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Abstract—Automated Electrocardiogram (ECG)-based ar-
rhythmia detection methods replace traditional, manual arrhyth-
mia detection reducing the requirement for trained medical staff.
Traditionally, ECG-based arrhythmia detection is performed via
QRS complex detection followed by feature extraction, based
on hand-crafted features, such as RR-intervals, Fast Fourier
Transform-based features, wavelet analysis, higher order statis-
tics and Hermite features. After the features are extracted, the
ECG segments are classified into pre-defined categories. This
study investigates the value of the feature extraction and selection
methods for ECG-based arrhythmia detection. That is, with the
emerging trend of deep learning methods which are capable of
automatic feature extraction and selection, the research question
addressed in this paper is if good classification performance can
be obtained by feeding the raw ECG sequence directly into
robust classifiers or handcrafted feature extraction/selection is
necessary. Classification performance across a range of state-of-
the-art classification methods indicates that feeding raw signals
into the convolution neural network-based classifiers usually leads
to the best performance but at the expense of high inference time.

Index Terms—arrhythmia classification, feature selection, se-
quence labeling, RF, CNN, RNN.

I. INTRODUCTION

Electrocardiogram (ECG) signal analysis is the most effec-
tive diagnostic tools to detect cardiac diseases [1]. Numerous
methods have been proposed in the literature that replace tradi-
tional, manual arrhythmia detection with automated processes
that do not require trained medical staff, and hence can be per-
formed remotely, at home. Automated ECG-based arrhythmia
detection methods start with QRS complex detection, to split
the ECG trace into non-overlapping segments, by identifying
Q-, P- and R-wave, that normally appear together and reflect
a single ECG trace event. Then, within each segment, feature
construction and extraction is performed [2]. The most pop-
ular, hand-crafted, features used in the literature include RR-
intervals ([3]), that is, the time elapsed between two successive
R-waves, Fast Fourier Transform (FFT) based features ([4]),
wavelet analysis ([5]), higher order statistics ([6]) and Hermite
features ([7]). After the features are extracted, the ECG
segments are classified into pre-defined categories, e.g., normal
beats, ventricular arrhythmia, supraventricular arrhythmia, etc.,
using traditional signal classification approaches, such as sup-

port vector machines, random decision forests, Hidden Markov
models, etc.

Note that the above methods rely on features traditionally
used for manual arrhythmia detection, such as the RR-interval,
or traditional approaches developed for time-series signal
processing analysis, such as FFT and wavelet analysis.

The recent development of deep learning has revolutionised
the field of machine learning (ML) based on vast amount of
data available to train the models. Deep learning approaches
can potentially replace handcrafted feature extraction via an
automated, deep feature extraction process relying on the
network to recognise and extract the discriminative patterns.

The goal of this paper is to compare the performance of
traditional feature extraction and selection methods prior to
classification, versus classifying ECG signals by feeding raw
signals into deep learning classifiers relying on the machine
to select the most appropriate features for the task. We
use two popular ‘traditional’ classifiers, based on support
vector machines (SVM) and random decision forests (RF),
and three different deep learning architectures. We assess the
performance of the classifiers when six different ‘traditional’
feature maps are compared to the case when we directly feed
raw ECG signals into the classifiers. Besides classification
accuracy measures, we use inference time to assess practicality
of the classification solutions.

Our methodology gives insights into ECG signal analysis,
importance of feature selection and extraction for ECG signal
analysis, relevance of different features, provides steps towards
interpretability and explainability of the results, and the way
machine processes these time-series signals.

Our simulation results indicate that feeding raw signals
into the convolution neural network (CNN)-based classifiers
usually leads to the best performance compared to using expert
knowledge to design handcrafted features, but at the expense
of high inference time.

The paper is organised as follows. First we describe the
setup used for evaluation of the sensitivity of feature selection
and extraction in classical sequence labeling machine learning
approaches and deep learning based approaches with regard
to the classification performance and computational efficiency.
Then, we provide our results and discussion. The final section
concludes the paper.
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Fig. 1: Many-to-One Architecture: One label is assigned to each ECG window. A frame refers to two samples, one from each
channel. ML Model ! refers to SVM, RE, MLP, or CNN classifier. ML Model 2 refers to Bidirectional GRU classifier. The
time unit of time-series feature vectors that are feed into ML Model > depends on the feature extraction algorithms, i.e., time

resolution in wavelet transform.

