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Abstract
As the popularity of wearables continues to scale, a substantial portion of the population has now access to (self-)moni-
torization of cardiovascular activity. In particular, the use of ECG wearables is growing in the realm of occupational health 
assessment, but one common issue that is encountered is the presence of noise which hinders the reliability of the acquired 
data. In this work, we propose an ECG denoiser based on bidirectional Gated Recurrent Units (biGRU). This model was 
trained on noisy ECG samples that were created by adding noise from the MIT-BIH Noise Stress Test database to ECG 
samples from the PTB-XL database. The model was initially trained and tested on data corrupted with the three most com-
mon sources of noise: electrode motion artifacts, muscle activation and baseline wander. After training, the model was able 
to fully reconstruct previously unseen signals, achieving Root-Mean-Square Error values between 0.041 and 0.023. For 
further testing the model’s robustness, we performed a data collection in an industrial work setting and employed our model 
to clean the noisy data, acquired from 43 workers using wearable sensors. The trained network proved to be very effective 
in removing real ECG noise, outperforming the available open-source solutions, while having a much smaller complexity 
compared to state-of-the-art Deep Learning approaches.
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Introduction

The electrocardiogram (ECG) is a widely used acquisition 
procedure to visualize and assess cardiovascular activity. 
The ECG waveform can be separated into distinct sections 
that can be attributed to physiological processes occur-
ring during the cardiac cycle: (1) the P wave generated by 
atrial depolarization, (2) the QRS complex arising from 

ventricular depolarization, and (3) the subsequent T wave 
that forms due to ventricular repolarization [1].

It is well-known that ECG is used for cardiovascular dis-
eases detection, but as the shape and temporal distribution of 
the ECG waveform changes according to the current physio-
logical state, there is more information that can be extracted 
from ECG monitoring, namely changes in heart rate vari-
ability (which reflects one’s neurophysiological state) and 
other cardiac events [2]. The development of wearables and 
their increasing popularity has made ECG assessments more 
accessible. They enable users and researchers to take ECG 
monitoring out of the clinical and laboratory environment 
to assess cardiovascular health at virtually any environment 
and moment in time, resulting in a higher fidelity long-term 
assessment. These more accessible wearable data acquisition 
systems have implications on health care quality as these 
continuous monitoring schemes allow for early detection, 
prediction and possibly prevention of developing CVDs [3].

The acquisition of ECG signals with wearables is rela-
tively straightforward; however, potential noise sources that 
can distort the signal to such an extent that a correct analy-
sis and interpretation is made difficult must be considered. 
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The most common sources of noise in ECG signals stem 
from muscle activation (MA) in regions surrounding the 
ECG electrode placement, electrode movement (EM), and 
baseline wander (BW) [4]. Artifacts that overlap with the 
frequency spectrum of the ECG signal ( ∼ [1 Hz, 45 Hz]) 
are especially challenging because these cannot be removed 
with linear filters (low-, band-, nor high-pass filters) [1]. 
Such noise sources need to be especially considered in fac-
tory settings where workers execute high amount of fast 
repetitive movements and electromagnetic interference from 
surrounding machines is common. Thus, to acquire reliable 
ECG signals, effective noise removal techniques have to be 
developed and implemented.

Noise removal techniques can generally be separated 
into two categories: traditional and Machine/Deep Learn-
ing based approaches. Traditional noise removal techniques 
encompass empirical mode decomposition, wavelets, spar-
sity-based models, Bayesian filters, non local means denois-
ers, and hybrid models [5, 6]. In comparison to traditional 
approaches, deep neural networks have shown enhanced 
performance in ECG denoising, having the advantage of 
being adaptable to different noise amounts and sources, if 
trained with sufficient and relevant data. The most common 
approach in this field is utilizing denoising autoencoders 
(DAEs) [7–10]. More recently generative adversarial net-
works have been employed, producing state-of-the-art results 
[11]. Nevertheless, current deep learning approaches result 
in relatively large networks that aim at producing results 
with very low reconstruction error, meaning that the focus 
lies more on performance than on efficiency. In real-time 
processing pipelines networks that are able to denoise the 
ECG signal reliably and that are at the same time efficient 
(i.e., have low latency) are needed. Furthermore, perfor-
mance of networks on real-world data is currently lacking.

Industry 4.0 has ushered in novel opportunities to collect 
data in real-world contexts. However, these opportunities 
also present challenges concerning signal quality, once the 
environment is not under the researcher’s control. ECG is 
of significant relevance in industries, especially on assem-
bly lines: it provides direct insights into the cardiovascular 
response to repetitive tasks, which are often linked to car-
diovascular disorders and biomechanical risks. These tasks 
are often performed in awkward postures, lifting of poten-
tially heavy components, and under high levels of noise and 
stress, which impacts overall occupational and cardiovascu-
lar health [12, 13]. These wearable setups allow for continu-
ous data acquisition during work tasks without hindering 
the workers in their task execution. Monitoring occupational 
health through ECG to assess cardiovascular health should 
have positive outcomes on both an individual and organisa-
tional level, as the onset of work-related CVDs has direct 
implications on productivity through higher absenteeism and 
lower performance [12, 14]. The data quality is fundamental, 

since ergonomic and clinical interpretations will be based on 
these metrics. For this reason, the present work includes data 
from a project that was centered around the theme of Digital 
Transformation in Industry with a particular emphasis on the 
concept of Operator 4.0., referred to as OPERATOR. The 
primary objective was to create digital tools for monitoring 
an operator’s cognitive, motor, and physiological responses 
through the use of wearable technology.

