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ABSTRACT Medical expert systems are part of the portable and smart healthcare monitoring devices used
in day-to-day life. Arrhythmic beat classification is mainly used in electrocardiogram (ECG) abnormality
detection for identifying heart related problems. In this paper, ECG signal preprocessing and support vector
machine-based arrhythmic beat classification are performed to categorize into normal and abnormal subjects.
In ECG signal preprocessing, a delayed error normalized LMS adaptive filter is used to achieve high
speed and low latency design with less computational elements. Since the signal processing technique is
developed for remote healthcare systems, white noise removal is mainly focused. Discrete wavelet transform
is applied on the preprocessed signal for HRV feature extraction and machine learning techniques are used
for performing arrhythmic beat classification. In this paper, SVM classifier and other popular classifiers
have been used on noise removed feature extracted signal for beat classification. Results indicate that the
performance of SVM classifier is better than other machine learning-based classifiers.

INDEX TERMS Adaptive filter, arrhythmic beat classification, ECGpreprocessing, SVMclassifier, machine
learning.

I. INTRODUCTION
Heart related diseases and their diagnosis from electrocar-
diogram (ECG) has greater importance in medical appli-
cations. Each heartbeat in the cardiac cycle of the ECG
waveform describes the time evolution of the heart’s
electrical activity, which is made of diverse electrical
depolarization-repolarization. Any uncertainty of heart rate
or rhythm, or variation in the morphological pattern, is an
indication of an arrhythmia, which could be identified by the
analysis of recorded ECG waveform [1]. Two widely known
heart diseases reported in medical literature are myocardial
ischaemia and cardiac arrhythmias. Myocardial ischaemia
occurs due to the reduction in blood supply to myocardium
which alters the morphology of ECG signal [2]. Cardiac
arrhythmias indicate most of the cardiovascular problems
that may lead to chest pain, cardiac arrest or sudden car-
diac death [3]. Since arrhythmic beat classification provides

several important data about cardiac condition of human
beings, Electrocardiogram (ECG) based morphological
analysis has been used in the past for the assessment of
arrhythmias at the expense of more computational elements.
Keeping in view of the ECG signal based analysis, wide
spread attention has been paid over the years towards the
study of variations in the beat-to-beat timing of the heart,
referred to as heart rate variability (HRV) [4]. HRV is fea-
ture extracted from the ECG signal variations that is more
powerful in identification of cardiac disorders and associated
diseases [5].

The preprocessing of ECG signal is performed to remove
the base line wander, motion artifacts and other interruptions
of original recorded signal [6]. In telemedicine applications,
transmission of ECG signals over a wireless channel is often
affected by noises due to improper channel. The noises
are normally modeled as white Gaussian noise. In some
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applications, white Gaussian noise is considered as a general
frequency noise source and is added to the uncontaminated
ECG signals. Many filtering and noise removal techniques
have been adopted for the white noise removal [7]. A white
Gaussian noise removal technique using Wiener filtering
approach has been proposed in the literature. Wiener filter is
an optimal filter and is especially useful when the power spec-
trums of input signal and noise overlap and are not separable
by traditional low-pass filters. Adaptive filtering based noise
removal is applied in this work for the obtained ECG data.
Computational complexity is the major issue in adaptive fil-
tering technique and its applications. Research advancement
in very large scale integration (VLSI) technology leads to less
cost and minimum number of elements [8].

Existing ECG noise removal techniques based onWavelet,
EMD and RLS based adaptive filtering require more compu-
tations than LMS based adaptive filtering. Hence, it is pre-
ferred to have a white Gaussian noise removal by LMS based
adaptive filtering to reduce power consumption. However,
in LMS based adaptive filtering, a large step size is required
to achieve a better filtering performance. One of the primary
disadvantages of the adaptive LMS algorithm is having a
fixed step size parameter for every iteration which severely
affects the filtering performance [9]. To improve the filtering
performance, an LMS algorithm with normalized step size is
suggested in many research works. In this work, a delayed
error normalized LMS (DENLMS) adaptive filter is used for
ECG noise removal with less computational complexity.

