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Abstract

Wearable systems are increasingly adopted for health monitoring and wellness promo-
tion. Among the most relevant biosignals, the electrocardiogram (ECG) plays a key role;
however, in wearable settings (e.g., during physical activity), it is often corrupted by elec-
tromyogram (EMG) interference. This study presents a novel adaptive algorithm, template
masking (TM), which integrates the stationary wavelet transform (SWT) with template
matching for denoising the ECG from EMG. The method identifies the optimal wavelet
and decomposition level to maximise detail sparsity. To mitigate EMG interference, after
alignment in the SWT domain with a template, the detail coefficients are multiplied by
a binary mask and smoothed. TM was compared with soft and hard thresholding on
(1) simulations combining clinical ECGs (MIT-BIH database) and synthetic EMGs with
different signal-to-noise ratios (SNRs), and (2) experimental signals including ECGs ac-
quired with dry electrodes corrupted by EMGs (SimEMG database, also varying SNRs), as
a potential wearable scenario. In both cases, TM yielded significantly lower reconstruction
errors at SNRs below 5 dB (p < 0.01) and significantly outperformed thresholding in the
sensitivity of R-peaks estimation (p < 0.001). These results demonstrate the potential of
TM, highlighting the value of adaptive denoising algorithms.

Keywords: electrocardiogram; electromyography; denoising; stationary wavelet transform;
simulations

1. Introduction
The electrocardiogram (ECG) is the recording of the heart’s electrical activity and is

widely used in clinical settings to diagnose cardiovascular diseases, which is the leading
cause of death worldwide [1]. Nowadays, the widespread use of wearable devices such as
smartwatches [2], wristbands [3], and smart garments [4,5] has led users to self-monitor
their health status outside hospitals through ECG recordings. Alongside consistent techni-
cal innovations, leading to smaller, lighter, and smarter devices, some challenges remain,
e.g., the lack of high-quality recordings. In this regard, ECGs are often affected by interfer-
ences coming from either the human body or the external environment. With particular
reference to devices meant for ECG recording, the signal of interest is susceptible to differ-
ent artifacts. Among them, motion artifacts (MAs) and electromyogram (EMG) interference
are certainly the most critical [6,7].

It is worth mentioning that, unlike power line interference and baseline wander, it
is not possible to adopt hardware solutions to remove the influence of EMGs and MAs.
Traditional approaches, such as filtering techniques, are not always effective in removing
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these artifacts, especially when the noise overlaps with the frequency range of the ECG
signal and has high amplitude. For this reason, different approaches have been proposed,
and the adaptive least mean square algorithm is one of the most adopted [8,9]. This filter
dynamically adjusts its coefficients to minimise the mean square error between the desired
signal and actual output. The method is simple [10] and can be used for managing the
non-stationarity of the ECG [11]. However, it relies on a reference signal, such as the noise
source, and adjusting the step size can make the process more complex and potentially
affect its stability.

Another technique to be mentioned is empirical mode decomposition (EMD) [12],
whose principle is to decompose the signal into intrinsic mode functions (IMFs) [13]. The
method is adaptive and suitable for the non-stationary signals. For denoising purposes,
IMFs related to the noise are usually discarded [14]. Overall, EMD suffers from the so-called
mode mixing, which occurs when an IMF contains oscillatory components with widely
different frequencies, thus failing to properly separate the underlying time–frequency
scales necessary for denoising purposes. Modified versions of EMD exist to mitigate the
effect of the mixing mode, such as ensemble EMD (EEMD) [15] and complete EEMD with
adaptive noise (CEEMDAN) [16]. In general, EMD is computationally expensive [13],
and the complexity increases with EEMD and CEEMDAN.

In addition to the above, the wavelet transform (WT) should be mentioned. WT de-
composes a signal into coefficients across multiple levels, each corresponding to a specific
frequency band. WT overcomes the intrinsic limitation of the short-time Fourier transform
by providing good resolutions at high and low frequencies [17]. In the paramount of WTs,
the stationary wavelet transform (SWT) has gained importance for ECG denoising [18–23],
with a recent study [13] showing superior performance compared to the EMD, EEMD,
CEEMDAN, and hybrid approaches. To perform denoising with the SWT, thresholding
techniques are used; more specifically, coefficients below a threshold are either scaled (soft
thresholding) or set to zero (hard thresholding). When dealing with WT, denoising perfor-
mance is strictly dependent on different aspects: the chosen wavelet, the decomposition
levels, the thresholding rule (soft or hard), and the thresholds used [24].

