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Abstract 

Noise reduction is a fundamental aspect of stress 

electrocardiogram (ECG) recording. In this setting, 

muscular noise represents the main antagonist to signal 

quality. A possible solution to muscle noise in stress ECG 

is to exploit the information redundancy in 12-lead 

recordings to reduce noise while preserving the ECG 

signal. Source Consistency Filtering (SCF) is a spatial 

redundancy filter that follows this principle. 

In this paper, we compare the muscle noise rejection 

performance of conventional 25Hz and 40Hz low-pass 

filters (LPFs), the SCF and a method based on singular 

value decomposition (SVD) which exploits both the 

spatial and temporal correlation in the ECG signal. 

Our results indicate that the SCF can afford a QRS 

complex distortion lower than that of a 40 Hz lowpass 

filter while still maintaining a high noise rejection. The 

QRS detection accuracy on the filtered ECG was 

comparable for all methods except for the SVD filter, 

which allowed a superior detection performance score in 

all the records. 

 

 

1. Introduction 

The interpretation of morphology and rhythm of the 

electrocardiogram is based on signals with good quality. 

While this is not an issue in resting ECG, noise rejection 

is required in Holter or stress ECG, as well as ECG 

recorded with wearable devices. The manifestations of 

noise in ECG may be divided in low frequency and high 

frequency noise [1]. High frequency noise is caused by 

powerline interference and skeletal muscle activity. For 

the former, stop band and nonlinear, sinusoid-based filters 

are established countermeasures [2]. Muscle noise 

represents a more complex interference, where the 

frequency content of the myographic potential is 

overlapping with the characteristic ECG band, typically 

from 5 to 100 Hz [3]. The most straightforward approach  

is to reduce excessive muscle noise is to low-pass filter 

the ECG signal. However, any low-pass filtering 

operation up to 100 Hz will inevitably distort the 

characteristic waves of ECG [4]. The choice of cut off 

frequency of the low-pass filter is then a compromise 

between noise rejection and wave distortion. As most of 

the frequency content of ECG waves lies under 40 Hz [5], 

40 Hz low pass filters are commonly used in ECG stress 

recording devices. 

Other muscle noise ECG filters have been proposed in 

the literature, with different properties of noise reduction, 

wave distortion, and computational complexity. Among 

the different techniques that have been proposed, we 

mention time-varying filters [6], filter banks [7], wavelets 

[8], warped polynomials [9], the Kalman filter [10], SVD-

based eigenfilters [11] and the source consistency filter 

[12]. The general principle in many of these approaches is 

to adapt the noise rejection action to the local 

characteristics of the ECG signal. One way that this can 

be achieved is to take advantage of the information 

redundancy in 12-lead ECG, as the ECG signal is 

correlated between leads while noise typically is not. The 

source consistency filter and the SVD-based method rely 

on this assumption. 

In this paper, we evaluate the source consistency filter 

with respect to the conventional low-pass filter. 

Additionally, we also propose an SVD-based method that 

takes into account both the spatial and temporal 

consistency of the signal, to further investigate the noise 

rejection potential of redundancy in 12-lead ECG. 

 

2. Methods 

The ECG signal recorded with electrodes can be 

considered as 𝒚 = 𝒙 + 𝜺, where 𝒙 is the “true” ECG 

signal and 𝜺 is the noise term, When a noise reduction 

filter is applied to 𝒚, the 𝜺 term is reduced while 

preserving the true signal 𝒙. For this reason, in the filter 

evaluation we performed, we measured the performance 

of the different filters by comparing the difference 

between the filtered signal 𝐻(𝒚) and the real signal 𝒙. In 

this work, we focused on muscle noise, i.e. we assume the 

𝜺 term to represent only muscle noise. 

 



2.1. Data 

In order to obtain a true ECG signal 𝒙, completely free 

of noise, we used the ECG simulator described in [13]. 

We synthesized 40, 5-minute long ECG records. In order 

to simulate the high-frequency muscle noise, we added 

bursts of gaussian white noise in the electromyographic 

frequency band, 5 to 70 Hz, thus obtaining the noise-

corrupted 𝒚 signals. The added noise was uncorrelated 

between leads, and frequency band limits varied from 

lead to lead. The SNR ratio of each burst of noise varied 

randomly from -10 to -1 dB. For the evaluation of QRS 

detection on filtered ECG, we also considered 40 real 

stress ECG recordings, where additional noise was added 

with the same method described above. 

 

2.2. Low-pass filters 

Two linear phase low-pass filters were considered as 

reference methods, with cut-off frequencies at 25 and 40 

Hz, respectively. 