ECG signal noise removal is followed by feature extrac-
tion. In this stage, R-peaks of the denoised ECG are extracted
using wavelet based methods for HRV analysis. Discrete
wavelet transform (DWT) is widely popular for many infor-
mation extraction techniques, but the mother wavelet selec-
tion is crucial in most of the feature extraction processes.
Since the all wavelets are produced from mother wavelet
through translation and scaling, mother wavelet needs to
be carefully selected [10]. In wavelet transform, successive
transformations are done on approximation coefficient to
obtain the original signal at the cost of negligible amount of
information. Wavelets and its performance are also decided
based on the number of coefficients and level of decompo-
sition. Coiflet wavelet is applied here for the HRV feature
extraction from the ECG signal. The Coiflets are formed
from Daubechies wavelet, but are more symmetric and has
near linear phase and its characteristics are much better
than Daubechies wavelet and Spline wavelet [11]. Discrete
wavelet transform based R-peak detection technique is cho-
sen in this paper to reduce the computational complexity.
R-peak detection techniques are mainly based on heart rate
function which is widely used to calculate the RR interval.
Dividing one minute by the instantaneous heart rate gives the
RR interval of the given ECG signal. Consecutive RR inter-
vals of the ECG signal are calculated from starting interval of
the heart rate function. Numerous wavelets have been utilized
for R-peak (QRS complex) detection in ECG signals [12].
Among the various forms of wavelets, Coiflet is selected

in this work as they give better results for QRS complex
detection in ECG signals [13].

Machine learning techniques evolve from artificial intel-
ligence concepts that can be used in computational tasks
where the conventional algorithms are infeasible. Artificial
neural networks are based on the biological neurons that
are used to model complex relationship between inputs and
outputs [14]. Rule base machine learning algorithms are
widely adopted is the medical applications to create a medical
expert system. K-Nearest-Neighbor (KNN) Rule is widely
recognized as a sample classification technique in many
applications [15], [16]. The Support Vector Machine (SVM)
is widely used for classification of feature extracted ECG data
compared to other machine learning techniques such as deci-
sion tree classifier, genetic algorithm and deep learning [17].

Frequency domain analysis of HRVprovides vital informa-
tion about cardiovascular control which is crucial in the iden-
tification of sympathetic and parasympathetic activities [18].
There are three important frequency regions in human HRV
signal. They are very low frequency (VLF) which is below
0.04 Hz, low frequency (LF) that varies between 0.04 and
0.15 Hz and high frequency (HF) that is from 0.15 to 0.5 Hz
is. While the LF spectrum is affected due to both sympathetic
and parasympathetic activities, HF spectrum is largely found
in parasympathetic activity [19]. The extracted frequency
domain features and computed features of HRV are classified
into normal and abnormal using SVM classifier.

In this work, ECG signal preprocessing is performed by
DENLMS adaptive filter and HRV features are extracted
using DWT. Arrhythmic beat classification is performed by
SVM classifier and the performance is compared with similar
classifiers. The paper is organized into five sections including
the introductory section. ECG signal preprocessing using
DENLMS algorithm is provided with convergence and sta-
bility analysis in section 2. DWT based feature extraction and
abnormality detection using KNN Classifier are described
in section 3. Section 4 discusses the obtained results and
section 5 concludes the proposed work.

II. ECG SIGNAL PREPROCESSING AND
FEATURE EXTRACTION
A. DENLMS ALGORITHM
The LMS algorithm is the most preferred choice in adaptive
filters due to its computational simplicity. In each iteration
of the standard LMS algorithm, the FIR filter coefficients are
modified based on the following weight update equation

w(n+ 1) = w(n)+ µx(n)e(n) (1)

where n,w(n) and w(n+1) indicate time step, old weight and
updated weight respectively. µ is the step size which is used
to control the stability and convergence performance of the
filter. x(n) indicates the filter input and e(n) is the error signal
that decides the weight update of filter coefficients.

