denote (X,
Y)" = (RR;, RRi+1)" where i =1, 2, ....., N-1 then:

-

The new data points were donated with (x’,y")T
whereas the variance along x' axes is computed as

s . T
CcoS — sin—
4 4

T

. T
—Sin— CoS—
4 4
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SD:, and SD? = 2.Var(RR) — SD?. The Poincare
plot is discovered as a nonlinear analysis tool, but
the descriptors (SDi, SD>) are a linear combination
of the basic statistics of the original RRI sequence.
The second-order statistics are applied to the
original RRI series to determine not being nonlinear.
However, the above descriptors were invariant,
implying the limited ability to reflect the order
structure in RRI. The area occupied by 3
consecutive RRI pairs is used for the calculation of
‘generation’ (after possible delay-embedding). The
area occupied by ((RRi, RRix1) — (RRi+1, RRi+2) —
(RRi+2; RR+3)) is denoted with A(i), we have:

RR;, RRy, 1
A() = |RRiy1 RRyyp 1 (6)
RRiy2 RRiy, 1

And CCM is the normalised area that is occupied:

1

CCM = —.
KmSD,.SD,

=140 (7)

Apart from RRI, the power spectrum distribution
(PSD) characteristics with frequency interpretation
of components are expectable [5]. But this PSD
from the difference of RRI sequences (6RR) shows
that it failed to provide significant variation w.r.t
white noise. But it is observed that 0RR is capable to
distinguish AF from normal rhythm.

2.2.2. Spectral feature

One main disadvantage of HRV based features
is that they only contain information on heart
activities in the sketch. ECG contains detailed
morphology. It is vulnerable to noise; therefore, it is
better not to characterise the characteristic waves
(CW) in the time domain, but the frequency domain
has a relatively stable structure. The estimation of
Welch PSD is simply a minor modification to the
periodogram method. The estimation of reduced
variance is obtained in Welch PSD compared to the
periodogram method with the expense of lowering
frequency resolution. Assume one uniform ECG
sample signal of total length N. This signal is
divided into M segments equally with each length L
with or without overlapping. The overlapping is
denoted with D; we have:

L+M-1)(L—-D)=N (8)
A windowed discrete fourier transform (DFT) is

calculated for each segment Xy(i), where i = 0, 1,
....., L-1, is as follows:
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Pe(n) = 7 23 Xi W (D)e 2,
k=12,..,M (9)
Where W(i) denotes the window function that
aims to reduce the frequency leakage. Finally, the

spectral estimation is scaled into [_71%] which is the

normalised average of all the M periodograms
above:

5 2
p(5) =2 o, LRIt g5k )

L) M W,

here Wj is the energy of the window function:
Wo = Xis W DI? (11)

The frequency resolution is thus reduced from%

L . . . .
to > However, the estimation's variance is reduced

by a factor of up to M. The order of magnitude of N
in our case is about 10° — 10% If M's order of
magnitude is about 10%, considering the sampling
frequency is 300 Hz (so the power spectrum will be
distributed in 0-150 Hz), we still have a resolution
level of about 1 frequency point/Hz.

2.2.3. Selection of features

This work uses maximum-relevance-min-
redundancy (MRMR) which is based on mutual
information. As the name indicates, this model can
maximise relevance while minimising the
redundancies between the features and the targets
(labels). The mutual information is used to estimate
the relevance and redundancy. The set of all the
original features and the set of the selected features
are denoted with Q and S respectively. The feature
selection is used to discover the optimal subset S of
cardinality m which is:

Objective Function = arg max I(S,,,t) (12)
sco

Where t as the targets (labels), | (., .) as the
mutual information estimation and |.| as the
cardinality operator. A straightforward selection
procedure that uses an exhaustive search is
considered an impractical choice to find out
combinatorial subset S. Also, the mutual
information is difficult to estimate for the high
dimensional variable.
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2.2.3.1. Feature selection with modified moth flame
optimisation algorithm

To avoid local optimisation and find the global
update, the moth flame optimisation algorithm is
further modified with a levy flight mechanism. Now,
this algorithm expands the search scope, and hence
this algorithm is named as modified moth flame
optimisation algorithm. The improved formula is:

S(M;, F;) = Dy.eP. cos(2mt) +L(d).F; (13)

Where M; and Fj are i moth and j* flame
respectively. Dj is the distance between the i moth
and j™ flame. The current iteration number is
denoted with t. The spiral flight of the moth updates
its position with the addition of the levy flight
mechanism, which expands the search range and
prevents the moth from falling into local
optimisation. The levy flight formula is as follows.