 

2.2. Source-Consistency Filter 

The source-consistency filter [12] takes advantage of 

the redundancy of spatial information in 12-lead ECG to 

preserve the true signal and reduce muscle noise, which is 

uncorrelated. In source-consistency filtering, the input 

signal 𝒙 is high-pass filtered to remove most of the 

PQRST waves. The cut-off frequency of the high-pass 

filter in this study was set to 25 Hz. The 8 independent, 

high-pass filtered leads are estimated by least squares 

regression. The agreement between the high-pass filtered 

signal 𝒉 and the estimated signal �̂� is determined by 

consistency, 𝑐. Consistency modulates the filter output in 

a continuous way: 𝒚 = 𝒙 − (𝑐 − 1)𝒉. Consistency is 

averaged in a window, which we set to 50 ms. The least 

squares regression coefficients for the estimation of 𝒉 are 

calculated in the QRS portion of averaged ECG. 

 

2.2. Spatiotemporal Eigenfilter 

The ECG at each lead is autocorrelated, and cross-

correlated  with the ECG at each other lead. Conversely, 

muscle noise affecting each lead is typically poorly 

autocorrelated and  not cross-correlated  with the noise 

affecting the other leads. In turn, noise is not cross-

correlated with the ECG signals. The proposed 

spatiotemporal eigenfiltering (STEF) method for the 

extraction of ECG from noisy signals exploits both these 

autocorrelation and cross-correlation differences. The 

signal is decomposed and reconstructed with few 

eigenvalues, which account for almost all signal 

information. 

The STEF method combines the auto and cross-

correlation information by applying the singular values 

and singular vectors decomposition the matrix 𝑨 
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where 𝑥𝑘
𝑖  refers to the sample of the input signal 𝒙 of lead 

𝑘 at time 𝑖, 𝑁 is the length in samples of the ECG signal 

to be filtered, 𝐿 are the independent leads and 𝑤 is the 

temporal embedding window size. In other words, the 

matrix 𝑌 is built by concatenating 8 Hankel matrices, one 

for each ECG lead. Each Hankel matrix is individually 

built by repetition of a single lead translated in time up to 

a number of samples 𝑤. 

The matrix 𝑨 is decomposed by SVD, thus resulting in 

𝑨 = 𝑼𝑺𝑽T 

where the columns of U are the left singular vectors, the 

columns of 𝑽 are the right singular vectors and 𝑺 is a 

diagonal matrix of singular values. SVD is thus applied to 

a matrix in which each ECG signal appears 𝑤 times. The 

signal is reconstructed by first setting to zero the singular 

values after the 𝑝-th one, where 𝑝 = 8 was determined 

empirically. The corresponding singular value matrix, 𝑺𝑟, 

has only 𝑝 ≤ 𝑞 of the  original 𝑞 = 𝑤𝐿 singular values. 

The reconstructed 𝑩 matrix  is given by 

𝑩 = 𝑼𝑺𝑟𝑽
T 

The reconstructed, filtered signal 𝒙𝑟 is obtained by 

averaging the cross diagonals of 𝑩 for each lead 𝑘: 

𝑩(𝑘) = [
𝑏𝑘
0 … 𝑏𝑘

𝑤

… … …
𝑏𝑘
𝑁−𝑤 … 𝑏𝑘

𝑁
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The singular values and vectors are calculated in the 

initial phase of the stress ECG recording, where the noise 

power is much lower than the ECG power. The 

eigenvectors associated with the largest singular values 

take into account the changes that occur with the highest 

correlation on the 𝑤𝐿 signals (including cross-correlation 

and autocorrelation). Since the ECG is commonly much 

more cross-correlated and autocorrelated than noisy 

components, the first eigenvalues will account for the 

signal components. 

 

3. Results 

We evaluated the filtering accuracy of the considered 

methods with three metrics, shown in Table 1, Table 2 

and Table three. The first metric is the mean error 

between the noise-free simulated ECG 𝒙 and the filtered 

signal 𝐻(𝒚). The second metric is the mean error for QRS 

complexes only, which was calculated on 100ms long 

windows centered on each QRS complex. 

 

 



Table 1. Mean average error between clean ECG and 

filtered ECG. The error is averaged between all records 

and all independent leads. 

 

Algorithm  Global error  

MAE, µV 

QRS error 

MAE, µV 

No filter 98.08 12.01 

25 Hz LPF 44.42 9.57 

40 Hz LPF 70.16 8.94 

SCF 53.11 8.23 

STEF 37.36 10.51 

 

While the lowest overall error was achieved with the 

STEF method, SCF achieved the lowest QRS complex 

distortion. The third metric of filtering performance we 

report is the average, minimum, and maximum F1 score 

of QRS detection, shown in table 2. 

 

Table 2. Mean QRS detection F1 score for all simulated 

records. Minimum and maximum values are reported in 

the brackets. 