The adaptive filter output y(n) is then calculated by updated
weight and input in equation (2) as

y(n) = wt (n)x(n) (2)
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FIGURE 1. Block diagram of proposed DENLMS algorithm.

where wt (n) represents the filter weights that are associated
with transposed matrix. The filter error output e(n) is written
based on the actual filter output and desired output

e(n) = d(n)− wt (n)x(n) (3)

In the modeling of adaptive LMS filter, the input ECG signal
x(n) is assumed to be corrupted with the additive noise v(n).
While MSE is minimized by applying adaptive algorithms,
filter produces the best least-squares estimate of the signal
x(n). The MSE is expressed by the equation

E[e2(n)] = E[(x(n)− y(n))2]+ E[v2(n)] (4)

Pipelining an adaptive filter is not a simple task because of
the presence of feedback structure. It is important to ensure
that the pipelined filter has to converge for the same number
of coefficients used for the filter without pipelining.

Hence the pipelining ideas of impulse invariant response
(IIR) filter can be used, because they have feedback structure.
The LMS algorithms are very much popular in many adaptive
filtering applications, because it requires 2N additions and
2N + 1 multiplications [20].
Three main stages of delayed LMS algorithm are: i) Cal-

culating updated weights ii) Finding the error signal iii) Esti-
mation of output signal. Weight update, error calculation and
output are given in equations (5), (6) and (7) respectively.

w(n+ 1) = w(n)+ µe(n− kD)x(n− kD) (5)

where µ is the step size.

e(n− kD) = d(n− kD)− y(n− kD) (6)

y(n− kD) = wT (n− kD)x(n− kD) (7)

Where kD indicates the number of delays used in the pipelin-
ing stage.

Figure 1 depicts the components of the proposedDENLMS
algorithm. The constant step size decides the filter conver-
gence rate and the steady-state behavior. The convergence
of delayed LMS algorithm is described in the Equation (8),
using filter order N , the pipelining stages k and the tap-input
power (PTI ) [21].

0 < µ <
2

(N − 2k − 2)(PTI )
(8)

The NLMS algorithm can be written using coefficient update
equation as

w(n+ 1) = w(n)+ µne(n)x(n) (9)

Where µn is the normalized step size. The normalized step
size can be expressed as

µn =

[
µ

p+ x t (n)x(n)

]
(10)

where parameter p is set to avoid the small denominator value
and big step size.

B. DWT BASED FEATURE EXTRACTION
In DWT based feature extraction, the R-peaks are detected
to determine the HRV signal features. Arrhythmic beat clas-
sification is performed to detect abnormalities in ECG signal
using SVMclassifier. R-peak detection techniques aremainly
based on heart rate function which is widely used to calculate
the RR interval. Dividing one minute by the instantaneous
heart rate gives the RR interval of the given ECG signal.
Consecutive RR intervals of the ECG signal are calculated
from starting interval of the heart rate function. Among
the Meyer, Biorthogonal, reverse Biorthogonal and Coiflet
wavelets, Coiflet is chosen to extract R-peaks. In practical
RR interval measurement system, correlation technique with
timing resolution ± 1 ms is used. The accurate RR interval
measurement can be obtained by high performance digi-
tal signal processor or customized processor. Considerable
amount of baseline trend in ECG signal is removed using the
adaptive filtering based preprocessing.

III. ARRHYTHMIC BEAT CLASSIFICATION FOR ECG
ABNORMALITY DETECTION
Time domain and frequency domain features can be derived
from the extracted HRV features. Figure 2 depicts the com-
ponents involved in the arrhythmic beat classification based
on preprocessing and HRV feature extraction. The proposed
ANFIS evaluation consists of i) Collection of raw electro-
cardiogram (ECG) signal from MIT-BIH database, ii) Pre-
processing of ECG signal using adaptive filter iii) R-peak
detection iv) Frequency domain feature extraction from HRV
signal v) SVM classification into normal and abnormal.