In the field of ECG denoising, recent advances in deep learning (DL) have had a signifi-
cant impact [25–27]. DL enables ECG denoising by automatically learning complex patterns
and generalising across patients. However, it is computationally intensive, may overfit
when training data are limited, and can struggle to adapt to new or unseen conditions of
noise. Given the limitations above, simpler methods still find application, as they can also
be more easily embedded into wearable devices.

Overall, due to the variability of noise in biological signals, dynamic and adaptive
approaches are needed to modify wavelet’s coefficients to preserve the morphological
components of the ECG and correctly estimate the location of R-peaks, especially in the
presence of consistent noise, which is a common condition when using wearable devices.

In this paper, we present a novel approach designed to address the needs described
above by employing a hybrid strategy that combines SWT and template matching. We refer
to this method as template masking (TM) and evaluate its performance on noisy signals,
particularly in scenarios where noise can significantly overpower the ECG, as is commonly
observed in wearable applications. This study evaluates the goodness of TM in simulations,
considering clinical ECGs corrupted with synthetic EMGs, and on ECGs collected with
dry electrodes and corrupted with real EMGs, to evaluate TM’s performance on signals
acquired in a potential wearable device condition. The denoising performance of TM
was compared against traditional thresholding techniques employing various threshold
selection rules. Additionally, the sensitivity of R-peaks estimation was evaluated and
compared across the methods.
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The rest of this work is structured as follows. Section 2 is dedicated to a description of
the ECG databases, the explanation of the multilayer cylindrical model used to simulate
the synthetic EMGs, a brief introduction to WTs and the denoising approaches based on
WTs, and a description of our proposal. Section 3 is focused on a comparison between TM
and thresholding-based denoising algorithms, considering different noisy signals. Finally,
Section 4 and Section 5 are dedicated to the discussion and conclusion, respectively.

2. Materials and Methods
2.1. Datasets

Here, we present in detail the datasets considered to test our proposal in simulation
and on experimental conditions. Furthermore, the multilayer cylindrical model used to
generate synthetic EMGs for the simulations is presented.

2.1.1. Simulations

For simulations, the MIT-BIH Arrhythmia database [28] was used, which consists of
48 records, each lasting 30 min, of ambulatory ECGs of patients suffering from arrhythmia.
The participants’ ECGs were digitised with a sampling frequency of 360 Hz and an 11-bit
resolution within the 10 mV range. This study utilised the first of the two available channels.
ECGs were high-pass filtered at 0.5 Hz with a 5th-order Chebyshev type II filter with 40 dB
attenuation in the stop-band to remove possible motion artifacts.

The multilayer cylindrical model presented in [29] was used to generate synthetic EMG
signals (see Figure 1a,b). The model’s parameters were adopted from [30], as detailed below.
Skin conductivity was set equal to 2.2 · 10−2 S/m and fat conductivity to 4.0 · 10−2 S/m.
In addition, transversal and longitudinal conductivity of the muscle tissue were set at
9.0 · 10−2 and 40.0 · 10−2 S/m, respectively. Concerning the bone conductivity, it was set at
2.0 · 10−2 S/m. For this study, one electrode with a surface of 1.0 mm2 was simulated as
aligned to the muscular fibres, as shown in Figure 1a. Concerning the monopolar signal
fibre action potentials (SFAPs), they were simulated for fibres with mean semi-lengths of
60 mm with the innervation zones (IZs) in the middle; however, the exact location of fibre
ends and IZs were randomly chosen (with uniform distribution) with a range of variation
of 10 mm (see Figure 1a). The number of fibres per motor unit (MU) was distributed
exponentially, with values between 15 and 300. Furthermore, the density of muscle fibres
was 20 per mm2. A total of 400 MUs was considered, and their locations were chosen
randomly in the muscle with a uniform distribution. The fibres nearest to the centre of
an MU were selected as its members, and their corresponding SFAPs were summed to
simulate the motor unit action potential. The conduction velocity (CV) of the MUs was
determined using a Gaussian distribution with a mean of 4.0 m/s and a standard deviation
of 0.3 m/s. The CV values were assigned following the size principle. Interference signals
were simulated according to [31], assuming a recruitment threshold range equal to 70%
of the maximal voluntary contraction (MVC). The firing rate (FR) ranged from 8 to 30 Hz,
increasing linearly with the force level at a slope of 1 Hz per 1% MVC after MU recruitment,
up to the maximum FR. A 10% random Gaussian jitter was applied to the inter-spike
interval. Furthermore, white Gaussian noise (representing electronic noise) was added to
the simulated EMG so that the power of the EMG was ten times greater than that of the
white Gaussian noise.
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Figure 1. (a) Graphical representation of the multilayer cylindrical model presented in [29]. The in-
nervation zone (IZ), the tendons, and the electrode are shown on the cylindrical surface. The distance
between the IZ and the considered electrode was 20 mm. (b) Transverse view of the multilayer
cylindrical model, including bone, muscle, fat, and skin. The red circles indicate the motor units
considered for simulations. Notably, the parameters considered for the EMG simulator are the same
as in [30]. (c) Portion of the EMG signal, whose total length was 2 s in this image, generated through
the model in (a). (d) Power spectral density of the synthetic EMG, estimated through the Welch
method, considering epochs of 500 ms, the Hamming window, 50% overlap, and 0.5 Hz resolution.
The EMG signals were resampled from 2048 Hz to 360 Hz to match the ECG’s sampling frequency.