 

Algorithm  QRS detection, F1 

Mean (min – max) 

No filter 0.970  (0.749  –  1.000) 

25 Hz LPF 0.973  (0.762  –  1.000) 

40 Hz LPF 0.969  (0.749  –  1.000) 

SCF 0.970  (0.756  –  1.000) 

STEF 0.997  (0.980  –  1.000) 

 

QRS detection performance was calculated for each 

independent ECG lead as a measure of QRS signal 

distortion. The STEF method allowed superior QRS 

detection performance in all leads, even in the worst 

cases. 

We also calculated QRS detection on real, annotated 

stress ECG data, where simulated noise (section 2.1) was 

added to the real noise already present.  

 

Table 3. Mean QRS detection F1 score for real ECG 

records with added simulated noise. Minimum and 

maximum values are reported in the brackets. 

 

Algorithm  QRS detection, F1 

Mean (min – max) 

No filter 0.994  (0.766  – 0.999) 

25 Hz LPF 0.995  (0.774  – 0.999) 

40 Hz LPF 0.994  (0.760  –  0.999) 

SCF 0.994  (0.776  –  0.999) 

STEF 0.998  (0.989  –  1.000) 

 

These results were obtained with MATLAB. The QRS 

detection method we used is described in [14]. We also 

show an example of filter output (red) superimposed to 

real noisy ECG (black) in Figure 4. This plot was 

obtained from a real 12-lead stress ECG recording 

without adding simulated noise, and lead II is shown for 

each of the four filters. 

 
Figure 1. Example of real muscle noise filtering from 

stress ECG. The same lead II of a real noisy ECG 

recording is shown. The black signal is unfiltered ECG, 

the red signal is the filtered output for the four methods 

we considered. 

 

4. Discussion and conclusion 

The different characteristics of the filters we 

considered in this evaluation can be highlighted in Figure 

4. The 40 Hz filter is able to preserve most of the QRS 

complex amplitude, but muscle noise is still partially 

present in the output. The 25 Hz filter smooths both the 

noise and the upward tip of the QRS complex. The SCF 

appears as a compromise between the two, where he 

filtering action is modulated by the consistency between 

leads. In windows where consistency is high, i.e. around a 

QRS complex, the output is unfiltered. When consistency 

equals zero the output is effectively a 25 Hz low-pass 

filter, which is the minimal cut-off frequency we set. 

Lastly, the STEF filter shows a remarkable ability to 

maintain a stable baseline even in the presence of loud 

noise. However, we can also note a distortion of QRS 
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complex, not caused by frequency cut-off, but from the 

inexact reconstruction of the subspace of the 𝑝 < 𝑀 

eigenvectors instead. 

Regarding the source consistency filter, we showed 

how the minimal cut-off frequency we set to 25 Hz 

translates to a QRS distortion comparable to that of a 40 

Hz filter. The muscle noise spectra extends below 25 Hz, 

however further lowering the minimal frequency cut-off 

of the SCF may include excessive QRS complex energy 

in the least squares estimation. This, in turn, would render 

the solution unstable due to excessive correlation between 

the high-pass filtered leads. The other fundamental 

parameter of the SCF method is the consistency function, 

which is averaged on a window. Further study on the 

consistency function and the window size could possibly 

improve the noise rejection and wave preservation 

characteristics. 

The STEF method we introduced reached the lowest 

overall filtering error, although with a QRS distortion 

greater than the SCF. Additionally, QRS detection 

performance on ECG records filtered with this method 

was the highest in all leads, thus demonstrating the ability 

of this filter to take full advantage of information 

redundancy to extract ECG from bursts of high intensity 

noise. We speculate that the method may fail to recover 

the ECG when the structure of the interdependence 

between the leads changes over time during the stress 

test. For this reason, a evaluation on ischemic events is 

required. In addition, the effect of low-frequency artifacts 

and channel loss on filtering performance should also be 

investigated. 

The major limitation of this work is indeed the 

simplistic noise model we adopted, which is filtered 

gaussian white noise. Future developments of this work 

should also focus on more realistic noise simulation 

algorithms. 

 

References 

[1] P. Kligfield, L. S. Gettes, J. J. Bailey, R. Childers, B. J. 

Deal, E. W. Hancock, H. G. van, J. A. Kors, P. 

Macfarlane, D. M. Mirvis, O. Pahlm, P. Rautaharju, and G. 

S  Wagner, “Reco  endations for the Standardi ation and 

Interpretation of the Electrocardiogra ,” J. Am. Coll. 

Cardiol., vol. 49, no. 10, pp. 1109–1127, Mar. 2007, doi: 

10.1016/j.jacc.2007.01.024. 

[2]    Sörn o and P   aguna, “Chapter 7 - ECG Signal 

Processing,” in Bioelectrical Signal Processing in Cardiac 

and Neurological Applications, L. Sörnmo and P. Laguna, 

Eds. Burlington: Academic Press, 2005, pp. 453–566. 