II. BACKGROUND AND EVALUATION SETUP

Sequence labeling or sequence classification assigns cate-
gorical/classification labels to a sequence of data points based
either on a set of previous timestamped observations or based
on a specific time segment of the signal. Sequence labelling
is a pattern recognition task that in general can be: (1) one-to-
one: predict an individual label in a sequence using a previous
observation. (2) one-to-many: predict a sequence of (multiple)
labels by retaining states from labels’ previous outputs and
observations as inputs for the next one. (3) many-to-one:
predict a data label for a set of observations from multiple
previous observations. (4) many-to-many: assign labels to each
member of a subsequence given observations over a period of
time. The arrhythmia detection sequence labelling falls into
the many-to-one category as we classify each segment of ECG
signals into one beat class after QRS complex detection [2].

In the literature, two types of approaches are commonly
investigated: (1) Model-based labeling based on a probabilistic
model that finds the best matched label via statistical inference.
The most commonly used model sequence labeling relies on
Markov assumption, that is, the target label is dependent
only on the immediately adjacent labels/observations, such
as Hidden Markov Model (HMM) and Conditional Random
Fields (CRF). (2) Feature-based Labeling, which is a classical
classification mapping problem that relates the input obser-
vations (features) to a categorical label, using well-known

classifiers, such as support vector machines, random decision
forest, deep neural networks comprising multi-layer perceptron
(MLP), convolutional neural networks and recurrent neural
networks (RNN).

Regardless of the classifier used, feature selection is needed
to facilitate dimensionality reduction, by selecting the most
important features, removing the irrelevant features to make
interpretation easier and enable training a simple model with
less time, and finally, reducing the risk of over-fitting and
hence improving the generalization trading-off the bias and
variance. The task of feature selection is to select a subset of
the original features to maximise performance based on set
criteria, such as, QRS complex detection rate [2] performed
to detect the relevant ECG segments of interest.

Feature extraction is usually used to extract the most dis-
criminatory information, transforming the original constructed
features into an optimal set of new features. It improves the
final predictive performance and is conducted either before
applying a machine learning algorithm or within the algorithm
during feature engineering, such as linear and nonlinear fea-
tures used in [3], [4], [6], [8], [9].

For time-series features, sliding window is usually used
to represent the sequential pattern [10]. In the many-to-one
architecture model, the sliding window method reconstructs
the input as a window of observations around a reference
frame (R peak frame, extracted by QRS detection) as shown in
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Fig. 1 for the case with two ECG channels. The length of the
window controls the dimensionality of the input observations,
thus directly affecting the performance. Since ECG signals
are regular time-series signals of more-or-less fixed duration,
we apply a fixed window length and evaluate its resulting
predictive performance.

To evaluate the sensitivity of the feature engineering ap-
proaches for ECG arrhythmia classification using different
sequence labeling classifiers, we select the widely-used open-
access MIT-BIH Arrhythmia Dataset [11] to analyse the
sensitivity of different state-of-the-art features using classi-
cal sequence labeling approaches and deep learning based
approaches. The dataset contains ECG recordings from two
channels sampled at rate of 360 samples/sec/channel. We
separate the whole dataset into training, validation, testing sets
with proportions 0.5, 0.15, 0.35, respectively. We select a fixed
window length of 180 frames around the extracted segment.
The simulation setup is listed in Table I. All evaluations are
done in a server with an Intel i7-7800 3.5GHz CPU and
a NVIDIA Titan Xp GPU. For each evaluated method, 30
experiments are done to calculate the mean classification error
rate and inference speed using different random seeds.

TABLE I: Simulation Setup. N, V, Q, S, F refer to the
normal, ventricular ectopic, supraventricular ectopic, fusion,
and unknown beats, respectively. The feature map parameters
used are all as in the referenced literature. The right column
in the last six rows shows the number of real attributes for
each feature selection method.