An example of simulated EMG is shown in Figure 1c, whereas its power spectral
density is depicted in Figure 1d. For the latter’s estimation, the Welch method was used,
considering epochs of 0.5 s, the Hamming window, an overlap of 50%, and a resolution of
0.5 Hz. The original sampling frequency of the EMG signals was 2048 Hz. Therefore, EMGs
were resampled to match the ECG’s sampling frequencies of the investigated databases
(i.e., 360 Hz).

From now on, the ECG will be referred to as the signal (s[k]), and the EMG as noise
(n[k]). Regarding the latter, a force level of 40% MVC was considered, and two conditions
were simulated: an isotonic (constant) and an intermittent contraction, respectively. For the
intermittent EMG, three contractions lasting 2, 1, and 3 s were simulated. To match the
duration of the signal, the corresponding simulated EMG segments were concatenated,
creating a noise with the same ECG temporal length, regardless of the type of contraction.
For simplicity, to model intermittent contractions, the EMG signals were windowed using
Tukey windows, and when the muscles were simulated as inactive, only white Gaussian
noise was present. Notice that this is a simplification, as it does not model the gradual
activation and deactivation of the muscle. The signal and the noise were uncorrelated,
and their combination, hereafter referred to as the noisy signal (x[k]), is defined as

x[k] = s[k] + n[k] (1)

To quantify the noise contribution to the noisy signal, the signal-to-noise ratio (SNR)
was estimated

SNR = 10 · log10

(
Ps

Pn

)
(2)
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where Ps is the power of the signal and Pn the power of the noise.

2.1.2. Experimental Conditions

The SimEMG database [32,33] was considered to test our proposal on experimental
ECGs corrupted by EMGs. As stated above, given the experimental set-up (i.e., the use
of dry electrodes), the conditions are similar to those of a wearable device. The database
includes 110 ECGs collected from different anatomical regions (i.e., wrist and fingers)
and multiple sensors from 14 healthy subjects (5 men and 9 women, of age 40 ± 13,
mean ± standard deviation). ECGs were collected using a custom 12-lead ECG device that
exploits the 24-bit Texas Instruments A/D converter. Each recording lasted 30 s. To compare
the results between the datasets, signals were resampled at 360 Hz.

The signals were recorded while participants were in a supine position with their arms
resting alongside the body (posture 1), with their forearms touching the hips at roughly a
45-degree angle to the bed (posture 2), and with their forearms perpendicular to the bed
(posture 3). Each subject held clips in their hands and was instructed to press them using
their thumb and index fingers to produce EMG noise. An additional ECG recorded on the
shoulder served as a reference, since muscle activity did not affect it. For further details on
data acquisition, we refer the reader to [32].

