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Abstract—The implementation of automatic Electrocar-
giogram (ECG) classification poses massive real world benefits,
allowing a more streamlined patient diagnosis pathway for heart
conditions that would not be found without cardiologist input.
ECG Classification is a complex time series problem, and there
are many machine learning solutions that can be used to analyse
and classify ECG data - these are mostly hand-crated heuristics
or feature selected. This paper poses five deep learning time series
classification architectures that can classify ECG data swiftly
and with increased performance than an average cardiologist,
furthermore using Wilcoxon-Holm post-hoc analysis to determine
if a set of classifers are statistically significantly different.

Index Terms—DNN, CNN, TSC, MLP, RESNET, RNN, MCNN,
LENET

I. INTRODUCTION

W ITHIN the previous ten years Deep Learning has made
significant strides and Time Series Classification poses

one of the largest challenges. With temporal data becoming
widely available, there has been a significant increase of
algorithms proposed recently [1]. With temporal data requiring
the order to be maintained, the time series classification
problem is encountered in many scenarios, such as ECG - as
is the main focus within this report, acoustic classification and
cyber-security. Most general heart problems can be diagnosed
from ECG signals, and with hundreds of millions of these
recorded annually, physicians are not able to manually review
and diagnose conditions. This motivates the use of Machine
Learning approaches to swiftly and accurately diagnose these
heart irregularities for further review by a physician. The
main disadvantages of machine learning approaches is the
inability to find the most appropriate features that give high
classification accuracy. Deep Learning architectures can re-
solve this problem with this paper focusing on the end-
to-end deep learning models, and implementing a series of
models on selected ECG datasets. The results are investigated
using Critical difference diagrams - leveraging Wilcoxon and
Friedmann tests, and evaluating classification metrics.

II. BACKGROUND

ECG Classification is a difficult problem, and has had
significant attention from the medical community and increas-
ingly computer scientists that specialise in machine learning
approaches. Recently a 34-layer convolutional neural network
was capable of exceeding the average cardiologists perfor-
mance in precision and recall [2]. Other works present binary
ECG classification algorithms that use manual heuristics or
feature engineering, these work well in single scenarios but

cannot be transitioned to solve other ECG classification prob-
lems, therefore it is of interest to define a general model for
ECG classification that is able to be translated to all ECG
problems. The ECG data which can be obtained from patients
is time series data, often a duration of around 45 seconds
and a sampling time of 0.03s. As stated in the introduction it
is desireable to remove the feature selection aspect of these
classification algorithms, as that requires expert and subject
specific knowledge. Therefore this paper will discover what
deep learning approaches have been succesful for other time
series classification problems and translate those architectures
to the ECG classification problem.

Deep learning approaches for Time Series Classification
(TSC) are separated into two key groups [3];

• generative
• discriminative

These are further separated into sub-groups, shown in Figure
1

A. Generative Models

Generative models often have an unsupervised training step
that precedes the learning phase of the classifier [3]. This type
of network is known as a model-based classifier [4]. Some of
these approaches include auto-regressive models [5], hidden
markov models [6] and kernel models [7]. The goal for gen-
erative models is to create/find a representation of time series
prior to training a classifier [1], [3], , usually to model a time
series, classifiers are preceded by an unsupervised pre-training
phase such as stacked denoising auto-encoders (SDAEs) [8],
[9]. A generative CNN-based model was proposed in [10];
[11] where the authors introduced a deconvolutional operation
followed by an upsampling technique that helps in reconstruct-
ing a multivariate time series. Deep Belief Networks (DBNs)
were also used to model the latent features in an unsupervised
manner which are then leverages to classify univariate and
multivariate time series [12], [13]. In [14], [15], [16], an RNN
auto-encoder was designed to first generate the time series
then using the learned latent representation, they trained a
classifier (such as SVM or Random Forest ensemble method)
on top of these representations to predict the class of a given
input time series. Other studies such as [17], [18], [19], [20]
used self-predict modelling for time series classification where
Echo State Networks were first used to re-construct the time
series and then the learned representation in the reservoir
space was utilised for classification, they have been used
to define a kernel over the learned representation followed
by an SVM or MLP classifier [7], [21], [22]. Other papers
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have presented a meta-learning evolutionary-based algorithm
to construct optimal architecture for univariate or multivariate
time series [10], [23].