There are 14 well known time domain and frequency
domain HRV features. Time domain HRV parameters used
are RR mean (ms), RR Std (ms), HR mean (bpm), HR Std
(bpm), RMSSD (ms), NN50, pNN50, RR Triangular Index,
TINN (ms).In this work, six frequency domain features have
been utilized. They are VLF Power (ms2), LF Power (ms2),
HF Power (ms2), LF norm, HF norm and LF/HF Ratio [22].
The frequency domain parameters used for assessing the
stress are described in Table 1. The three frequency bands
used are VLF, LF, HF and a frequency ratio LF/HF. In addi-
tion to these parameters, LF norm and

HF norm are calculated in terms of normalized units.
SVM is a popular machine learning algorithm that is

widely deployed in pattern recognition, object identification,
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FIGURE 2. Steps involved in abnormality detection.

TABLE 1. Frequency-domain measurements used for HRV Analysis.

character recognition, image segmentation and classifica-
tion [17]. SVM classifier use complex features in the above
mentioned applications using clustering, classification and
ranking. The separation of values and grouping is performed
by the decision function between the two classes. The weight
and bias values are applied in classification problems to min-
imize the cost function. MIT-BIH data base has been chosen
for arrhythmic beat classification and abnormality detection.
The detected the R waves and RR intervals are used for HRV
frequency domain analysis. The frequency domain parame-
ters listed in Table 2 are calculated for the HRV extracted
preprocessed data for arrhythmic beat classification.

IV. RESULTS AND DISCUSSION
In order to detect the abnormality in ECG, preprocessing
stage is followed by R-peak detection and beat classification.
The simulation experiments are based on MIT-BIH arrhyth-
mia database ECG signal for performing the simulation study,
because of its wide acceptability. The real time recorded
data using National Instruments (NI) DAQ also utilized for
this study. The data base consists of 30-min excerpts of
two-channel ambulatory ECG recordings. The database ECG
signal is originally obtained by placing the electrodes on the

TABLE 2. Comparison of various classification techniques.

chest in the first channel V1that is the standard practice in
ECG recording. The recorded signal has been digitized at
540 Hz sampling rate with 11-bit resolution over a 10mV
range.

All the simulation experiments were conducted using
MATLAB R©v. 7.12. In the simulation scenario, we choose
µ for all the filters as 0.01 and the filter length as 21 for
reducing the simulation time. The number of iterations for
the experiment is 1500. NI LabVIEW based biomedical kit is
used for extracting frequency domain features such as low
frequency, high frequency, frequency ratio and normalized
frequency.

Filter convergence vary in accordance to step size, it con-
verges faster for high step size. MSE reduces in accordance
with the increase in SNR of noise. MSE of 19.5 dB has been
achieved for the iteration time110 in DENLMS algorithm
which is superior to NLMS, transform domain (TDLMS) and
delayed NLMS (DNLMS) algorithms. The filtering perfor-
mance of this algorithm is observed using five MIT-BIH data
base ECG signals. Figure 3 shows the extraction of clear ECG
from corrupted ECG data (record 104).

The preprocessed ECG is applied to R-peak detection stage
to determine the possible beats per minute. The human heart
rate values vary between 60 to 100 bpm. Coiflet wavelet is
used to detect the RR interval as well as possible R-peaks
and beat rate obtained is 72. The wavelet coefficients are
calculated and plotted for real time recorded signals andMIT-
BIH database in figure 4.

Based on the Table 1, the frequency domain parameters
such as VLF (ms2), LF (ms2), HF (ms2), frequency ratio
LF/HF, LF norm and HF norm are noted for all the feature
extracted ECG data, depicted in Figure 5. National instru-
ments (NI) biomedical kit has been utilized for the computa-
tion of frequency domain values. These values are averaged
to analyze the risk using arrhythmic beat classification.
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FIGURE 3. Original and denoised ECG signals using modified ENLMS
algorithm.