In this work, we present one component that could be 
integrated into these frameworks, namely, a comparatively 
small bidirectional Gated Recurrent Unit (biGRU) model 
for removing MA, EM and BW noise from ECG data. The 
model was trained on the PTB-XL database [15] using addi-
tive noise samples from the MIT-BIT Noise Stress Test data-
base [16]. Additionally, we performed a data collection in a 
real world scenario, namely in an assembly line in automo-
bile industry, where tasks involve numerous motor strate-
gies and the signal could be subject to several noisy factors. 
This way, we were able to robustly evaluate the networks 
performance and efficiency using data collected in a manu-
facturing plant. Thus, the main contributions of our work 
can be summarized as follows: (1) using small GRU-based 
networks for ECG denoising tasks, (2) utilizing a heteroge-
neous database (PTB-XL), containing records from more 
than 18 thousand subjects encompassing data from various 
CVDs and healthy patients, (3) evaluating the model on real-
world noisy data, and (4) providing the denoising model as 
an open-source tool for public usage. The developed code 
repository (including the weights of the trained network) 
was made open-source and it is available at https://​github.​
com/​maria​naagd​ias/​ECG_​Denoi​ser.

Related Work

Deep Learning (DL) methods are becoming more popular in 
recent years as they have been successfully applied to ECG 
denoising generating state-of-the-art results. With regards 
to traditional demonising techniques, extensive reviews 
on these can be found in [5, 17]. Most ECG denoising 
approaches that employ DL focus on autoencoders (DAE), 
for which several model architectures have been proposed, 
including feed forward neural networks (NN), convolu-
tional neural networks (CNN), and long short-term memory 
(LSTM) cells.

Rodrigues and Couto [7] presented a feed forward NN 
with three hidden layers with 1000 neurons for the reduc-
tion of electrode motion artifacts. The network was initial-
ized using a stack of Restricted Boltzmann Machines and 
was then subsequently fine tuned. With their model, they 
showed that a variety of QRS detectors perform better after 
using it to denoise ECG signals. In [8], two fully-connected 
DAEs, one with a single hidden layer (SHL) and one with 

https://github.com/marianaagdias/ECG_Denoiser
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multiple hidden layers (MHL) were trained on ECG signals 
to which Gaussian white noise was added. For both networks 
the number of neurons and the activation function for the 
layers was investigated. They showed that the MHL-DAE, 
consisting of three hidden layers with a 50-L/2-50 neuron 
architecture, where L = 80 represents the length of the input 
signal, together with a tanh activation function performed 
the best.

Arsene, Hankins, and Yin [9] proposed both a CNN and 
an LSTM based model for ECG denoising. The CNN model 
consists of six blocks that contain a convolutional layer with 
36 filters of kernel size 19x1 and a stride of [1 1] followed by 
batch normalization layer, a rectified linear unit layer (both 
of size 36), and average pooling layer with a stride of four 
and a pooling size of two. The six blocks are followed by 
a fully-connected regression output layer that reconstructs 
the original signal. The LSTM model is composed of two 
blocks that include a LSTM cell with 140 neurons followed 
by fully-connected rectified linear unit layer, also with 140 
neurons. The same regression layer as in the CNN model 
is used to generate the output. Both models use an input 
layer of 30,000 neurons which is equal to the number of 
samples in the ECG input signal. To train and test their 
models they used two synthetic datasets and a real ECG 
dataset. In the synthetic datasets they added random and 
drift noise, while for the real ECG dataset a focus was put 
on motion artifact noise. The two models were compared 
with a traditional wavelet approach, showing that the CNN 
model outperformed the LSTM and the wavelet approach, 
when comparing the root mean square error between the 
reconstructed and original signal. Antczack [10] developed 
an architecture consisting of an LSTM cell with 140 neurons 
followed by two ReLU layers of 64 neurons each that was 
trained on ECG sequences with a length of 600 samples. 
Their network was pre-trained with synthetic data to find 
an optimized architecture and subsequently fine-tuned with 
real data. Both datasets were corrupted by white noise. They 
compared their network to a wavelet approach and a band-
pass filter and their model outperformed these approaches. 
Pre-training with synthetic data helped the model to con-
verge faster when being fine-tuned.

A DAE that combines CNN and LSTM was proposed by 
Dasan and Panneerselvam [18]. The encoder of their model 
consists of eight convolutional layers of with max-pooling 
layers in between. The final component of the encoder con-
sists of a LSTM cell followed by a fully-connected layer. The 
decoder mirrors the convolutional layers of the encoder with 
the difference that no batch normalization is applied and 
max-pooling is replaced by 1D up-sampling. They evalu-
ated their model by comparing it to other convolutional as 
well stacked DAEs when applying white gaussian noise to 
ECG signals, showing that their approach outperformed the 
comparative networks.