Fig. 1: Hierarchy of deep learning approaches for time series
classification from [1][3]

B. Discriminative Models

A discriminative deep learning model is a classifier, or
regressor, that directly learns the mapping between an input
time series and outputs a probability distribution over the class
variables in a dataset. The most frequently applied feature
extraction method for

III. METHODOLOGIES

Formally, A univariate time series X = {x1, x2, . . . , xT } is
an ordered set of real values, where the length of X is equal
to the number of real values T . Naturally, an M -dimensional
time series, MTS, can be defined as X̄ = [X1, X2, . . . , XT ]
which consists of M different univariate time series where
Xi ∈ RT .

A deep neural network is a composition of parametric func-
tions, known as layers, where each function is a representation
of the input domain [24]. Each layer li contains any integer
number of neurons, which are independent compute units that
return the layer output, traditionally these also apply a non-
linearity function such as relu or sigmoid. These layers are
chained where layer li takes input from layer li−1 and returns
its output to layer li+1, these transformations are controlled
by θi, otherwise known as weights, which link the layers
together. Hence, given an input dataset x, a neural network
can be defined as

fL(θL, x) = fL−1(θL−1, fL−2(θL−2, . . . , f1(θ1, x))) (1)

where fi is the non-linearity function for layer i. This process
is known as feed-forward propagation.

A. Multi-Layer Perceptron

A Multi-Layer Perceptron (MLP) constitutes the simplest
form of a deep learning model, the architecture of the model
is known as fully connected - since the neurons in layer li
are connected to every neuron in layer li−1 where there are

i ∈ [1, L] layers, each of these connections hold a weight. A
general form of an MLP applied to a time series X

Ali = f(wli ·X + b) (2)

with wli being the set of weights, b the bias term and
Ali the activation function of the neurons in layer li. A
problem with MLP’s is the inability to exhibit any spatial
invariance, so temporal information is lost and each element
is considered independently. The final layer takes the form
of a probabilistic distribution over the class variables, often
a softmax or sigmoid, and has equal neurons to the number
of classes in the dataset. The weights presented in equation
2 are learned automatically using an optimisation algorithm
that minimises an objective function - generally the Adam
optimiser is used throughout this paper. For an optimiser
to approximate the error of values, a loss function that can
quantify this error needs to be defined, a commonly used loss
function is categorical cross entropy:

L(X) = −
K∑
j=1

Yj log Ŷj (3)

where L is the loss of time series X . Naturally, the average
loss of the whole training set is defined by:

J(W ) =
1

N

N∑
n=1

L(Xn). (4)

Hence, the loss function minimises the learned weights w
using a gradient descent method:

w = w − α∂J
∂w

∣∣∣∣ ∀ w ∈W (5)

where α is the learning rate of the optimisation algorithm.
This model is capable of auto-tuning the parameters w in
order to search and find a local minimum J . The partial
derivative cannot be directly computed with respect to a certain
parameter w, the chain rule of derivative is employed which
is in fact the main idea behind the backpropagation algorithm
[25].

B. Convolutional Neural Networks

The idea of using artificial neural networks for processing
images was proposed in [26] which automated the recognition
of numbers, leading to the development of the widely used
MNIST dataset today, this paper proposed an architecture now
known as Convolutional Neural Networks (CNN). A CNN
consists of input and outputs layers, as well as hidden layers,
like the MLP described previously. The hidden layers consist
of convolutional layer, pooling layer and a fully connected
classifier - which is a perceptron based upon the features
obtained on previous layers.