Configuration Description
Raw Feature 2 ECG Channels x 180 (Frames) per
Detected QRS Segment
Data Scale 126 Records (613 Strides) with 73854
Segments
Data Distribution| Train: 44179, Valid: 13242, Test: 31002
. N: 74683, V: 6605, Q: 3880,
Class Distribution S: 2469, F: 786
RR-Intervals
(RRD) [3] !
Fast Fourier
Transform (FFT) 35 x 2
Feature Map [4]
(Real Attributes Wavelet 23 x 2
per Segment) Wavelet with
Uniform Local
Binary Pattern 59 x 2
(WaveletULBP)
[5]
Higher order
statistics (HOS) 4 x5x%x2
[6]
Hermite [7] 22 x 2

A. Classifier Setup

We evaluate the sensitivity of different feature selection
methods listed in Table I via Bidirectional GRU (Bi-GRU),

SVM, RF, MLP, CNN classifiers. Note that, in the paper,
we denote by “MLP” a deep learning based classifier that
only uses fully connected layers, and does not use standard
convolutional layers and bidirectional GRUSs.

For the RF-based classifier, we employ 30 decision trees
with depth of 20. The deep learning architectures used in this
research are shown in Figs. 2-4 for Bi-GRU, MLP, CNN
classifiers, respectively, with respect to the dimensions of
input observations. The hyper-parameters used for the MLP
classifier are listed in Table II.

Forward Forward
GRU, GRU,
10 20 droj fe
Input ]‘ 0.;3’ 5C — Output
GRU, GRU,
10 20
Backward Backward

Fig. 2: Deep learning architecture for bidirectional GRU based
classifier. ‘GRU’ refers to the gated recurrent unit (GRU) based
recurrent neural network layer with parameters of hidden state
size. ‘drop’ refers to the dropout layer with keeping ratio. ‘fc’
means the fully connected layer with number of neurons.

drop
Input —p| fe —> fe > out, =» fe fe —> Output
1 2 0.5 3 5

Fig. 3: Deep learning architecture for the MLP classifier. The
number of neurons Vi,V3,V3 in fully-connected (fc) layers
vary dependent on the dimension of the input data (see details
in Table II).

TABLE II: Hyper-parameters used in the MLP classifier: The
number of neurons v1,V,V3 in fully-connected (fc) layers.

Dimensions of Observation | U Vo V3
<8 16 32 None

>8 and <16 32 64 32

>16 and <32 64 128 32

>32 and <64 128 | 256 64

>64 and <128 256 | 512 64
>128 512 | 1024 128
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Fig. 4: Deep learning architecture for the CNN-based classifier.
‘conv’ refers to the 1D convolutional layer with parameters of
kernel size, filter number and constant one stride size. ‘BN’
refers to the batch normalization layer. Hyper-parameters of
different layers vary dependent on the dimensions of the input
observation.

III. RESULTS AND DISCUSSION

In this section, we first compare the predictive performance
of different classifiers using the state-of-the-art feature selec-
tion/extraction methods. We discard the RRI, FFT, Waveke-
tULBP, HOS, Hermite features for Bidirectional GRU, since
they are designed to explore the relations across multiple
frames in the sequence.

We show the classification error rates and F-measure for

TABLE III: Classification Error Rate (%) for each of five
classes (N, S, V, F, and Q. * refers to deep learning based
feature extraction approach. Bold numbers show the best
performance for each classifier.

Arrhythmia Classes
Method | Feature Map N S v F Q TAvg
. * Raw 0.6 |256] 5.6 |252] 0.5 | 11.5
BI-GRU G elet 0.5 [33.8] 5.1 247 0.6 [13.0
Raw 5.1 12138 | 89 | 04 | 6.0
RRI 1.3 198.6[92.4|85.1|56.8]|66.8
FFT 0.0 | 100 | 100 | 100 | 100 | 80.0
SVM Wavelet 0.0 1 60.9|96.5]96.8|97.6|70.4
'WaveletULBP| 35.8 | 37.2|39.1|27.7|19.9|31.9
HOS 1.0 | 157 3.3 [227| 40 | 9.3
Hermite |36.6|15.5(27.2(21.6| 54 |21.3
Raw 0.1 |402| 6.1 [38.8| 1.0 |17.3
RRI 1.6 |31.1]204(77.0|14.2|28.9
FFT 0.6 |59.8|51.8]96.3|84.7]|58.6
RF Wavelet 0.1 |389]| 5.7 |37.1]| 09 | 16.5
WaveletULBP| 0.4 | 58.4 |32.9|48.0 | 28.9 | 33.7
HOS 0.1 |35.1| 57 |35.6| 22 |15.7
Hermite 0.3 [36.6| 6.6 |30.1|0.73|14.8
Raw 04 [123] 19 |19.1]| 04 | 6.8
RRI 0.4 |952|74.5| 100 | 100 | 74.0
FFT 1.7 1662 |54.3|86.4|70.5]|55.8
MLP* Wavelet 04 173|139 |197| 04 | 84
WaveletULBP| 1.4 |453(21.9(39.9|15.7|24.8
HOS 0.5 183| 28 [20.1]| 0.4 | 8.4
Hermite 0.6 [357| 5.1 [325] 1.2 | 150
Raw 0.3 1106| 3.0 |16.7]| 0.4 | 6.8
RRI 32 [56.5]39.9| 100 | 60.4 | 52.0
FFT 1.4 |57.7|56.7|83.1]|82.1]|56.2
CNN* Wavelet 04 |134| 27 |17.7| 04 | 6.9
WaveletULBP| 1.1 | 56.3|46.8|41.2|24.3|33.9
HOS 04 |12.1] 27 |16.0| 0.3 | 6.3
Hermite 0.6 [246| 44 [29.6| 0.6 | 12.0