Levy(x) = 0.01 r161 (14)

[r2|®

Where r; and r, are the random numbers
between [0,1], ¢ is a constant 1.5, and the & formula
is as follows:

_ T(1+¢) sin(?) ®
°= (T(HTw)m("’T*)) =

The modified moth flame optimisation algorithm
is as follows:

Algorithm 1: Modified moth flame optimisation
code

1: Initialisation of the Moths

2:Forl=1:N

3: For j = 1:D then

4: MO;, j = random position between given
bounds;

5.  end

6: O = Fitness value

7:end

8:C=1

9: While MO;= | FO, - MO; | * e bt COS(ZT[t) + FOJ

10: If  C_iter <T_iter

11: MO; = Fitness value ( MO )

12:  Elseif C iter==1

13: FO = Quick Sort (MO)

14: Oro= Quick Sort (Omo)

15: Else

16: FO = Quick Sort (MO¢ , MOciter )
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17: Oro = QUiCk SOFt(MOCiteerfl , MOciter )
18: End

19: Update bandt

20: MO; = | FO; - MO;| * e bt cos (2rt) + FO,
21:  Update the number of flames

22: Nzwﬂ@—amw%j)

23: Citer = Citer +1

24: End

25: Exit

2.2.4. Feature optimisation

In this instigation, the fitness function used must
satisfy the simultaneous maximisation of relevance
(Rv) and minimisation of redundancy (Rp).
Therefore, the fitness function (F) was directly
proportional to Ry and inversely proportional to Rp.

= F < R, and Fo—
R

F = argmax(Ry — Rp) orR—V
D

SCn,|S|=m

(16)

Relevance Ry and redundancy Rp are defined as
follows:

Ry =15 Zies 1(0,0) (17)

1000
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Rp = 155 Zijes1(0)) (18)

2.2.5. Additional noise resistance test

The data set contains 279 recordings under noisy
class readings, around 3.27%, which is a relatively
smaller proportion that can be easily excluded. The
robustness of this model against noise is
investigated by introducing the different intensities
added artificially. Fig. 5 shows the original sample
recording and noise corrupted versions. The signal
to noise ratio (SNR) for the existing original noise
recordings does not have a reliable estimation, so
original signals are taken as clean signals. Then we
use all the energy from the original recordings to
compute Ps and white noise of power P, is added.
The SNR is:

SNR = 10.log > dB (19)

And the whole framework depicted in Fig. 1 will
be performed under each noise level.

The obtained feature values corresponding to all
the noise levels were trained. Genetic algorithm
(GA) and modified moth flame optimisation
algorithm (MMFOA) are used as classifiers. The test
data set is separately not available publicly.
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Figure. 5 NOISE TEST (a) SNR = o dB (original signal), (b) SNR =30 dB, (c) SNR =20 dB, and (d) SNR = 10 dB
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Therefore, the performance of classifiers was tested
using k-fold cross-validation (k = 10). Then 30% of
data of each subset (N, A, O) are reserved. Only
70% of data was involved in training and validation.
The performances on the remaining 30% of data are
reported to demonstrate the generalisation ability.
All the computations are performed on Matlab2021a
for 10 times, and averaged values are reported.

3. Results and discussions
3.1 Descriptive analysis

The pre-processing of each recording was
carried out to obtain the feature vector. The power
spectrum density and HRV based features were
estimated from 0 Hz to 80 Hz. A 41-dimension
feature vector was obtained after pre-processing. All
the top-ranked features under noise levels are almost
linear descriptors from the HRV analysis. At a high
noise level (SNR = 10dB), the signals were
disturbed, leading to slight variation in the different
rankings. The performance metrics decrease as the
noise level increases. The results obtained from the
top 10 features were compared with all features.