Recently, an approach using a generative adversarial net-
work (GAN) was proposed in [11]. The generator of the 
GAN receives signals corrupted with noise and is set to 
recreate the original noise-free signal. It consists of three 
fully-connected layers; the input and output layers are of 
size 310 which corresponds to the number of samples in 
the signals fed to the network. The generator of the network 
is trained with different loss functions that are composite 
combinations of the default generator loss, a distance func-
tion, a maximum local difference, and a mean square error. 
The discriminator receives either the output of the genera-
tor or a real noise-free ECG signal. It is set to distinguish 
if the provided input is either a real noise-free signal or a 
denoised signal.

While the presented approaches are all valid in their 
own right, they have certain limitations. With the excep-
tion of [8, 10], all presented papers used either synthetic 
data and/or the MIT-BIH arrhythmia database [19], which 
consists of data from only 47 subjects. There is the possibil-
ity that these networks are biased towards arrythmia sig-
nals and their denoising results would not translate to other 
pathologies. Furthermore, in all works noise was applied 
to the entire sample, which is not necessarily representa-
tive of real-world scenarios (e.g., motion or muscle artifacts 
do generally appear for short amounts of time, unless the 
subject is moving constantly). Finally, while [8, 10] used 
the PTB-XL database they only applied white noise to their 
ECG samples. This shows that there is a lack of models that 
are trained with (1) more diverse datasets (i.e., containing 
more pathologies and data from healthy subjects), (2) realis-
tic noise characteristics and (3) that are tested and evaluated 
on data collected in out-of-laboratory environments.

Methods

Gated Recurrent Units

In this work we present models based on GRU-cells, which 
are a way to implement Recurrent Neural Networks (RNNs). 
RNNs are neural networks that were designed for sequence 
analysis. Generally speaking, sequences are made of data 
points that are sequentially dependent, meaning that a data 
point at a specific time step is affected by previous points 
and might influence subsequent points [20]. Physiological 
signals such as the ECG are considered to be sequential 
data or in other words, time series. To model the sequential 
dependencies between time steps, RNNs include feedback 
connections among hidden units, which allow a “memory” 
of previous inputs to persist in the network’s internal state. 
However, when trying to model long-term dependencies 
with basic RNN models, the gradients calculated for updat-
ing the network’s weights during the back-propagation step, 
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tend to vanish [21]. One way to overcome the this vanishing 
gradient problem is to utilized GRU-cells [22]. The main 
architectural component of the GRU cell are two non-linear 
gates, the reset and update gates, that regulate the flow of 
information into and out of the cell, making it possible to 
maintain the state over time. Equations 1–4 are the math-
ematical formulas that describe the information flow through 
the GRU cell, which is represented in Fig. 1.

Part 1: Model Development

Databases

For training our model and performing an initial evalua-
tion, we used two databases: the PTB-XL database [15] and 
the MIT-BIH Noise Stress Test database [16], both publicly 
available in PhysioBank [23].

The PTB-XL database contains 21,837 10-s clinical 
ECG records from 18,885 patients. The subjects’ age ranges 
between 0 and 95 years and are evenly distributed in terms 
of gender. The 12-lead ECG signals were originally acquired 
at 400 Hz and two versions of the data are provided in Phys-
ioBank: an upsampled version at 500 Hz and a downsam-
pled version at 100 Hz. The database encompasses patholo-
gies associated with conduction disturbance, myocardial 
infarction, hypertrophy, and ST/T changes. Furthermore, it 
includes 9528 instances (43.6%) of normal ECG records. 

(1)zt = �(Wz ⋅ [ht−1, xt] + bz) (update gate)

(2)rt = �(Wr ⋅ [ht−1, xt] + br) (reset gate)

(3)
h̃t = tanh(W ⋅ [ht−1 ∗ rt, xt] + bh) (candidate activation)

(4)ht = (1 − zt) ∗ ht−1 + zt ∗ h̃t (output)

According to the authors, the data is of high quality, with 
only a few instances exhibiting static noise (14.9%), baseline 
drift (7.4%), burst noise (2.8%), or electrode-related issues 
(0.1%).

The MIT-BIH Noise Stress Test database contains three 
half-hour recordings of BW, MA, and EM noise. Two chan-
nels of noise were collected at 250 Hz, by placing the elec-
trodes in such a way that the ECG was not visible.

Data Pre‑processing

The following pre-processing steps were applied to the ECG 
signals: (i) the 500 Hz version of the PTB-XL database was 
down-sampled to 360 Hz (same as the MIT-BIH arrhythmia 
database); (ii) a second-order bandpass butterworth filter 
was applied to all ECG signals, with a high-pass cutoff fre-
quency of 1 Hz and a low-pass cutoff frequency of 45Hz 
to eliminate high-frequency noise [1]; and (iii) a Min–Max 
normalization was performed (normalization based on the 
minimum and maximum values of each record). The noise 
data was also resampled to 360 Hz.