A convolution can be seen as applying a sliding filter over a
time series. Unlike the 2-dimensional variant which have width
and height, the filters exhibit a single dimension only which
represents time. The filter is synonymous with a generic non-
linear transformation of the time series - if the time series is
convoluted with a filter of size 3 with a univariate time series,
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Fig. 2: The principle of operation of the pooling layer that
implements the max pooling operation on a 2-dimensional
array

by setting the filter to [ 13 ,
1
3 ,

1
3 ], the convolution will result in

applying a moving average with a sliding window of length
3. A general form of this for any centered time step t:

Ct = f(w ·Xt− l
2 ,t+

l
2

+ b)
∣∣ ∀ t ∈ [1, T ] (6)

where C is the convolution, the dot product of time series X
and filter w with lengths T and l respectively, the bias param-
eter b and a non-linear function f such as ReLU. Applying
several filters on a time series will result in a multivariate
time series whose dimensions are equal to the number of
filters used. An intuition behind applying several filters on
an input time series would be to learn multiple discriminative
features useful for the classification task. Unlike the previously
discussed MLP’s, the same convolution will be used to find the
result for all time stamps t. This is known as weight sharting
and is a powerful property of the CNN’s which enable filter
learning with no invariance across time. When considering a
multi-variate time series as input to a convolutional layer, the
filter is adapted to have dimensions equal the the time series
instead of the ordinary single dimension, t, time. Weights are
learned automatically, since they highly depend in the targeted
dataset and its attributes, the optimal filter is custom to these,
where optimal is a filter that enables the classifier to easily
discrimate between the classes - generally, when applied,
this takes the form of a pooling operation, followed by a
discriminative filter, followed by the classifier. Local Pooling,
such as average or max, with max pooling demonstrated in
Figure 2, takes an input time series and reduces it length
T by aggregating over a sliding window of the time series.
For example, if the sliding windows length is 4, the resulting
pooled time series with have length T

4 (where T mod 4 = 0
). In addition to pooling, some architectures include layers
that normalise to increase convergence speed, for time series
data, the batch normalisation operation is performed over
each channel, thus preventing a covariate shift across a batch
of time series [27]. An alternative approach, similar to z-
normalisation, is to normalise each instance instead of batch,
learning the mean and standard deviation of each instance
for each layer via gradient descent [28]. The final discrimi-
native layer takes the result of the convolutions and returns a
probability distribution over the classes, this layer is usually
a softmax operation. In order to train the network, and learn
the parameters, the process is the same as the MLP described

above, a forward pass, followed by back-propagation [25]. An
example of a CNN architecture for time series classification
with three convolutional layers is illustrated in Figure 3.

C. Echo-State Networks

A further extension of deep learning models is the Recurrent
Neural Network (RNN). This method is rarely used with time
series data, with the exception of time series forecasting, due
to three key factors.

• the architecture is designed to predict an output for each
element, so for time series, each time stamp [3]

• the models have a vanishing gradient problem when
training on long time series [29]

• the models are hard to train and parallelise [29]
These problems led to the repurpose of Echo State Networks
(ESNs) [30], which were first created for time series predic-
tion in wireless communication channels [31]. They alleviate
the vanishing gradient problem by eliminating the need to
compute the gradient for hidden layers, also reducing the
training time. These hidden layers are initialised randomly,
and is known as the reservoir, the core principal of an ESN,
which is sparsely connected to an RNN. Consider an ESN
with input dimensionality M , neurons in the reservoir Nr, and
output dimensionality K. Letting X(t), I(t), Ŷ (T ) denote the
multivariate time series, hidden state and output activity for
time t respectively. Formally the hidden state is:

I(t) = f(WinX(t) +WI(t− 1))
∣∣ ∀ t ∈ [1, T ] (7)

where f , again, is the activation function, but usually ESNs
use elementwise tanh. With the output calculated by

Ŷ (t) = WoutI(t) (8)

thus classifying each time series element. Figure 4 demon-
strates an example ESN for univariate time series classifica-
tion, to be classified into k classes.

D. Approaches

The approaches this analysis will consider are presented in
Table I, and they are further described in Table II.

