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Abstract. Clinical applications require automating ECG signal process-
ing and classification. This paper investigates the impact of multiscale
input filtering techniques and feature map blocks on the performance
of CNN models for ECG classification. We conducted an ablation study
using the AbnormalHeartbeat dataset, with 606 instances of ECG time
series divided into five classes. We compared five multiscale input filtering
techniques and four multiscale feature map blocks against a base model
and non-multiscale input. Results showed that the combination of mean
filter for multiscale input and residual connections for multiscale block
achieved the highest accuracy of 64.47%. Residual connections were con-
sistently effective across different filtering techniques, highlighting their
potential to enhance CNN model performance for ECG classification.
These findings can guide the design of future CNN models for ECG clas-
sification tasks, with further experimentation needed for optimal combi-
nations in specific applications.

Keywords: ECG classification · deep learning · multiscale CNN · con-
volutional neural networks.

1 Introduction

CNNs (Convolutional Neural Networks) have been shown to be state of the
art in many computer vision applications due to their ability to learn complex
patterns in images with high accuracy [10, 12, 25]. CNNs achieve this by using
convolutional layers that extract and combine local features from the input im-
age, followed by fully connected layers that use the learned features to make a
prediction [13]. Additionally, CNNs can be trained end-to-end using backprop-
agation, which allows them to automatically learn the optimal set of weights
that minimize the prediction error [23]. This makes CNNs highly effective for
a wide range of image recognition tasks, including object detection [21], image
classification [25], and semantic segmentation [17].
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CNNs have demonstrated significant improvements over traditional machine
learning approaches in many computer vision tasks, especially in object recog-
nition tasks such as the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) [24]. The winning entries in the ILSVRC from 2012 to 2015 were all
CNN-based models [10, 12, 25, 27]. Moreover, CNN-based models have set new
records in various other image recognition tasks, including face recognition [28],
image captioning [29], and visual question answering [2].

Overall, the effectiveness of CNNs can be attributed to their ability to learn
and extract features from images in an end-to-end manner, which allows them
to handle complex visual patterns and large datasets. With continued improve-
ments in model architecture, optimization techniques, and hardware, CNNs are
expected to continue to push the state of the art in computer vision applications.

2 Multiscale CNN and Related Work

Multiscale CNNs process signals at multiple resolutions, capturing fine-grained
details and larger structural features. They can handle input data that varies
in scale, leading to improved accuracy and reduced overfitting. Three types of
multiscale CNNs are: (1) downsampled inputs, (2) multiple receptive field inputs,
and (3) feature pyramid inputs [6, 8, 15,16,22,26].

Inception network [26] uses convolutional layers with different filter sizes
for processing images at multiple scales. U-Net [22] is designed for biomedical
image segmentation tasks. Multiscale CNNs for time series classification [6] use
convolutional layers at multiple scales to extract features. Pyramid Scene Parsing
Network (PSPNet) [15] is for semantic segmentation of high-resolution images.
Feature Pyramid Network (FPN) [16] is for object detection. Dual Attention
Network (DANet) [8] uses self-attention mechanisms for image segmentation.

Relevant scientific competitions include ILSVRC, Kaggle, COCO Detection
Challenge, VisDA, and Robust Vision Challenge.

3 CNN Classification of Electrocardiogram

Electrocardiograms (ECGs) are non-invasive tests that record the heart’s elec-
trical activity, with the PQRST complex being key for diagnosing cardiac con-
ditions. Abnormalities in this complex can indicate arrhythmias, ischemia, or
infarction. Research in ECG analysis focuses on developing algorithms to better
detect and diagnose these abnormalities, often using machine learning models.