FIGURE 4. Wavelet coefficients from RR interval for (a) MIT-BIH sample
(b) Smoker.

In SVM classification, frequency domain features have
been computed from the total of 200 HRV data. Different
weighting values are applied over the costing function for
better classification results. Threshold values are fixed for
the frequency domain features VLF (ms2), LF (ms2), HF
(ms2), frequency ratio LF/HF, LF norm and HF norm while
categorizing into normal and abnormal subjects.180 training
data (90%) with signal length of 60 seconds have been used

FIGURE 5. Obtained frequency domain features using NI biomedical kit.

to train the SVM classifier. After training, 20 testing data
(10%) were used to validate the accuracy of the classifier. The
classification accuracy is calculated using correctly classified
signals from the total number of signals considered for clas-
sification.

In the SVM classification based abnormality detection
method, extracted R peaks are considered after performing
ECG signal preprocessing. Few existing techniques are time-
consuming and require complex computations. In addition,
morphological ECG features are not feasible while dealing
with noisy data. Various techniques is compared in Table 2 to
categorize the arrhythmic risk abnormal and normal sub-
jects. Some of the exiting classification techniques chosen
which are based on principal component analysis (PCA),
knowledge based system and support vector machine (SVM).
In these techniques, ECG, blood volume, HRV parameters
were used. The maximum classification accuracy of 96% has
been achieved using these techniques. But the experimental
result of SVM based classifier gives a maximum accuracy
of 96% on classifying normal and arrhythmic risk abnormal
subjects.

V. CONCLUSION
The obtained results of the preprocessing, feature extraction
and classification are used to conclude the proposed tech-
nique. In ECG signal preprocessing, DENLMS algorithm
based adaptive filter is utilized to obtain better filtering
performance with low computational complexity. In R-peak
detection, Coiflet wavelet is used to extract all the possible
R-peaks and provides the more accurate beat rate. The
obtained beat rate and HRV Frequency domain features
are applied to SVM classifier for arrhythmic beat clas-
sification which is simpler than other machine learning
approaches. Various classification techniques based on PCA,
ANN, knowledge based system, KNN and SVM are used
using parameters such as ECG and HRV. The maximum
classification accuracy of 94.2% has been achieved using
these techniques. But the experimental result of SVM based
classifier gives a maximum accuracy of 96 % on classifying
normal and arrhythmic risk abnormal subjects.

VOLUME 6, 2018 9771



C. Venkatesan et al.: ECG Signal Preprocessing and SVM Classifier-Based Abnormality Detection

REFERENCES
[1] A. Gacek and W. Pedrycz, ECG Signal Processing, Classification and

Interpretation A Comprehensive Framework of Computational Intelli-
gence. London, U.K.: Springer, 2012.

[2] R. M. Cubbon et al., ‘‘Diabetes mellitus is associated with adverse prog-
nosis in chronic heart failure of ischaemic and non-ischaemic aetiology,’’
Diabetes Vascular Disease Res., vol. 10, no. 4, pp. 330–336, 2013.

[3] R. G. Afkhami, G. Azarnia, and M. A. Tinati, ‘‘Cardiac arrhythmia classi-
fication using statistical and mixture modeling features of ECG signals,’’
Pattern Recognit. Lett., vol. 70, pp. 45–51, Jan. 2016.

[4] R. Sassi et al., ‘‘Advances in heart rate variability signal analysis: joint
position statement by the E-cardiology ESC working group and the euro-
pean heart rhythm association co-endorsed by the asia pacific heart rhythm
society,’’ Europace, vol. 17, no. 9, pp. 1341–1353, 2015.

[5] V. N. Hegde, R. Deekshit, and P. S. Satyanarayana, ‘‘A review on ECG
signal processing and HRV analysis,’’ J. Med. Imag. Health Informat.,
vol. 3, no. 2, pp. 270–279, Jan. 2013.