Training, Validation, and Test Sets

The ECG data from PTB-XL was divided in training, valida-
tion, and test sets, with a proportion of 70%, 15%, and 15%, 
respectively. For each signal, the three leads with the low-
est number of peaks were selected and, for the training set, 
the 3 leads were used as separate signals; for the validation 
and test sets, 1 of the 3 leads was randomly selected. The 
rationale of this procedure is: as all leads are records of the 
same heart activity, a higher number of peaks in one lead is 
likely due to the presence of noise. This way, we had 45,777 
( 15,259 × 3 leads) ECG samples for training, 3270 for vali-
dation, and 3270 for testing. Regarding the noise data, both 
provided channels were used, totaling 60 min of BW, MA, 
and EM noise. 80% (48 min) was used for training, 10% (6 
min) for validation, and the remaining 10% for testing.

The Model’S Input: Noisy Samples

For training our model, we added to each 10-s clean ECG sig-
nal a random portion of noise, with a length of 2–6 s. The EM 
and MA noises were added to a random part of the clean ECG 
signal while the BW noise was always added to the entire 10 s, 
as illustrated in Fig. 2. Additionally, to some records, mixed 
samples of different types of noise were added. The set of all 
possible combinations was: (MA, EM, BW, BW + MA, BW 
+ EM, MA + EM, BW + MA + EM). There was a probabil-
ity of 1/3 that the added noise was MA, of 1/3 that the added 
noise was EM and of 1/3 that the added noise was either BW 
or any combination. The reason for this is the fact that BW 
noise is the easiest to remove and having combinations of Fig. 1   Illustrative representation of a GRU cell
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different noise simultaneously is less likely in the real world 
scenarios. In the training set, since we used 3 leads from the 
same signal separately, a different type of noise was added 
to each lead. In the training and validation sets, in order to 
include different proportions of noise, the noise was multi-
plied by a randomly chosen factor between [0.7, 1.5] before 
being added to the ECG signal. These boundaries were chosen 
to ensure that the model was exposed to neither too low nor 
unrealistically high amounts of noise. In the test set, the added 
noise had known SNRin values of either 0, 5, 7, or 10 dB.

Architecture Definition and Training

During the development of the GRU model, various architec-
tures were tested in the validation set. The optimized hyper-
parameters are presented in Table 1 and the two principal 
versions of the architecture are illustrated in Fig. 3: the uni-
directional and the bidirectional GRU. The model was fed 
with ECG signals following pre-processing and noise addition 
steps. Prior to inputting the data into the model, a Min–Max 
normalization process was applied, resulting in sequences of 
3600 samples each (representing 10 s recorded at 360 Hz) 
with values ranging from 0 to 1. The desired output consisted 
of the clean signals after pre-processing. While the model’s 
number of layers, neurons, and the dropout rate (applied to the 
output of GRU layers, except for the last one) were subject to 
optimization, certain parameters of the model were preestab-
lished. In the bidirectional approach, only the first or first two 
layers (in the cases where there were three) were configured 
to be bidirectional. The loss function employed was the Root 
Mean Square Error, measuring the discrepancy between the 

predicted and desired outputs. All models were trained using 
the Adam optimizer, for 130 epochs with a batch size of 256 
and an initial learning rate of 0.005. For each approach, the 
model parameters from the epoch with the lowest validation 
loss during training were saved. Finally, validation losses were 
compared and the model achieving the lowest value was tested 
on the test set.

We conducted model training using a Nvidia GeForce GTX 
1080 Ti GPU and the code was implemented in the deep learn-
ing framework Pytorch [24].

Metrics for Evaluation

To evaluate model performance on the PTB-XL database, the 
main metrics found in the literature were used: the Root-Mean-
Square Error (RMSE), the improvement in the Signal-to-Noise 
Ratio (SNRimp), and the Percentage-Root-Mean-Square Differ-
ence (PRD) [5]. Equations 5–9 describe these metrics, where y 
is the original clean ECG signal, ỹ is the noisy signal, and ŷ is 
the denoised signal. It is important to note that all these metrics 
imply the existance of a clean ground truth signal to compare 
the denoised output with, which means that they are not useful 
for real use cases. The equations that define these metrics are 
the following:

(5)RMSE =

√

√

√

√
1

N

N−1
∑

n=0

[y(n) − ŷ(n)]2

(6)SNRimp = SNRout − SNRin

Fig. 2   Schematic representation of the creation of noisy samples from adding MA, EM and BW noise to the clean ECG samples from PTB-XL
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Part 2: Field Application‑Testing the Model 
on Industrial Setting Data

The main goal of the present study is to build a model that 
is effective in the task of removing noise from ECG data 
acquired with wearable sensors in real-world scenarios, 
namely during work in a factory, where noise sources are 
various and extremely difficult to avoid. As such, After 
developing our model, we performed a test on data acquired 
in an industrial setting, with the aim of testing the robust-
ness of the model. In “Data Acquisition Protocol” section, 
the data acquisition protocol is described; in “Pipeline for 
ECG Denoising” section the applied method for testing the 
model with these data is defined; and in “Model Evaluation 

(7)SNRin = 10 × log10

�

∑N−1

n=0
[y(n)]2

∑N−1

n=0
[ỹ(n) − y(n)]2

�

(8)SNRout = 10 × log10

�

∑N−1

n=0
[y(n)]2

∑N−1

n=0
[ŷ(n) − y(n)]2

�

(9)PRD =

�

�

�

�

∑N−1

n=0
[ŷ(n) − y(n)]2

∑N−1

n=0
[y(n)]2

× 100%

on Industrial Setting Data” section we justify the param-
eters used for evaluating its efficacy in the absence of clean 
ground truth data.