ECG classification is challenging due to signal variability, large dataset re-
quirements, and interpretability. Convolutional neural networks (CNNs) dom-
inate state-of-the-art methods, with transfer learning and data augmentation
techniques improving performance. Publicly available datasets, like PhysioNet/CinC
Challenge datasets [1], facilitate research. Recent studies propose hybrid deep
learning models, such as CNN-RNNs [14] and convolutional attention mod-
els [18], achieving high accuracy in atrial fibrillation detection and PTB Di-
agnostic ECG Database tasks.
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Further research is needed to address challenges in designing accurate, inter-
pretable ECG classification models for clinical use.

4 Methodology

4.1 Multiscale Inputs

Our methodology utilizes multiscale input filtering techniques to preprocess a
set of 1D electrocardiogram (ECG) signals. The primary goal of our method-
ology is to evaluate the impact of different multiscale filtering techniques on
the performance of convolutional neural network (CNN) architectures for ECG
classification. To ensure a fair comparison, all methods described in this section
will have the same input and output formats, with the input being a prepro-
cessed ECG signal and the output being the predicted class label. The input
matrix X ∈ RN×M consists of separate signals in each row. We aim to develop
a multiscale representation of these signals by filtering and downsampling them.
The filtered and downsampled matrix y(j) ∈ Ydownsampled is computed for each
downsampling factor fi using different filtering techniques.

In this work, we will compare five different multiscale input filtering tech-
niques (subsampling, mean filter, Gaussian filter, bilateral filter and wavelet-
based downsampling and denoising method).

Additionally, we will include the original (non-multiscale) 1D signal as a
baseline for comparison. This "Original" method will not apply any filtering or
downsampling to the input ECG signals, preserving the raw data for the CNN
architecture. By including the original signal, we can evaluate the performance
improvements, if any, that the multiscale filtering techniques provide over the
raw input data.

Subsampling Subsampling is performed by selecting every fi-th sample from
the input signal x:

y(j) = x(j · fi), (1)

where j is the index within the downsampled signal. This process is applied
for various downsampling factors f1, f2, . . . , fi, . . . fn to create a multiscale rep-
resentation of the input signal.

Mean Filter The Mean Filter technique averages neighboring samples within
the input signal x ∈ RM :

y(j) =
1

fi

fi−1∑
n=0

x(j · fi + n), (2)

where j is the index within the downsampled signal. This process is repeated
for different downsampling factors to obtain a multiscale representation of the
input signal.
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Gaussian Filter The Gaussian filter smooths the input signal xi with a Gaus-
sian function:

y(j) =
1√
2πσ

∞∑
n=−∞

xi(j + n)e−
n2

2σ2 , (3)

where σ is the standard deviation of the Gaussian filter. The filtered sig-
nal is then downsampled with a step size equal to the downsampling factor fi.
This process is executed for various downsampling factors to create a multiscale
representation of the input signals.

Bilateral Filter The 1D Bilateral filter [19] is a non-linear, edge-preserving
filter that smooths signals while preserving sharp edges. Given an input signal
x ∈ RM , the output signal y is obtained by applying the 1D bilateral filter to
each point j:

y(j) =
1

W

⌊ k
2 ⌋∑

n=−⌊ k
2 ⌋

x(j + n) · gc(x(j + n)− x(j)) · gs(n), (4)

where W is the normalization term, k is the kernel size, gc(·) is the color
Gaussian function with standard deviation σc, and gs(·) is the spatial Gaussian
function with standard deviation σs. The color Gaussian function and the spatial
Gaussian function are defined as follows:

gc(∆x) = e
− (∆x)2

2σ2
c , (5)

gs(n) = e
− n2

2σ2
s . (6)

Wavelet-based Downsampling and Denoising Method The wavelet-based
method for downsampling and denoising [7] time series data is built upon the
discrete wavelet transform (DWT), thresholding techniques, and signal recon-
struction.

Given a time series data X, the DWT decomposes the signal into a set of
wavelet coefficients as follows:

X = An +Dn +Dn−1 + · · ·+D1, (7)

where An is the approximation coefficients at level n, and Di represents
the detail coefficients at level i. The DWT is performed using a chosen wavelet
function, such as the Daubechies wavelet (e.g., ’db4’), which offers a balance
between smoothness and compact support.

