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Abstract— Goal: Noise on recorded electrocardiographic 

(ECG) signals may affect their clinical interpretation. 
Electromyographic (EMG) noise spectrally coincides with the 
QRS complex, which makes its removal particularly challenging. 
The problem of evaluating the noise-removal techniques has 
commonly been approached by algorithm testing on the 
contaminated ECG signals constructed ad hoc as an additive 
mixture of a noise-free ECG signal and noise. Consequently, 
there is an absence of a unique/standard database for testing and 
comparing different denoising methods. We present a SimEMG 
database recorded by a novel acquisition method that allows for 
direct recording of the genuine EMG-noise-free and -
contaminated ECG signals. The database is available as open 
source.    
 

Index Terms— ECG acquisition, EMG noise, denoising 
 

Impact Statement— SimEMG is the first dataset with 
simultaneously recorded electrocardiograms with and without 
electromyographic noise. It provides unique set for direct 
assessment and comparison of ECG denoising and filtering 
methods. 

I. INTRODUCTION 
HEN performed outside the clinical settings, ECG 
measurements are highly susceptible to noise. The 

rapidly increasing demand for mobile ECG devices has 
renewed the interest in overcoming this challenge. Common 
noise sources are: baseline wander (BLW), power-line 
interference (PLI), motion artifacts, and electromyographic 
(EMG) noise [1]. The EMG noise is broadband (> 10 Hz) and 
particularly challenging to eliminate due to its significant 
spectral overlap with the QRS complex – the principal 
information carrier in ECG signal. The EMG noise origin in 
involuntary muscle movements does not allow for an obvious 
mitigation strategy. Hence, the EMG noise must be eliminated 
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by signal processing, which is particularly true for the 
measurements by handheld ECG devices, which imply the 
engagement of fingers [2], [3]. 

A number of EMG-noise removal techniques have been 
developed, including various time and frequency filtering [4], 
[5], and deep learning [6], [7] methods. However, evaluation 
and comparison of these techniques remain a problem due to 
the nonexistence of a suitable evaluation data set. This 
problem has commonly been approached by using the 
contaminated ECG signals constructed as an additive mixture 
of noise-free ECG signals and noise. The noise-free ECGs are 
typically taken from publically available databases by 
selecting segments without considerable noise levels or 
obtained artificially by ECG signal generators. The noise is 
typically taken from the MIT noise stress test (MIT-NST) 
database, which comprises a distinct original EMG signal and 
other noise sources [8,] [9] or derived by nonlinear filtering of 
white Gaussian noise to spectrally match the EMG noise [5], 
[10]. Signal selection and construction may bias the evaluation 
and comparison of denoising algorithms. However, reports on 
the evaluation and comparison of denoising algorithms vary 
widely in signal selection and construction. For example, 
reported are EMG-contaminated ECG signals obtained from 
the CSE database with added CGN noise [5], from the MIT-
BIH Normal Sinus Rhythm database with CGN noise [10]; 
from the MIT-BIH database with the noise procured from the 
MIT-NST database [11], synthetized ECG signals with added 
CGN noise [12], etc. Therefore, it is difficult to establish an 
optimum denoising technique and evaluate its performance.  

Here, we propose and implement a new acquisition method, 
SimEMG, that allows simultaneous recording of EMG-noise-
contaminated and free ECG signals. The method relies on the 
reference measurement performed with the ECG electrodes 
placed on the upper arm, which is known to be much less 
affected by EMG noise than the hands. We apply the method 
to create an open SimEMG database, the first database of 
genuine noisy and EMG-noise-free signals suitable for 
evaluating and comparing denoising algorithms.  

II. DATA COLLECTION PROCEDURES 
This work was approved by the Human Research Ethics 

Committee of the Institute for Cardiovascular Diseases 
Dedinje, Serbia, with the ethical standards of the institutional 
and/or national research (approval number 4474). 
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A. Acquisition method 
The method assumes that the potential on every point along 

the arm is constant when muscles are relaxed [13] and that the 
EMG noise is generated locally in the hands. Then, the 
potential difference between electrodes placed on the hands 
includes the EMG noise, while the potential difference 
between electrodes placed on the shoulders distant from the 
noise source renders the reference signal without noise (Fig. 
1). 