[3] G. Bortolan, I. Christov, I. Simova, and I. Dotsinsky, 

“Noise processing in exercise ECG stress test for the 

analysis and the clinical characterization of QRS and T 

wave alternans,” Biomed. Signal Process. Control, vol. 18, 

pp. 378–385, Apr. 2015, doi: 10.1016/j.bspc.2015.02.003. 

[4] R. J. Gibbons, G. J. Balady, J. W. Beasley, J. T. Bricker, 

W. F. Duvernoy, V. F. Froelicher, D. B. Mark, T. H. 

Marwick, B. D. McCallister, P. D. Thompson, W. L. 

Winters, F. G. Yanowitz, J. L. Ritchie, M. D. Cheitlin, K. 

A. Eagle, T. J. Gardner, A. Garson, R. P. Lewis, R. A. 

O’Rourke, and    J  Ryan, “ACC/A A guidelines for 

exercise testing: executive summary. A report of the 

American College of Cardiology/American Heart 

Association Task Force on Practice Guidelines (Committee 

on Exercise  esting),” Circulation, vol. 96, no. 1, pp. 345–

354, Jul. 1997, doi: 10.1161/01.cir.96.1.345. 

[5] N. V. Thakor, J. G. Webster, and W. J. Tompkins, 

“Estimation of QRS Complex Power Spectra for Design of 

a QRS  ilter,” IEEE Trans. Biomed. Eng., vol. BME-31, 

no. 11, pp. 702–706, Nov. 1984, doi: 

10.1109/TBME.1984.325393. 

[6] J   al on, J  Kors, and J  Van Be  el, “Adaptive 

Gaussian filtering in routine ECG/VCG analysis,” IEEE 

Trans. Acoust. Speech Signal Process., vol. 34, no. 3, pp. 

527–534, Jun. 1986, doi: 10.1109/TASSP.1986.1164864. 

[7] V. X. Afonso, W. J. Tompkins, T. Q. Nguyen, and S. Luo, 

“ECG beat detection using filter banks,” IEEE Trans. 

Biomed. Eng., vol. 46, no. 2, pp. 192–202, Feb. 1999, doi: 

10.1109/10.740882. 

[8] L. Smital, M. Vítek, J. Kozumplík, and I. Provazník, 

“Adaptive Wavelet Wiener  iltering of ECG Signals,” 

IEEE Trans. Biomed. Eng., vol. 60, no. 2, pp. 437–445, 

Feb. 2013, doi: 10.1109/TBME.2012.2228482. 

[9] W  Philips, “Adaptive noise re oval fro  bio edical 

signals using warped polyno ials,” IEEE Trans. Biomed. 

Eng., vol. 43, no. 5, pp. 480–492, May 1996, doi: 

10.1109/10.488796. 

[10] R. Sameni, M. B. Shamsollahi, C. Jutten, and G. D. 

Clifford, “A Nonlinear Bayesian  iltering  ra ework for 

ECG Denoising,” IEEE Trans. Biomed. Eng., vol. 54, no. 

12, pp. 2172–2185, Dec. 2007, doi: 

10.1109/TBME.2007.897817. 

[11] B  Acar and    Koy en, “SVD-based on-line exercise 

ECG signal orthogonali ation,” IEEE Trans. Biomed. 

Eng., vol. 46, no. 3, pp. 311–321, Mar. 1999, doi: 

10.1109/10.748984. 

[12] D  W  Mortara, “Source consistency filtering-a new tool 

for ECG noise reduction,” in [1991] Proceedings 

Computers in Cardiology, Sep. 1991, pp. 125–128, doi: 

10.1109/CIC.1991.169061. 

[13] A  Petrenas, V  Maro as, A  Sološenko, R  Kubilius, J  

Skibarkiene, J  Oster, and    Sörn o, “Electrocardiogra  

modeling during paroxysmal atrial fibrillation: application 

to the detection of brief episodes,” Physiol. Meas., vol. 38, 

no. 11, pp. 2058–2080, Nov. 2017, doi: 10.1088/1361-

6579/aa9153. 

[14]    Bachi,    Billeci, and M  Varanini, “QRS Detection 

Based on Medical Knowledge and Cascades of Moving 

Average  ilters,” Appl. Sci., vol. 11, no. 15, Art. no. 15, 

Jan. 2021, doi: 10.3390/app11156995. 

 

Address for correspondence: 

 

Lorenzo Bachi 

Institute of Clinical Physiology, National Research Council of 

Italy (IFC-CNR), via Moruzzi 1, 56124, Pisa, Italy 

C Building Ground Floor Room 62 

l.bachi@santannapisa.it 