The wavelet coefficients are thresholded to denoise the data. The threshold
value (T ) is computed as:
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T = k · median(|Dn|), (8)

where k is the downsample factor, and |Dn| is the absolute value of the detail
coefficients at the highest level of decomposition. The threshold is applied using
either a soft or hard thresholding mode. Soft thresholding is defined as:

Yi = sign(Di) ·max(0, |Di| − T ), (9)

where Yi is the thresholded coefficient, and sign(Di) represents the sign of
the detail coefficient Di.

Hard thresholding is defined as:

Yi = Di · I(|Di|>T ), (10)

where I(|Di|>T ) is an indicator function that equals 1 if the condition is true
and 0 otherwise. In our experiment we use only soft thresholding.

The denoised signal is reconstructed using the inverse discrete wavelet trans-
form (IDWT) as follows:

Xdenoised = IDWT(An, Yn, Yn−1, . . . , Y1), (11)

where x(j) ∈ Xdenoised represents the denoised signal, and Yi corresponds to
the thresholded detail coefficients at level i.

Finally, the subsampling is performed by selecting every fi-th sample from
the input signal x:

y(j) = x(j · fi), (12)

where j is the index within the downsampled signal. This process is applied
for various downsampling factors f1, f2, . . . , fi, . . . fn to create a multiscale rep-
resentation of the input signal.

4.2 Multiscale Feature Maps

In this section, we explore the effects of incorporating different multiscale fea-
ture map blocks in our CNN models for ECG classification. We investigate four
distinct types of multiscale blocks, each designed to capture different aspects of
the input data. These blocks are compared against a base model that serves as
a foundation for our ablation study.

Through the ablation study, we aim to quantify the contribution of the each
block to the overall performance of our model by removing it and comparing the
results with and without the block.



6 O. Rozinek et al.

Base Model We present a base model that serves as a starting point for our
ablation study. The base model consists of three 1-D convolutional layers with
different filter sizes (3, 5, and 7) and a hyperbolic tangent (tanh) activation
function. No pooling or residual connections are employed in this base model.
The base model serves as a foundation for further investigation and comparison
with other more complex models that incorporate techniques such as multiscale
blocks, residual connections, and different types of convolutions.

Multiscale Block Inception Convolution In this ablation study, we inves-
tigate the impact of a used block known as the multiscale block inception con-
volution (further Inception Convolution) on the performance of our model. The
Inception Convolution is inspired by the inception module introduced by [26] in
their seminal work on the GoogLeNet architecture. The inception module aims
to capture various spatial and channel-wise patterns within the input tensor by
employing different filter sizes in parallel.

The Inception Convolution consists of three convolutional layers with differ-
ent filter sizes (1, 3, and 5) and a max-pooling layer with a pool size of 3. The
output feature maps of these layers are concatenated to form a combined feature
map.

Multiscale Block with Depthwise Separable Convolution We investigate
the impact of another used block known as the multiscale block with depthwise
separable convolution [11] (further Depthwise Convolution) on the performance
of our model. The Depthwise Convolution employs depthwise separable con-
volutions, which factorize a standard convolution into a depthwise convolution
followed by a point-wise convolution, thus reducing the number of parameters
and computational cost.

The Depthwise Convolution consists of three depthwise separable convolu-
tional layers with different filter sizes (3, 5, and 7). The resulting feature maps
from these layers are merged also together to create a unified feature map.

Multiscale Block with Dilated Convolution We examine the influence
of an alternative building block, known as the multiscale block with dilated
convolution [30] (Dilated Convolution), on our model’s performance. The Dilated
Convolution employs dilated convolutions, which introduce a dilation factor to
increase the receptive field of the convolutional layers without increasing the
number of parameters or computational cost.

The Dilated Convolution consists of three convolutional layers with different
filter sizes (3, 5, and 7) and a dilation rate of 2. The output feature maps of
these layers are concatenated to form a combined feature map.