The top 10 features selected by MMF-MRMR
associated with each noise level are tabulated in
Table 2. Under different noise levels, it is observed
that the top-ranked features are linear and nonlinear
descriptors based on HRV analysis. When SNR = 10
dB, the noise might disturb the RRI and lead to a
different ranking. After selecting the top 10 features
with a model-free feature selection scheme, the
remaining low ranked features were eliminated. As

Table 2. Top 10 features selected by MMF-MRMR

Ran | SNR=cod | SNR=30d | SNR=20d | SNR
k B B B =10d
B
1 AFEv AFEv AFEv RRme
an
2 CCM SDratio CCM CCM
3 SDratio CCM SDratio SDrati
[o]
4' RRmean RRmean HAN KRR RRST
D
5 PSD4.s6-6.9 RRsTp RRmean PSDs,
9-9.2
6 RRstp HANKRgr PSD¢g-92 | PSDa.
3-4.6
8 PSD¢g-92 | PSDg2.115 | PSDi1s. | PSDe,
13.8 2-115
9 PSDg.,- PSD115- PSDi3s. PSD..
115 138 16.1 3-46
10 PSD115. | PSD23 46 PSDis1- | PSD:
138 18.4 1.5-13.8
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the noise level increases, the performance metrics
decrease slightly for almost all classification
problems. The results obtained with the artificial test
set were tabulated in table 4 for various noises,
features and classification. For this analysis, the
different types of existing techniques such as BT,
SVM, and GA-MRMR are compared with the
proposed model. These are all the standard meta-
heuristics  optimization  based  classification
mechanisms used for detecting AF from the ECG
signals. Moreover, these techniques have the major
problems of increased over-fitting, training
complexity, high time consumption, and slow
convergence. Therefore, the proposed AAFD
framework outperforms the other models with
increased performance values. Also, these results
were compared with different classifiers from the
literature [23]. It is observed that, under all noise
conditions, MMFOA is superior in terms of its
performance and can be widely adopted for
wearable devices.

3.2 Descriptive analysis

Sensitivity, Specificity, and Accuracy are well-
defined and reported for two-class classification

TP

problems. Sen = = (20)
TN
Spec = TN+FP (21)
Acc = — TN (22)
TP+TN+FP+FN

For two-class classification problems, the
maximum accuracy is obtained for N/A recordings
compared with both O/A and N/O recordings for the
MMF-MRMR classifier. It is observed that the N/A
recordings having the highest accuracies of 96.4%
and 97% for GA-MRMR and MMF-MRMR
respectively are obtained due to the sensitivity of
nonlinear descriptors to arrhythmias. The results of
this work are compared with BT and SVM [33]
classifiers and found the accuracy of MMF-MRMR
is more for all two-class classification problems than
for the other three classifiers. The accuracies
degrade with the increment in the SNR. For 10 dB
SNR, the accuracy obtained is 95.3% using all
features. For N/A top 10 features, the maximum and
minimum accuracies are 96.7% and 94.5%,
respectively. Also, it is observed that for O/A and
N/O classification problems, the accuracy is
dropped by about 5-9%. For the three-class
classification problem, we defined the A as a
positive class and N and O as negative classes and
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counterparts of Sen and Spec are defined as the the highest accuracy of 84.3% is achieved with high
quotient of true positive/negative examples and all specificities. The performance metrics of this class
positive/negative examples and reported. For N/O/A,

Table 3. Comparison of classifier and classification performances on the test set under different configurations for
different tasks