 
The standard clinical ECG includes recordings from 12 

leads (3 limb leads, 3 augmented limb leads, and 6 precordial 
leads) obtained by placing 10 electrodes at predefined 
positions on the body surface (2 on arms, 2 on legs, and 6 on 
chest). All precordial electrodes (V1-V6) are referenced to the 
Wilson central terminal. Hence, any pair of precordial 
electrodes can be used to measure the voltage difference 
between any two points on the body. For example, a pair of 
precordial electrodes placed in the positions of lead I 
electrodes will give the potential difference equivalent to the 
lead I. We exploit this to define SimEMG electrode 
positioning in the following manner: 

- The electrodes for recording the limb leads are placed 
in the standard manner.  

- A pair of precordial electrodes (V1 and V2) is placed 
on the shoulders at the point of attachment of the 
deltoid muscle (shoulder muscle) to the humerus 
(upper arm) to obtain the reference noise-free signal.  

- The other two pairs of precordial electrodes are 
placed in the regions of intermediate (V3 and V4) and 
proximal (V5 and V6) phalanges on the upper side of 
the left and right hands to record signals 
contaminated by EMG noise. 

Note that here, the term ‘precordial’ refers to the standard 
ECG hardware and does not describe the placement of 

electrodes in SimEMG configuration. 
Each SimEMG measurement generates 4 single-lead signals 

obtained by subtracting the potentials within each electrode 
pair: a reference signal from the shoulders and three signals 
contaminated with noise (one from the standard limb leads and 
two from the potential differences between fingers of the left 
and right hand). The EMG noise is introduced by activating 
hand muscles either by pressing two fingers of one hand 
against each other or pressing the object that causes resistance. 
An example of recorded signals is shown in Fig. 2.  

 
Here, ECG was recorded by a custom-made 12-lead ECG 

device based on a 24-bit Texas Instruments A/D converter. 
The recordings were 30 seconds long with a sampling rate of 
500 Hz. The amplitude resolution was 200 samples per mV. 
The reference, limb, and one finger-lead were recorded by the 
standard Ag/AgCl electrodes with gel (Ag/AgCl gel) [14] 
commonly used in clinics. Despite the excellent performance 
of the Ag/AgCl gel electrodes in recording ECG signals, they 

 

 
Fig. 1. SimECG acquisition method. Noisy signals (grey line) were 
recorded in three different forearm Postures 1-3. Noise-free signals (blue 
line) were obtained from the upper arm electrode. The same postures were 
assumed by both arms. 

 

 
Fig. 2. A typical set of signals from a single measurement. a) Reference 
lead, b) wrist lead, c) wet electrode finger lead, d) dry electrode finger 
lead. 
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are not suitable for mobile ECG devices. It has been shown 
that in mobile ECG monitoring, the orbital electrodes have 
better performance [16]. Hence, the second finger lead was 
recorded by a pair of orbital electrodes (Orbital Research Inc., 
Cleveland, OH, USA) [15] fixed to the fingers with a medical 
adhesive tape.  

B. Recording protocol 
Upon signing the written consent, 15 healthy volunteers 

participated in the study, 6 males and 9 females, aged 
44.5±14.6. Measurements were performed with the subjects in 
the supine position and three different arm postures shown in 
Fig. 1 and explained below: 
- the arms placed along the body (posture 1), 
- the forearms leaned on the hips, approximately at the 

angle of 45 degrees relative to the bed (posture 2), 
- the forearms point upright, with elbows supported on the 

bed next to the body (posture 3). 
Subjects were holding the clips in their hands and were 

instructed to press them by thumb and index finger to generate 
the EMG noise. They were instructed to stay relaxed as much 
as possible in their upper arms so that the reference signal had 
a minor EMG component detected. We collected three 
recordings per arm posture, which resulted in 9 overall 
recordings per subject. 

C. Signal processing 
In order to obtain signals contaminated only with EMG 

noise, we applied the following signal processing:  
- Baseline wander was removed by a 5th–order high-pass 

Butterworth filter with a cutoff frequency of 1 Hz;  
- Power-line interference was removed by applying the 2nd 

order IIR notch filter with the central frequency of 50 Hz;  
- Low-pass 2nd–order Butterworth filter with a cutoff 

frequency of 100 Hz was utilized for removal of the high-
frequency components (beyond the spectrum of the QRS 
complex).  

The postprocessing was performed in MATLAB, 
MathWorks Inc. 