[6] H. M. Rai, A. Trivedi, and S. Shukla, ‘‘ECG signal processing for abnor-
malities detection using multi-resolution wavelet transform and Artificial
Neural Network classifier,’’ Measurement, vol. 46, no. 9, pp. 3238–3246,
2013.

[7] S. Poungponsri and X.-H. Yu, ‘‘An adaptive filtering approach for electro-
cardiogram (ECG) signal noise reduction using neural networks,’’ Neuro-
computing, vol. 117, pp. 206–213, Oct. 2013.

[8] P. K. Meher and S. Y. Park, ‘‘Area-delay-power efficient fixed-point LMS
adaptive filter with low adaptation-delay,’’ IEEE Trans. Very Large Scale
Integr. (VLSI) Syst., vol. 22, no. 2, pp. 362–371, Feb. 2014.

[9] M. Z. U. Rahman, R. A. Shaik, and D. V. R. K. Reddy, ‘‘Efficient and
simplified adaptive noise cancelers for ECG sensor based remote health
monitoring,’’ IEEE Sensors J., vol. 12, no. 3, pp. 566–573, Mar. 2012.

[10] C. Stolojescu, I. Railean, S. Moga, and A. Isar, ‘‘Comparison of wavelet
families with application toWiMAX traffic forecasting,’’ in Proc. 12th Int.
Conf. Optim. Electr. Electron. Equip., 2010, pp. 932–937.

[11] A. Hashim, C. Y. Ooi, R. Bakhteri, and Y. W. Hau, ‘‘Comparative study
of electrocardiogram QRS complex detection algorithm on Field Pro-
grammable Gate Array platform,’’ in Proc. IEEE Conf. Biomed. Eng. Sci.
(IECBES), Dec. 2014, pp. 241–246.

[12] M. J. Rooijakkers, C. Rabotti, S. G. Oei, andM.Mischi, ‘‘Low-complexity
R-peak detection for ambulatory fetal monitoring,’’Physiol. Meas., vol. 33,
no. 7, pp. 1135–1150, 2012.

[13] M. Elgendi, M. Jonkman, and F. de Boer, ‘‘R wave detection using Coiflets
wavelets,’’ in Proc. IEEE 35th Annu. Northeast Bioeng. Conf., Apr. 2009,
pp. 1–2.

[14] A. Harkat, R. Benzid, and L. Saidi, ‘‘Features extraction and classification
of ECG beats using CWT combined to RBF neural network optimized by
cuckoo search via levy flight,’’ in Proc. 4th Int. Conf. Electr. Eng. (ICEE),
2015, pp. 1–4.

[15] I. Saini, D. Singh, and A. Khosla, ‘‘QRS detection using K-nearest neigh-
bor algorithm (KNN) and evaluation on standard ECG databases,’’ J. Adv.
Res., vol. 4, no. 4, pp. 331–344, 2013.

[16] R. Saini, N. Bindal, and P. Bansal, ‘‘Classification of heart diseases from
ECG signals using wavelet transform and kNN classifier,’’ in Proc. Int.
Conf. Comput., Commun. Auto., 2015, pp. 1208–1215.

[17] C.-C. Wang and C.-D. Chang, ‘‘SVD and SVM based approach for con-
gestive heart failure detection from ECG signal,’’ in Proc. 40th Int. Conf.
Comput. Ind. Eng., 2010, pp. 1–5.

[18] M. P. Tarvainen, J.-P. Niskanen, J. A. Lipponen, P. O. Ranta-Aho, and
P. A. Karjalainen, ‘‘Kubios HRV—Heart rate variability analysis soft-
ware,’’ Comput. Methods Programs Biomed., vol. 113, no. 1, pp. 210–220,
2014.

[19] M. Chawla, ‘‘PCA and ICA processing methods for removal of artifacts
and noise in electrocardiograms: A survey and comparison,’’ Appl. Soft
Comput., vol. 11, no. 2, pp. 2216–2226, 2011.