Data Acquisition Protocol

A total of 46 subjects working in an automotive assembly 
line participated in the study. Data from 3 subjects were lost 
due to equipment problems during the acquisition, resulting 
in a final sample size of 43 participants (Table 2 contains the 
demographics information of the participants). Each session 
had a duration of 20 min to 1 h where the workers performed 
their regular work tasks (it was not possible to standard-
ize the time duration of the acquisitions because the regular 
assembly line functioning could not be compromised). The 
data collection was performed using the acquisition software 
OpenSignals (Plux, Lisbon, Portugal). A single-lead electro-
cardiography sensor with triode configuration (Plux, Lisbon, 
Portugal) was placed on the operator’s chest, as represented 
in Fig. 4, and the sensor was acquiring with a sampling rate 
of 350 Hz. The electrode placement was chosen to minimize 
the muscle activation noise, once the workers are performing 
intense upper body work and there was the need of reducing 
the risk of obtaining irreversibly noisy data. In addition to 
the ECG, other sensors were used to acquire electromyo-
graphy, respiration and movement data, nonetheless, this 
data was not used for the present study. The protocol was 
clearly explained to each participant, and all subjects gave 
their informed consent for inclusion before they participated 

Fig. 3   Overview of the proposed GRU based framework for ECG denoising

Table 1   Hyperparameters of the model and corresponding optimized 
values

Hyperparameter Tested values

Number of layers {2, 3}
Number of neurons {32, 64, 128, 256}
Dropout rate {0, 0.3}
Bidirectional {True, False}

Table 2   Participants’ demographics data

Sex 4 F 39 M
Age 38.0 ± 7.7 yrs
Height 176.7 ± 6.9 cm
Mass 77.9 ± 11.1 kg
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in the study. The study was conducted in accordance with 
the Declaration of Helsinki, and the protocol was approved 
by the Ethics Committee of University of Porto.

The acquired raw data were stored and visually inspected. 
From the visual inspection, it was possible to see that, 
although noisy as predicted, the data was in general of sat-
isfying quality considering the conditions under which the 
acquisitions were performed.

Pipeline for ECG Denoising

The main pipeline that was applied to the ECG data for test-
ing our model can be described by the following sequence 
of steps: (i) randomly selecting 10-min from each subject’s 
data, (ii) preparing the signal, which includes resampling to 

360 Hz, and MinMax normalization; (iii) running the model 
giving the prepared signal as input; (iv) post-processing—
the post-alignment step—which is the application of a 3rd 
order highpass butterworth filter with a cutoff frequency of 
0.5 Hz. The last step was added to our pipeline due to a bias 
that the model was adding to the output when long signals 
were given as input, causing a misalignment.

For time optimization purposes, we evaluated the impact 
of segmenting the ECG signal prior to its use as input to 
the model. The segmentation process, depicted in Fig. 5, 
can be outlined as follows: (i) dividing the signal into 31-s 
segments with a 1-s overlap with the preceding one (exclud-
ing the initial 30-s segment), (ii) applying denoising to each 
segment using the biGRU denoiser, and (iii) reassembling 
the segments. To reconstruct the signal, the initial 0.5 s of 
each output segment are cut, and the remaining overlapping 
0.5 s undergo mean overlap computation, as indicated in 
green in Fig. 5.

Model Evaluation on Industrial Setting Data

Testing on real-world data is a necessary step to understand 
if a model has the generalization power to properly execute 
the task it was designed for or if it only learned the features 
of the data it was trained with (i.e., whether it is overfitted or 
has good generalization power). Nonetheless, this evaluation 
is not straightforward, since there is no ground truth to com-
pare our results with. The literature on ECG quality assess-
ment can be divided in 3 main approaches [25]: the first uses 