III. VALIDATION PROCEDURES 
All recordings were approved by a cardiologist, who 

inspected and validated the ECG electrode positions. One 
single-lead recording is rejected due to electrode misplacing. 

A number of the recorded reference signals contained a 
small residual EMG noise. To retain as clean reference signals 
as possible, we established a rejection criterion based on the 
estimated noise level. From a signal filtered by a high-pass 
filter with a cutoff frequency of 25 Hz, we first excluded all 
the samples contained in the interval from R-60ms to R+60ms 
(QRS complex) and then calculated the root-mean-square 
error (RMSE) on the remaining samples to use it as a 
representation of the noise content. All reference signals with 
RMSE > 0.011 mV were rejected, whereby the RMSE 
threshold was set empirically. This resulted in the exclusion of 
89 out of 126 recordings.  

We set two successful reference recordings taken at 

complete rest in the lying position as an inclusion criterion for 
subjects. If a subject did not meet this criterion, all recordings 
from that subject were excluded from the study. This resulted 
in the exclusion of one subject. 

One subject could not make a satisfactory reference signal 
when introducing EMG noise in both hands. To reduce the 
residual noise during recording, we suggested engaging only 
one hand in generating the EMG noise component. This 
maneuver resulted in a reference signal with the RMSE below 
the threshold.  

 

IV. DATASET DESCRIPTION 
The recordings are stored and published in a repository in 

Mendeley [17]. SimEMG contains 147 signals in total, 37 out 
of which are noise-free and 110 noise-contaminated single-
lead recordings. They are generated from 14 subjects (9 
females and 5 males aged 40±13). Each recording is 30 
seconds long. 

Recordings are saved in ASCII format in the files named 
‘PatientNumber_RecordingNumber_ElectrodePosition.mat’, 
where PatientNumber counts patients and assumes values P1, 
P2, … P14, RecordingNumber counts recordings per patient, 
and ElectrodePosition names the recording lead: ‘lead I’ for 
the wrist lead recorded with Ag/AgCl electrodes, ‘Ag-AgCl’ 
for the finger lead recorded by Ag/AgCl electrodes, and 
‘ORB’ for the finger lead recorded with orbital electrodes. For 
example, ‘P3_2_Ag-AgCl.txt’ is a finger lead recorded with 
gel electrodes in the second measurement on patient 3.  

To quantify the level of noise, we evaluated the signal-to-
noise ratio, defined as the ratio between the recorded reference 
signal and EMG noise, on all signals. Here, the noise was 
defined as the difference between a noise-contaminated and 
the reference signal. The average SNR of the noise-
contaminated signals was 8.53±5.5 dB. Most signals obtained 
from fingers had SNR < 8 dB, while only 7 recordings had 
SNR > 16 dB, indicating a high overall noise level (Fig. 3). 

 

V. USAGE NOTES 
The SimEMG database is significant as it enables direct 

 

 
 
Fig. 3. Number of recordings at different noise levels 
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evaluation and comparison of the methods for EMG noise 
removal from ECG signals. This is particularly important in 
mobile hand-held devices in which the involuntary muscle 
movement in the hands generates large EMG noise. All 
algorithms developed for this purpose, including ensemble 
averaging (EA), wavelet transformation, adaptive filtering, 
independent component analysis, and model-based filtering 
[4], [5], [10], [12], can be evaluated and compared using 
SimEMG. Moreover, SimEMG can also serve as a test set for 
denoising methods based on deep learning, such as 
autoencoders [6] or U-net-like networks [7]. Its use as a 
learning set is currently limited by the number of recordings. 
However, the proposed acquisition method and protocol can 
be used to generate larger sets. 

Although insignificant for diagnostic purposes, the small 
amount of residual EMG noise can influence the comparison 
of different filtering methods. Our future work will focus on 
addressing this issue. One possibility would be to record a 
multi-lead ECG signal on the torso in the vicinity of the arms 
and use it to reconstruct a reference signal. This allows for the 
recording of the noise-free signals along with the signals with 
EMG noise, BLW, and motion artifact, thus enabling full 
comparison of denoising methods on real ECG signals. 

VI. CODE AVAILABILITY 

The MATLAB (MathWorks, Inc.) code used for data 
processing is provided here  
https://drive.google.com/file/d/128EFArKpYfFMkcIrvzadP8h
EKlk8shKt/view?usp=share_link 
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