Multiscale Block with Residual Connections We explore the effect of in-
corporating an additional block known as the multiscale block with residual
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connections [10] (also referred to as Residual Connections) on our model’s per-
formance.

The Residual Connections employs residual connections, which are a tech-
nique to mitigate the vanishing gradient problem in deep networks by allowing
the gradients to flow through skip connections, thus improving the model’s train-
ing and performance.

The Residual Connections consists of three pairs of convolutional layers with
different filter sizes (3, 5, and 7) and a residual connection for each pair. The
resulting feature maps from these layers are combined to create a unified feature
map.

4.3 Training Details

We use the Adam optimizer for the training of the models, minimizing a cat-
egorical cross entropy loss function. The models are trained for a maximum of
10,000 epochs with early stopping, which monitors the validation loss and has a
patience of 10 epochs. We use a validation split of 0.2, meaning that 20% of the
training dataset is reserved for validation purposes.

In our methodology, we employ the Glorot Uniform initializer (also known
as Xavier Uniform initializer) for weight initialization in our 1D convolutional
layers. The Glorot Uniform initializer is designed to maintain a specific vari-
ance in the activations of the neurons, which helps avoid vanishing or exploding
gradients during training.

For each model, we carry out 10 training sessions to mitigate the stochasticity
of the training experiment. In each session, the dataset is randomly split into
training and validation subsets, and the best model validated on the validation
set is saved at the end of the training session. The performance of the trained
models is then evaluated on the test set.

5 Experimental Results

In our ablation study, we used the AbnormalHeartbeat dataset for the task of
classifying heartbeat recordings into one of five classes. This dataset contains a
total of 606 instances, with each instance being a time series of length 3,053. The
time series represent the change in amplitude over time during an examination of
patients suffering from common arrhythmias. The dataset is divided into training
and testing sets, each containing 303 instances.

The AbnormalHeartbeat dataset was obtained from a combination of sources,
including the iStethoscope Pro iPhone app and clinical trials using the digital
stethoscope DigiScope. All instances were resampled to 4,000Hz and truncated
to the shortest instance length. The original data can be found at the provided
link, and the original paper is by [3].

The dataset is composed of five classes:

– Artifact (40 cases): These are recordings that contain noise or other artifacts
that can obscure the true nature of the heartbeat. They are not indicative of
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any particular disease but are important to recognize in order to distinguish
them from pathological cases [9].

– ExtraStole (46 cases): This class corresponds to recordings of heartbeats
with premature ventricular contractions (PVCs) or extra systoles. PVCs are
extra heartbeats that disrupt the normal rhythm of the heart and can be
caused by various factors such as stress, caffeine, and heart diseases [31].

– Murmur (129 cases): Murmurs are abnormal heart sounds caused by tur-
bulent blood flow across the heart valves. They can be indicative of various
heart conditions, such as valve stenosis, regurgitation, or congenital heart
defects [4].

– Normal (351 cases): This class consists of recordings of normal heartbeats,
which exhibit a regular rhythm and no abnormal sounds. A normal heartbeat
typically includes two main sounds: the first (S1) and second (S2) heart
sounds, caused by the closure of the atrioventricular and semilunar valves,
respectively [5].

– ExtraHLS (40 cases): This class corresponds to recordings with extra heart
lung sounds, which are additional heart sounds that can be indicative of
certain cardiac conditions, such as heart failure or pericarditis.