Fig. 4   An illustrative representation of the ECG electrode placement

Fig. 5   Illustration of the segmentation process applied to long ECG 
signals. Within the reconstruction phase of the process, “remove” 
and “mean’ correspond to two key actions performed on output sig-

nal segments: “remove” indicates the portions of the signal that are 
cut, while “mean” designates the segments overlapped to compute the 
final reconstructed signal, depicted at the bottom of the figure
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statistical metrics to assess if the signal is of good quality 
or not, based on the expected shape of the histogram of a 
clean ECG signal; the second is based on distance metrics 
from template signals; the third comprises machine learning 
models that perform classification distinguishing noisy from 
clean signals. The first two approaches fall short when we 
are dealing with data that are not acquired in a clinical set-
ting, because the shape of the ECG signal and, consequently, 
of the histogram depend on the placement of the electrodes 
while acquiring the ECG. This way, clean ECG signals can 
have high distance values from ECG templates or have dif-
ferent histogram shapes not meaning that it is due to the 
presence of noise. The most recent studies on ECG quality 
assessment methods focus on distinguishing noisy from not 
noisy segments of signal and not on quality quantification 
[26] [27]. This can be useful for automatic deletion of noisy 
data (for example, for clinical purposes) or for selecting the 
parts of the data which should be denoised. For the purpose 
of this paper, nonetheless, it is not applicable as we are deal-
ing with data that is almost continuously subject to noise 
and we are trying to improve its quality in order to allow the 
study of cardiovascular response in workers using wearables. 
Moreover, it’s crucial for these algorithms to be made pub-
licly available, enabling wider testing and application, and 
this is frequently not the scenario [26].

Previous results obtained within the scope of the 
OPERATOR project have shown a significant correlation 
between heart rate variability (HRV) and fatigue state of 
subjects performing repetitive work in a laboratory set-
ting [28, 29]. These results suggest that from HRV we can 
obtain meaningful information from a subject’s physiolog-
ical state during work. Nonetheless, the various sources 
of noise that were present in an industrial workstation 
contaminate the ECG data and, hence, lead to higher dif-
ficulties while performing R-peak detection for the com-
putation of HRV metrics. As such, in order to evaluate 
the performance of the biGRU model in this new dataset, 
the chosen approach was to evaluate the improvement in 

R-peak detection after cleaning the noise with our model, 
similarly to the strategy implemented by Rodrigues and 
Couto in [7].

In summary, for evaluating the model, we used a random 
10-min segment from the data of each participant and com-
puted the number of missing peaks (MP) and wrongly detected 
peaks (WP) before and after performing the noise removal. To 
do that, we did the following steps: (i) R-peak detection, for 
which we employed a widely used Python algorithm from a 
well-know toolbox named Neurokit [30] (we used the default 
method, where the QRS complexes are detected based on the 
steepness of the absolute gradient of the ECG signal); (ii) com-
pute the distance between each two consecutive peaks; (iii) com-
pute the upper and lower limits for outlier detection, based on 
the 25% (Q1) and 75% (Q3) quartiles (and the Inter-Quartile 
Range (IQR)), as represented in Eqs. 10–12; (iv) compute the 
derivative of the distances vector and check if it is higher than a 
minimum value of 50 (experimentally determined). The last cri-
terion was added to make it robust to large (yet physiologically 
acceptable) heart rate fluctuations, avoiding erroneous outlier 
detections.

Results

Part 1: Model Development

From the models described in “Architecture Definition and 
Training” section, the one that achieved the lowest RMSE on 
the validation set was the bidirectional GRU with 2 layers of 64 

(10)IQR = Q3 − Q1

(11)Upper limit = Q1 + 1.25 × IQR

(12)Lower limit = Q3 − 1.25 × IQR

Fig. 6   Denoiser performance after the first, the tenth and the 58th (best) epochs
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hidden units with 0 dropout rate. This model has 26,121 param-
eters and achieved the best performance on the validation set 
after training for 58 epochs. Figure 6 illustrates the evolution 
of the model performance throughout the training phase: after 
the first epoch, the model outputs a timeseries that is almost 
entirely the same as the input; after 10 epochs it gets closer to 
the clean signal and after training for 58 epochs the noise is 
essentially removed from the input signal. Figures 7 and 8 show 
some examples of the performance of the final model on differ-
ent signals from the test set, corrupted with each type of noise 
and combination of different noises, respectively.

Table 3 demonstrates the mean results over all test signals 
according to the SNRin. When higher amounts of noise are 
added to the input (i.e., lower SNRin) the SNRimp is higher. How-
ever, PRD and RMSE increase, indicating that the output has a 
higher denoising error (Fig. 8).

Regarding the model’s performance on different types 
of noise, described in Table  4, the results show that the 
model is most and least effective in cleaning BW and EM, 
respectively.

In Fig. 9 we compare our model’s performance with 
two traditional denoising methods: the Neurokit filter (a 
0.5 Hz high-pass butterworth filter of 5th order, followed 
by powerline filtering) and the Pan-Tompkins algorithm. 
These denoisers are open source programs which are pub-
licly available in the Neurokit Python Toolbox [30]. The 
RMSE is 0.029, 0.393, and 0.405 when using the proposed 
GRU model, the Neurokit and the Pan-Tompkins denoisers, 
respectively, which shows that our model clearly outper-
forms these traditional denoisers.

Part 2: Field Application

As explained in “Pipeline for ECG Denoising” section, the 
results from the data acquired in the industrial work setting 
were obtained by segmenting the input signals. This was done 

to decrease the runtime of the model pipeline. Figure 10 reveals 
the generated output when performing versus not performing 
segmentation around an example of a segmentation limit, show-
ing that the results are similar, having little influence in the sig-
nal morphology around the segments limits. In the subsequent 
figures of the present section, all the denoised signals correspond 
to outputs obtained using the segmentation step.