N/A O/A N/O N/O/A
SNR | FEATURE | CLASSIFIE | Acc | Sen | Spe | Acc | Sen | Spe | Acc | Sen | Spe | Acc | Sen | Spe
S R c c c c
BT 96. | 83. | 986 |89. |69. |953 |84 |68 |925 |81l |64 |981
All 6 2 0 3 7 1 8 6
codB SVM 95. | 74. | 985 |89. |67. | 959 |82 |62 |923 |79. |63. |982
3 3 1 5 7 5 7 2
GA-MRMR | 96. | 79. | 99.1 |92. |75 |981 |85 |68 |949 |82 |71 |993
4 7 0 3 2 3 8 6
MMF- 97. | 82. | 993 |92. |77. | 987 |86. |70. |954 |84. |73. |994
MRMR 0 0 8 0 5 4 3 4
BT 95. | 83. |97.7 |89. |76. | 938 |80. |63. |889 |78 |72 |96.7
Top 10 9 7 6 2 7 5 2 0
SVM 96. | 82. | 982 |89. |74 |944 |80 |61 |89.2 |78 |73 |973
2 6 7 6 3 6 2 0
GA-MRMR | 96. |85. |983|90. |77. |951 |81 |63 |913 |80. |75 |982
5 0 7 6 6 9 1 9
MMEF- 96. [86. [ 983 |91 |79. | 956 |82 |66. |916 |82 |78 |982
MRMR 7 5 6 9 8 2 6 2
BT 96. [83. | 986 |89 |70. |953 |84 |68 |925 |82 |69 |979
All 6 2 3 5 7 3 0 3
30d SVM 95. | 76. | 988 |90. |72, | 955 |82 |64. |91.2 |80. |68. |98.0
B 8 3 0 6 7 9 2 6
GA-MRMR | 96. | 78. |99.1 |91. |72. |97.8 |85 |67. |943 |82. |68 |988
4 4 4 1 0 4 5 4
MMEF- 96. |81. | 993 |92. |73. | 984 |86. |69. |951 |84 |72. |99.0
MRMR 9 3 2 0 1 1 4 1
BT 96. [83. | 983 |89. |76. |940 |80. |62. |894 |78 |72. |96.9
Top 10 3 3 8 3 6 2 5 8
SVM 96. | 83. | 983 |89. |75 |942 |80 |59. |89.7 |78. |73 |972
4 6 6 0 0 7 0 5
GA-MRMR | 96. |84. | 982 |90. |76. | 951 |81 |61 |90.3 |80. |75 |981
3 2 7 5 2 9 5 2
MMF- 96. |85 |983 |91 |78 |956 |82 |63 |906 |82 |77. |982
MRMR 6 8 5 6 0 9 7 3
BT 96. | 82. | 984 |89. |70. |959 |83 |66. |922 |8l |66. |98.1
All 3 2 7 4 8 3 1 0
20d SVM 95. | 74. | 984 |89. |69. | 957 |81l |64 |90.2 |79. |65 |981
B 3 |3 5 7 9 5 3 7
GA-MRMR | 96. | 76. | 989 |91. |70. |97.4 |84. |65 |933 |82 |68 |987
2 4 3 5 2 4 7 2
MMF- 96. |77. | 99.2 |91. |72, | 978 |85 |67. |94.1 |84 |69. |99.0
MRMR 4 4 9 4 1 1 3 7
BT 96. [84. | 980 |90. [74. | 949 |79. |60. | 889 |77. |72. |97.0
Top 10 2 0 1 9 8 6 5 7
SVM 95. |82, | 979 |88. |72, | 936 |78 |58 |881|76. |71 |96.9
9 4 6 5 7 9 4 0
GA-MRMR | 96. |83. | 982 |89. |74 |948 |80. |60. |89.9 |80. |72. |98.0
3 7 6 4 1 9 6 4
MMEF- 96. [84. | 983 |90. |76. | 953 |81l |62. |90.6 73. |98.0
MRMR 6 9 7 2 5 9 83. | 6
2

International Journal of Intelligent Engineering and Systems, Vol.16, No.1, 2023 DOI: 10.22266/ijies2023.0228.38




Received: September 8, 2022.

problem decrease slightly with the increase in the
noise levels under all classifier configurations. The
accuracy is comparable even after eliminating 80%
of the low-ranked features and considering only the
top 20% features. This validates our model-free
feature selection based on mutual information.
Considering only the top 10 features decreases the
computational effect and inference time in ECG.
Therefore, this algorithm can be anticipated for
adoption in wearable devices.

4. Conclusion

This proposed work's novel contribution is the
creation of a highly effective and qualified
methodology for detecting AF from the provided
ECG signals. The dynamic properties of the cardiac
activity have been analysed in this framework using
the HRV-based feature extraction methodology. The
HRV maodel's high level of robustness contributes to
improved detection confidence and accuracy.
Additionally, the moth flame optimization process is
utilised to choose the features from the collection of
accessible features in the best way possible, which
boosts training rates and lowers classification false
prediction rates. Then, using the refined collection
of characteristics, an improved SVM model is used
to precisely detect the AF. The proposed AAFD
algorithm detects AF even for short recordings of
ECG. The long-term ECG recording for diagnosis is
practically impossible as they experience various
noises and artifacts. The validation of this algorithm
is done on a publicly released dataset which
comprises short ECG recordings from portable
devices acquired under unstructured environments.
This algorithm gives superior accuracy and
specificity, making it compete with the prototype for
preliminary screening. This research work is well-
supported the effectiveness of the HRV based
nonlinear features used for AF detection with short
ECG recordings. Considering the existence of
arrhythmias other than AF, cascading classification
can be a direction of future work.
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