[20] K. K. Parhi and D. G. Messerschmitt, ‘‘Pipeline interleaving and paral-
lelism in recursive digital filters. I. Pipelining using scattered look-ahead
and decomposition,’’ IEEE Trans. Acoust., Speech Signal Process., vol. 37,
no. 7, pp. 1099–1117, Jul. 1989.

[21] L.-K. Ting, R. Woods, and C. F. N. Cowan, ‘‘Virtex FPGA implementation
of a pipelined adaptive LMS predictor for electronic support measures
receivers,’’ IEEE Trans. Very Large Scale Integr. (VLSI) Syst., vol. 13, no. 1,
pp. 86–95, Jan. 2005.

[22] D. Petković, Z̆ Cojbašic, and S. Lukić, ‘‘Adaptive neuro fuzzy selection of
heart rate variability parameters affected by autonomic nervous system,’’
Expert Syst. Appl., vol. 40, no. 11, pp. 4490–4495, 2013.

[23] Y. H. Hu, S. Palreddy, andW. J. Tompkins, ‘‘A patient-adaptable ECG beat
classifier using a mixture of experts approach,’’ IEEE Trans. Biomed. Eng.,
vol. 44, no. 9, pp. 891–900, Sep. 1997.

[24] M. Tsipouras, D. I. Fotiadis, and D. Sideris, ‘‘An arrhythmia classification
system based on the RR-interval signal,’’ Artif. Intell. Med., vol. 33, no. 3,
pp. 237–250, 2005.

[25] S. Osowski, L. T. Hoai, and T. Markiewicz, ‘‘Support vector machine-
based expert system for reliable heartbeat recognition,’’ IEEE Trans.
Biomed. Eng., vol. 51, no. 4, pp. 582–589, Apr. 2004.

[26] S.-L. Chen, T.-L. Lin, M.-C. Tuan, and T.-K. Chi, ‘‘VLSI architecture
of lossless ECG compression design based on fuzzy decision and opti-
misation method for wearable devices,’’ Electron. Lett., vol. 51, no. 18,
pp. 1409–1411, Mar. 2015.

[27] V. Krishnaiah, G. Narsimha, and N. S. Chandra, ‘‘Heart disease prediction
system using data mining technique by fuzzy K-NN approach,’’ in Proc.
49th Annu. Convention Comput. Soc. India (CSI) Adv. Intell. Syst. Comput.
Emerg. (ICT), vol. 1. 2015, pp. 371–384.

[28] G. R. Naik and K. A. Reddy, ‘‘Comparative analysis of ECG classification
using neuro-fuzzy algorithm and multimodal decision learning algorithm:
ECG classification algorithm,’’ in Proc. 3rd Int. Conf. Soft Comput. Mach.
Intell. (ISCMI), 2016, pp. 138–142.

C. VENKATESAN received the B.E. degree in
electrical and electronics from Anna University,
Chennai, and the M.E. degree (Hons.) in applied
electronics from the Government College of Tech-
nology, Coimbatore. He is currently pursuing the
Ph.D. degree in information and communication
engineering with Anna University. He has an expe-
rience over 10 years in various academic posi-
tions. He has published several reputed research
papers in refereed national and international jour-

nals. His research interests include VLSI signal processing, bio-medical
signal processing, low power VLSI, and artificial intelligence-based health-
care applications. He is a recognized reviewer in many journals, such as
Springer, Elsevier, Inderscience, and so on. He is also a Life Member of
ISTE (MISTE), a member of the International Association of Engineers
(MIAENG), and a member of the International Association of Computer
Sciences and Information Technology (MIACSIT).