The peak detection process, before and after denoising 
the signal, is represented in Fig. 11. This image illustrates 
the presence of outliers in the BPM signal, which was com-
puted from the distance between each two consecutive peaks 
divided by the sampling frequency, 360 Hz, multiplied by 
60 s/min. The peak detection performance is extremely 
improved after applying the proposed algorithm.

Figure 12 exhibits an example of the output of the model in 
comparison with the noisy input signal. In Table 5, we present 
the mean results across all 43 subjects, including the counts of 
missing and wrongly detected peaks (MP and WP, respectively) 
before and after denoising, along with the corresponding relative 
improvements (%Imp) achieved after signal cleaning using the 
proposed algorithm. These results distinguish between outcomes 
obtained before and after the implementation of the segmenta-
tion step. On average, more than 70% of the missing peaks are 
correctly detected after denoising the signal. Concerning WP, 
more than 50% of the peaks that were erroneously detected are 
corrected. These results demonstrate that the efficacy of the 
model does not change considerably due to the segmentation 
step. Nevertheless, performing signal segmentation significantly 
reduced processing time by about 50% for 10-min sequences.

Discussion

Regarding the model’s performance on different types of 
noise, the results from Table 4 show that the model is most 
and least effective in cleaning BW and EM, respectively, 

Fig. 7   Denoiser performance on samples from the PTB-XL test set: electrode motion (EM), muscle artifact (MA), and baseline wander (BW). 
Right: samples corrupted with different combinations of noise
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which is in accordance with results found in the literature. 
Unexpectedly, the model’s performance does not necessarily 
decline when more than one type of noise corrupts the data. 
For example, when denoising MA+BW noise, the RMSE is 
lower than when removing just MA noise and higher than 
when removing just BW noise. This can be interpreted as if 
the denoiser removes each type of noise independently and, 
for the same amount of SNRin, when multiple noise sources 
are present, the error is around the mean of the obtained 
error for each type of noise alone. Overall, the model is able 
to efficiently remove a great part of the noise from the noisy 
ECG signals, achieving SNRimp values of up to 30.6, 28.5, 
26.5, and 24.2 dB on records with SNRin of 0, 5, 7 and 10 
dB, respectively.

Regarding employment of the biGRU model to the 
data acquired in a real industrial setting, the results were 
extremely satisfying. The are two main reasons that make 
these results impressive. The first is the fact that the new data 
in which the model was tested differed greatly from the data 
with which it was trained: different environment (clinical 

Fig. 8   Denoiser performance on samples from the PTB-XL test set: samples corrupted with different combinations of noise

Table 3   Mean results obtained (SNRimp, PRD, and RMSE) for each 
SNRin

SNRin (dB) SNRimp (dB) PRD (%) RMSE

0 21.7 8.9 0.041
5 19.5 6.5 0.029
7 18.6 5.7 0.025
10 16.5 5.4 0.023

Table 4   Results obtained (SNRimp, PRD, and RMSE) per noise type

Noise Type SNRimp (dB) PRD (%) RMSE

MA 19.2 6.4 0.029
EM 18.2 7.0 0.032
BW 20.6 5.5 0.024
MA + BW 19.4 6.5 0.027
EM + BW 19.5 6.1 0.027
MA + EM 19.2 6.4 0.029
MA + EM + BW 18.9 6.6 0.029

Fig. 9   Comparative results of the proposed denoiser (GRU) and two denoisers publicly available through the Neurokit Python toolbox [30]: Neu-
rokit and Pan-Tompkins
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setting versus factory), different protocol (steady versus in 
movement), and different electrode placement in the body 
(which alters the morphology of the signal). The second is 
that the workers were performing a variety of upper body 
work tasks (and some of them were very intense) which 
inherently results in a great amount of muscle activation 
noise summing to other noise sources from the workplace 
context (previously unseen by the model). The fact that the 

model was able to properly remove the main noise compo-
nents of the signal (as it is visible in Fig. 11, for example) 
shows that it has a good generalization power and that it is 
not over-fitted neither for the PTB-XL ECG nor for the MIT-
BIH NST noise sources.

Given that we are the first to use the PTB-XL database 
together with MIT-BIH Noise Stress database as basis for 
developing a denoiser to clean MA, EM and BW noise, there 

Fig. 10   Comparison of the output signal around a segment limit when the segmentation of the signal was not performed (top) versus when it was 
(bottom)

Fig. 11   Presence of outliers in the beats per minute (BPM) plot, from the peak detection process in the ECG signal, before and after signal denoising
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are no benchmarks available from the literature to which 
our results can be directly compared. For this reason, we 
opted for: (i) comparing our models to traditional denois-
ing approaches and (ii) performing a qualitative comparison 
with state-of-the-art models. From Fig. 9, it is observable 
that our model’s performance significantly surpasses widely 
used publicly available tools for ECG denoising. Regarding 
the state-of-the-art approaches reported in the literature and 
described in “Related Work” section, we undertook a quali-
tative comparison, summarized in Table 6.