IV. EXPERIMENTAL SETUP

A. Datasets

This paper considers 4 datasets, shown in Table III, 3
of these are from the UCR archive [32] which contains 85
univariate time series datasets. The 4th dataset, which is also
the key dataset of this report, is a subset of ECG5000

1) ECG1: This dataset is provided by TensorFlow and their
method of construction is unclear. As described previously, this
is the key dataset and a subset of ECG5000 where the classes
have been modified from 5 classes provided by automated
annotation to 2 classes, corresponding to abnormal rhythm or
normal rhythm. This is provided as a single entity which must
be split into test and train
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Fig. 3: Fully Convolutional Neural Network Architecture for Time Series Classification

TABLE I: Method Architecture’s hyperparameters for each method

Methods
Architecture
Layers Conv Invar Normalise Pooling Feature Activate Regularise

MLP 4 0 0 None None FC ReLU Dropout
ResNet 11 9 10 Batch None GAP ReLU None
Encoder 5 3 4 Instance Max Att PReLU Dropout
MCNN 4 2 2 None Max FC ReLU None
t-LeNet 4 2 2 None Max FC ReLU None

TABLE II: Optimisation hyperparameters for each method

Methods
Architecture
Algorithm Valid Loss Epochs Batch Learning Rate Decay

MLP AdaDelta Train Entropy 500 16 1.0 0.0
ResNet Adam Train Entropy 500 16 0.001 0.0
Encoder Adam Train Entropy 100 12 0.00001 0.0
MCNN Adam Split 20 Entropy 500 256 0.1 0.0
t-LeNet Adam Train Entropy 500 256 0.01 0.005

Fig. 4: Echo State Network Architecture for Time Series
Classification

TABLE III: Dataset Properties

Dataset
Properties
Train Size Test Size Length Classes

ECG1 4500 500 140 2
ECG200 100 100 96 2
ECG5000 500 4500 140 5
ECGfivedays 23 861 136 2

2) ECG200: The dataset is from a PhD submission at-
tempting to generalise feature extraction for strucurtal pattern
recognition, [33], Each series traces the electrical activity

recorded during one heartbeat, and the 2 classes represent a
normal heartbeat and a myocardial infarction. The properties
are again described in Table III

3) ECG5000: The original dataset for this is a 20-hour long
ECG from PhysioNet, where it is from BIDMC Congestive
Heart Failure Database (chfdb) and it is record ”chf07”. It
was originally published in [34]. The data was pre-processed
by [35] in two steps (1) extract each heartbeat, (2) make each
heartbeat equal length using interpolation. After this, 5000
heartbeats were randomly selected, the patient is known to
have severe congestive heart failure and class values were
obtained by automated annotation.

4) ECGfivedays: This dataset is from [35], in addition to
ECG5000 and subsequently ECG1, it is data from a 67 year
old male where the two classes are the date of recording,
namely, 12/11/1990 or 17/11/1990 - it is nondescript what
these dates represent.

B. Pre-Processing

All datasets have their labels extracted and the data is
coerced into numeric form, with the labels, using sklearn one-
hot encoding, converted to one hot vectors and an additional
variable which stores the argmax of these vectors. Univariate
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datasets are then changed into multivariate problems with one
dimension - this is then passed to the respective classifier.

C. Experiments

For each dataset, the 5 deep learning models (as in the
previous section) are trained with 3 runs each. Each run uses
the same test and train subsets, as this is done either externally
in the case of datasets from UCR, or internally via a seeded
test-train split, in the case of ECG1. Each run will generate
different initial random weights, and so the 3 runs are averaged
to reduce bias. In total there are 20 models, with 60 experi-
ments (not including MCNN hyper-parameter searching). This
was run on an Nvidia GTX 970, with 4GB of GDDR5. The
total sequential running time was approximately 27 hours.
Each method was implemented using the open source deep
learning library Keras [36], with TensorFlow [37] backend.
Using the mean accuracy over the 3 runs [38], the Friedman
test is used to reject the null hypothesis then a pairwise post-
hoc analysis - where the average rank comparison is replaced
by a Wilcoxon signed-rank test with Holm’s alpha correction.
This is visualised using critical difference diagrams, where a
thick horizontal line shows a group of classifiers that are not-
significantly different in terms of accuracy.