P. KARTHIGAIKUMAR (M’17) received the B.E.
degree in electrical and electronics engineering
and the M.E. degree (Hons.) in applied electronics
from Bharathiar University, India, in 1999 and
2002, respectively, and the Ph.D. degree in infor-
mation and communication engineering from
Anna University, India, in 2011, focusing on
FPGA and ASIC implementation of media secu-
rity processor. He joined Karunya University,
Coimbatore, India, in 2000, for 13 years. He is

currently a Professor and the Head of Electronics and Communication
Engineering with the Karpagam College of Engineering, Coimbatore. He
has published over 60 papers in journals and conferences. He applied for
two Indian patents and is published in Indian Patent Journal. His research
interests include FPGA implementation of media security algorithm and
signal processing algorithm. He received the IETE K S Krishnan Award for
the best system oriented research paper in 2010. He is a SeniorMember of the
Association of Computer Electronics and Electrical Engineers, a member of
the International Association of Engineers (MIAENG), and a member of the
International Association of Computer Sciences and Information Technology
(MIACSIT). He is a reviewer for different reputed journals, such as Elsevier,
Wiley, Inderscience, and so on, and he has been the Guest Editor for few
special issues in Hindawi, Elsevier, Inderscience, and Springer.

9772 VOLUME 6, 2018



C. Venkatesan et al.: ECG Signal Preprocessing and SVM Classifier-Based Abnormality Detection

ANAND PAUL received the Ph.D. degree in elec-
trical engineering fromNational Cheng Kung Uni-
versity, Taiwan, in 2010. He is currently with
the School of Computer Science and Engineer-
ing, Kyungpook National University, South Korea,
as an Associate Professor. His research interests
include algorithm and architecture reconfigurable
embedded computing. He is a delegate represent-
ing South Korea for M2M focus group and for
MPEG 2004–2010 he has been awarded Outstand-

ing International Student Scholarship, and in 2009 he won the Best Paper
Award at the National Computer Symposium, Taipei, Taiwan. He serves
as a reviewer for the IEEE Transactions on Circuits and Systems for
Video Technology, the IEEE Transactions on System, Man and Cybernetics,
the IEEE Sensors, ACMTransactions on Embedded Computing Systems, IET
Image Processing, IET Signal Processing, and IET Circuits and Systems. He
gave invited talk at the International Symposium on Embedded Technology
Workshop in 2012. He will be the Track Chair for smart human computer
interaction in ACM SAC 2014. He is also an MPEG Delegate representing
South Korea.

S. SATHEESKUMARAN received the B.E. degree
in electronics and communication engineering
from the University of Madras, the M.E. degree
in VLSI design from the Government College of
Technology, Coimbatore, and the Ph.D. degree in
information and communication engineering from
Anna University, Chennai. He has a teaching expe-
rience over 15 years in various academic posi-
tions. He has published several research papers
in refereed journals. His research interests include

adaptive filtering, VLSI signal processing, low power VLSI, biomedical
signal processing, and artificial intelligence-based healthcare applications.
He is a recognized reviewer for Elsevier journals and guest editor for many
journals.

R. KUMAR received the B.Tech. degree in
electronics and communication engineering from
Madras University, Chennai, India, in 1991,
the M.Tech. degree in instrumentation engineering
from Anna University, Chennai, in 1994, and the
Ph.D. degree in embedded systems and control
engineering from the National Institute of Tech-
nology, Tiruchirappalli, in 2007. He is currently a
Professor in electronics and instrumentation engi-
neering and the Dean Academic of the National

Institute of Technology Nagaland, India. He has 34 publications in inter-
national journals and conferences. His areas of interests include MEMS,
sensors and actuators, wireless sensor networks, Internet of Things, and
embedded systems design.

VOLUME 6, 2018 9773


	INTRODUCTION
	ECG SIGNAL PREPROCESSING AND FEATURE EXTRACTION
	DENLMS ALGORITHM
	DWT BASED FEATURE EXTRACTION

	ARRHYTHMIC BEAT CLASSIFICATION FOR ECG ABNORMALITY DETECTION
	RESULTS AND DISCUSSION
	CONCLUSION
	REFERENCES
	Biographies
	C. VENKATESAN
	P. KARTHIGAIKUMAR
	ANAND PAUL
	S. SATHEESKUMARAN
	R. KUMAR