As already mentioned in the “Related Work” section, in 
most studies the models were trained using the MIT-BIH 
Arrhythmia database. Apart from this one the other data-
bases that were used are: the MGH Waveform database, 
with data from 250 patients [32], the QT database, which 
included 105 recordings [33], the PTB Diagnostic, from 
290 subjects [34], and the MIT-BIH Apnea, consisting of 
18 records [35]. Compared to the size and inherent diver-
sity of PTB-XL, the mentioned databases lack representative 
power. Regarding the noise addition step that is common 
to all approaches, limiting the training and testing of the 
model to the presence of gaussian white noise (as in [8, 9, 
18]) is very restrictive. In [7], the authors perform tests on 
one record from the MGH database, which contains real 
noisy signals (ie, there was not the need of artificially add-
ing noise to it); however, the only paper that also performed 
tests on a non-clinical environment was [31]. Even so, the 

tests performed in the present study go a step further when 
the data collection is performed in a non-controlled environ-
ment, where the researchers had no interference on the tasks 
that were being performed.

In terms of computational complexity, our model has 
a parameter count of 2.6 × 104 . Among the related works, 
from our estimates, the DAE from [8] has an even lower 
parameter count; however, its training and testing were lim-
ited to Gaussian noise, significantly limiting its adaptability 
to other prevalent sources of noise. Our proposed model 
outperforms the remaining by at least a tenfold reduction in 
the number of parameters when compared to other studies. 
This advantage is critical, particularly for reducing testing 
time, especially on lightweight devices, where computa-
tional resources are constrained. It’s worth noting that most 
of the existing models are not publicly accessible, render-
ing testing and utilization impossible. The FFNN model [7] 
and DeepRTSNet [31] are publicly accessible. While the 
former provides the code but not the trained model, the latter 
requires a paid subscription for access.

Conclusions and Future Work

In this work, a simple GRU-based DL architecture is pro-
posed to execute the task of ECG denoising. For the first 
time, a DL denoiser was trained and tested on the PTB-XL 

Fig. 12   Example of the result obtained when applying the proposed model to a noisy input signal (shown in the upper plot) from the factory set-
ting collection

Table 5   Results obtained in R-peak detection before and after applying the proposed model

Two different approaches (with and without segmentation) are compared with the results prior to cleaning the signals acquired in an industrial 
setting
MP and WP denote Missing Peaks and Wrongly detected Peaks, respectively. % Imp denotes the relative improvement of the corresponding met-
ric. Std stands for standard deviation

Before After (no segmentation) After (with segmentation)

MP WP MP WP MP WP

Mean ± std 60 ± 50.7 36.2 ± 28.5 17.0 ± 18.0 16.2 ± 17.2 16.7 ± 16.0 16.5 ± 17.5
% Imp – – 71.7 55.2 72.2 54.4
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database for the task of removing MA, EM and BW noise 
from ECG signals. The developed approach cleans noisy 
ECG signals and outputs signals with good quality, while 
simultaneously preserving the trace of abnormal signals of 
patients. Furthermore, the model’s robustness for applica-
tion in real-world scenarios was tested on a large data col-
lection that was performed in an industrial setting, during 
work. The results obtained from the new dataset empha-
size the model’s efficacy and its generalization power, 
further reinforcing the notion of integrating the biGRU 
denoiser into a comprehensive framework for monitoring 
the occupational health of workers through wearable data.

As part of our future work, we plan to enhance the 
denoising pipeline by including an ECG quality assess-
ment tool. This tool will be responsible for identifying 
and selecting segments of the signal requiring cleaning, 
ensuring that the denoiser is applied only where necessary. 
Additionally, we will investigate the influence of segment 
size on the segmentation step, aiming to further improve 
the model’s efficacy and efficiency.

Limitations

The primary limitation of this study pertains to the R-peak 
detection tool utilized, as it is not infallible. Nonetheless, we 
contend that the impact of this limitation is mitigated. Also, 
it’s worth noting that the clean signals used for model train-
ing are not entirely devoid of noise (although the database 
is of very good quality); in the context of our study, the met-
rics employed in the initial phase compute the divergence 

between the provided output and the original signal. Con-
sequently, an output that surpasses the original signal in 
terms of cleanliness might erroneously receive a lower per-
formance score. Another limitation pertains to the absence 
of a ground-truth reference for evaluating the denoiser’s per-
formance on real-world noisy data. Nevertheless, it’s worth 
noting that this challenge extends to the evaluation of most 
machine learning models, as real-world scenarios often lack 
definitive ground-truth references. Addressing this issue is 
imperative to effectively assess the model’s generalization 
capabilities.
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a Estimated based on the provided information (minimum estimate)
b MGH: record mgh124; QT: record sele0106
c Noise data from MIT-BIH Noise Stress Database

Model Parameters ECG database Noise added Real noisy 
ECG tests

Open-source

FFNN [7] 3,003,000a MIT-BIH Arrhythmia; MGH; QTb EMc Yes Yes
DAE [8] 12,220a PTB diagnostic GWN No No
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