V. RESULTS

All experiments from the previous section were compiled
into a single table from which all analysis is performed and
selected via R, except the critical difference diagram creation
which is performed in python [1]. The critical difference dia-
gram for all 4 datasets is shown in Figure 5. There are 3 bands
of classifiers, the Encoder and ResNet outperform all other
models with average ranks of 1.2917 and 1.7500 repectively.
These classifers are consistently ranked 1st and 2nd for all
datasets and significantly outperform the FCN architecture,
which contrasts previous results where FCN has been found
to outperform ResNet in most scenarios - this is reinforced
in the validation of larger archives supporting this [1]. The
middle band consists of MLP and t-LeNet, with average ranks
of 3.7500 and 3.3333 respectively - MLP is not a widely used
method as it has been improved to give increased accuracy
at decreased computation, it is however, an important baseline
method. The t-LeNet architecure outperformed expectations by
being the middle method, previous experimentation has shown
that the t-LeNet suffer from low accuracy problems with time
series data due to their time slicing-majority voting scheme
classification method. Additionally MCNN suffers from this
problem, and was expected to perform somewhat poorly.

The primary dataset of this comparative analysis is ecg1, the
critical difference diagram is shown in Figure 6 - it returns
similar results to the all-datasets version in Figure 5 - with
the notable exception that there is no statistical significance
between the results. This is because all methods are able
to quickly gain an accuracy ≈ 1.000, but it must be added
that all models see their peak performance in the last ≈ 10
epochs, their accuracies can be seen in Figure 9, these also
have low loss values, seen in Figures 13, 14, in addition to
good precision and recall values, however notably Encoder

scores the best, followed by ResNet and MLP - whom score
very closely - with t-LeNet attaining the lowest scores and
also largest error margins. All the error margins for ECG1
can be attributed to having a smaller test set, as well as
the random starting point. This is not the case for ECG200,
which has a far larger test case, with the error margins for
accuracy, precision and recall shown in Figure 10, t-LeNet
again scores very poorly, with the other models performing
admirably, and Encoder returning the strongest results. The
critical difference diagram for ECG200 could not be created
due to results being within a too small error margin. The
critical difference diagram for ECG5000 is shown in Figure
7 and returns the same as the previous two with Encoder and
ResNet performing the strongest however, as shown in the
thick black line, the difference is statistically insignificant, the
classification metrics are in Figure 11 where high accuracy
are seen for all methods, however very low precision and
recall values suggest this model is over-fitted, as well as
large error margins for the precision metric. There is similar
to ECGfivedays which sees Encoder and ResNet attaining
extremely strong scores of ≈ 1 for accuracy, precision and
recall, as seen in Figure 12. t-LeNet and MLP are very weak,
having low accuracy and low recall, however according to
the critical difference diagram, in Figure 8, the difference is
statistically insignificant.

VI. CONCLUSION

This analysis presented recent successful architecures for
Time Series Classification, it was described how Deep Neural
Networks are categorised and selected methods were mathe-
matically defined. Five end-to-end methods were implemented
, training them with 4 ECG datasets - 1 primary and 3
secondary datasets. The results show that Encoder and ResNet
produce great results and outperform previous attempts to use
deep learning to classify ECG data, with Encoder scoring an
average accuracy of 96%, additionally, this accuracy is far
above the average cardiologist [2]. Although this comparative
analysis extensively analysed methods and ECG data, further
study is required regarding data augmentation, and transfer-
ability of learning. Additionally an extensive study of com-
putation time, and expensive functions is required to enable
these methods to process more data efficiently. In conclusion,
with ECG data becoming more easily shared within healthcare
systems, leveraging deep learning architectures capable of
learning from massess of data with ease, deep learning is
prime position to enable healthcare providers to implement
their own analysis to automatically recognise heart conditions
that cardiologists do not have the time to evaluate.
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