Algorithm 1 Ablation study of multiscale inputs and multiscale feature map
blocks

DownFactors← [8, 4, 2, 1]
Results← []
Reps← 10
for each InputFunc in InputFuncs do

for each MultiFunc in MultiFuncs do
for i in Reps do

TrainData← InputFunc(X_train,DownFactors)
TestData← InputFunc(X_test,DownFactors)
Model← main_model(MultiFunc)
Compile Model with loss, optimizer, and metrics
Define early stopping callback
Fit Model with TrainData, y_train and validation split
Score←Model.evaluate(TestData, y_test)

Compute accuracy and loss
Store results in Results

As shown in Algorithm 1, we conducted an ablation study to compare the
performance of different multiscale input filtering techniques and multiscale fea-
ture map blocks. The default train-test split was created through a random
partition. In our ablation study, we investigated the impact of incorporating
different multiscale feature map blocks in our CNN models for ECG classifica-
tion. We analyzed four distinct types of multiscale blocks against a base model.
By comparing the performance of each model, we aimed to determine the best
multiscale input block and feature map block for ECG classification.
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Table 1. Experimental results sorted by accuracy evaluated over testing set (descend-
ing)

Multiscale Inputs Multiscale Block Max Accuracy (%)
Mean Filter Residual Connections 64.47
Gaussian Filter Residual Connections 63.49
Wavelet Denoising Residual Connections 63.49
Bilateral Filter Residual Connections 63.16
Gaussian Filter Base Model 63.16
Bilateral Filter Base Model 62.17
Subsampling Residual Connections 62.17
Subsampling Base Model 61.84
Bilateral Filter Inception Convolution 61.51
Gaussian Filter Inception Convolution 61.18
Original Base Model 61.18
Mean Filter Base Model 60.86
Gaussian Filter Depthwise Convolution 60.86
Mean Filter Dilated Convolution 60.53
Gaussian Filter Dilated Convolution 60.53
Subsampling Depthwise Convolution 60.53
Mean Filter Depthwise Convolution 60.20
Original Residual Connections 59.87
Subsampling Dilated Convolution 59.87
Bilateral Filter Depthwise Convolution 59.54
Subsampling Inception Convolution 59.54
Wavelet Denoising Dilated Convolution 59.87
Wavelet Denoising Base Model 60.86
Mean Filter Inception Convolution 58.22
Bilateral Filter Dilated Convolution 58.88
Original Inception Convolution 57.89
Original Depthwise Convolution 57.89
Original Dilated Convolution 57.89
Wavelet Denoising Inception Convolution 57.89
Wavelet Denoising Depthwise Convolution 57.89

Please refer to the experimental results table for a detailed comparison of the
performance of each model in terms of accuracy. In Table 1 we can identify the
best multiscale input block and feature map block for this task.

6 Discussion and Conclusion

In this study, we investigated the impact of different multiscale input filter-
ing techniques and multiscale feature map blocks on the performance of CNN
architectures for ECG classification. We evaluated five multiscale input filter-
ing techniques (subsampling, mean filter, Gaussian filter, bilateral filter, and
wavelet-based downsampling and denoising method) and four multiscale feature
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map blocks (base model, depthwise convolution, inception convolution, and dif-
ferent filters) using the AbnormalHeartbeat dataset.

Our experimental results showed that the combination of the mean filter
for multiscale input and the residual connections for multiscale block provided
the best performance with an accuracy of 64.47%. The residual connections
consistently achieved higher accuracy across different multiscale input filtering
techniques, highlighting the effectiveness of using residual connections in the
multiscale blocks for enhancing the performance of CNN models for ECG clas-
sification.

It is worth noting that the results are specific to the dataset and problem
at hand. Therefore, further experimentation with different datasets and ECG
classification tasks may yield different optimal combinations of multiscale in-
put filtering techniques and multiscale feature map blocks. Additionally, future
research can explore other filtering techniques and multiscale block designs to
further improve the performance of CNN models for ECG classification. An ex-
periment was also performed on this data in the paper [20]

In conclusion, our study demonstrated the importance of multiscale analy-
sis in ECG classification and provided insights into the effectiveness of different
multiscale input filtering techniques and multiscale feature map blocks in CNN
architectures. Our findings can be useful for designing effective CNN models
for ECG classification, which can have practical applications in the field of car-
diology, such as in automated ECG diagnosis systems for early detection of
arrhythmias and other cardiac conditions.
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