each class in Tabs. III and IV, respectively. It is clear that
‘raw’ zero-mean standardized ECG signals fed directly into
the classifiers outperform feature extractions across all bench-
marked classifiers.

It can be seen from the two tables that both SVM classifier
and deep learning-based classifiers achieve high predictive
performance when raw data is fed directly into the classifier.
Deep learning-based classifiers that automatically extract deep
features achieve comparable mean classification error rate and
F-measure using Wavelet and HOS feature extraction methods.
This indicates that investing time and effort on hand-crafting
the features following traditional approaches is redundant.

Note that, the inference speed rapidly increases as the model
size grows with the increasing dimensionality of input obser-
vations/features, that is, increasing the window size. Especially
for deep learning based classifiers, a deeper architecture that
automatically extracts deeper features suffers from a signifi-
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TABLE IV: F-Measure for each of five classes. * refers to
deep learning based feature extraction approach. Bold numbers
show the best performance for each classifier.

classification error rates and inference speed are measured to
analyze the sensitivity of these methods, either with or without
domain knowledge. Experimental results indicate that the

Arrhythmia Classes feature selection/extraction methods, namely FFT and Wavelet
Method | Feature Map N1 SV | F | Q [Avg| transforms,arenotas critical to the arrhythmia sequence label-
Raw 0.99 108010951080 1099 0091 | ingclassification task compared to raw and statistical features,

Bi-GRU* Wavelet 1099|077 109510811099 090| suchasHOS. Given sufficient training data, the deep learning-
Raw 09710571095 1074 1099 | 0.84 based feature extraction approaches, i.e., Bidirectional GRU,
RRI 0'92 0'03 0' 14 0'17 0.56 0.36 MLP and CNN, achieve better generalization and classification

FET 0.9210.00 10.0010.0010.0010.18 performance. However, they often operate slower at inference,
SVM [ Wavelet 109210561007 0061005 033 thus require to be accelerated by modern computing devices.

WaveletULBP| 0.77 | 0.29 | 0.44 | 0.10 | 0.51 | 0.42 V. ACKNOWLEDGMENT
HOS 0.9910.85]0.94 ] 0.84 | 0.98 | 0.92 This project has received funding from the Euro-
Hermite | 0.77]0.16 | 0.80 | 0.15 | 0.97 | 0.57 pean Union’s Horizon 2020 research and innovation

Raw 0.9910.7510.96 | 0.74 | 0.99 | 0.89
RRI 0.9710.79 1 0.82 | 0.32 | 0.86 | 0.75

programme under the Marie Sktodowska-Curie grant
agreement No 734331. The University of Strathclyde

FFT 0.940.57 1 0.61]0.07]0.26 | 0.49 gratefully acknowledges the support of NVIDIA Cor-
RF Wavelet | 0.99]0.76 | 0.96 | 0.76 | 0.99 | 0.89 poration with the donation of the Titan Xp GPU used
'WaveletULBP| 0.97 | 0.58 | 0.77 | 0.66 | 0.80 | 0.76 for this research.

HOS 0.9910.78 | 0.96 | 0.77 | 0.99 | 0.90
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cantly longer inference time shown in Tab. V, limited by the
size of model and computation capacity.
IV. CONCLUSION

This paper first reviews the state-of-the-art feature selec-
tion and extraction methods for arrhythmia detection. Then,
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