ECGs were already pre-filtered. More specifically, baseline wander was eliminated
using a 5th-order high-pass Butterworth filter with a cut-off frequency of 1 Hz. Power
line interference was suppressed by a 2nd-order IIR notch filter at 50 Hz. Additionally,
a 2nd-order low-pass Butterworth filter with a cut-off frequency of 100 Hz was applied to
remove high-frequency components.

Two types of electrodes were used to record the ECGs from the fingers: wet and
dry. In this study, only the recordings from the dry electrodes (“ORB”) were considered.
Dry electrodes are known to provide a lower SNR than wet ones, mainly due to higher
skin–electrode impedance and greater vulnerability to motion artifacts. Concentrating on
dry electrodes enabled us to test the method in more demanding conditions, similar to an
acquisition with a wearable device. The database includes 37 records with “ORB” in their
names, which were selected for the subsequent analysis.

2.2. Methods

Here, we describe the methods, starting with a brief introduction to the WT, fol-
lowed by the most common thresholding strategies, and concluding with a description of
our proposal.

2.2.1. Wavelet Transforms

The continuous wavelet transform (CWT) can be defined as

W(s, τ) =
∫ +∞

−∞
x(t)ψ∗

s,τ(t)dt (3)

where x(t) is the signal to be investigated, and ψ(t) is the mother wavelet, from which her
daughters are obtained changing the scale (s) and translation (τ) factors

ψs,τ(t) =
1√

s
ψ

(
t − τ

s

)
(4)

The discrete wavelet transform (DWT) is formulated similarly to Equations (3) and (4),
but scale and translation factors are powers of two (i.e., s = 2j and τ = 2jk)

ψs,τ =
1√
2j

ψ

(
t − 2jk

2j

)
j, k ∈ Z (5)
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What unites CWT and DWT is their ability to decompose a signal into components at
different frequency scales. In the case of DWT, this is achieved through a recursive filtering
process using high-pass and low-pass filters, resulting in detail (cD) and approximation
(cA) coefficients. While CWT does not use this filter bank approach, it similarly analyses
the signal at multiple scales by convolving it with scaled and translated versions of a
mother wavelet. Unlike the CWT, the DWT down-samples the signal by a factor of two
after each filtering stage, producing orthogonal basis functions that enable efficient and
fast computation [18]. On the other hand, CWT is a redundant transform since all the
continuous values of s and τ are considered.

An extension of the DWT is the SWT, which avoids decimation in the time domain,
making it a redundant transform [20]. In other words, the typical down-sampling of the
DWT is replaced with an up-sampling, overcoming some DWT limitations, e.g., translation
invariance and lower time resolution at low frequencies [1,19]. Even though an increased
redundancy in coefficients occurs, the benefit is in avoiding the extra artifacts brought
about by time-domain down-sampling at larger sizes [19].

2.2.2. Wavelet Thresholding

WTs are suggested to overcome the limitations of the traditional filters, whose perfor-
mance is reduced when the spectrum of the signal of interest overlaps significantly with
the noise one. Indeed, in the WT domain, signal and noise are more effectively separated
compared to representations based solely on time or frequency.

For denoising purposes, wavelet thresholding can be adopted, and its effectiveness
depends on the type of wavelet, the decomposition levels, the choice of threshold, and how
this threshold is applied to the coefficients [24,34]. In particular, the thresholding process is
typically applied to the detail coefficients, while the approximation coefficients are generally
preserved without modification [24]. Different thresholding rules are available, and the
most popular are certainly the soft and hard thresholding, defined in the same order below

cDj,kS =

sign(cDj,k)(|cDj,k| − λ)+ if |cDj,k| ≥ λ,

0 otherwise
(6)

cDj,k H =

cDj,k if |cDj,k| ≥ λ,

0 otherwise
(7)

where λ stands for the threshold, j indicates the investigated level, and k the sample
considered. Overall, soft thresholding reduces the coefficients that exceed the threshold,
resulting in a decrease in signal amplitude. On the other hand, hard thresholding introduces
discontinuities into the detail coefficients, which can generate undesired oscillations in the
time domain, also referred to as pseudo-Gibbs phenomena [24].

As concerns thresholding, the threshold λ depends on the noise intensity

λ = σλ̃x (8)

where σ indicates the magnitude of the noise and λ̃x depends on the threshold selection
rule, which will be discussed next. If the noise is Gaussian and white, it is possible to
estimate its magnitude through the standard deviation of the SWT coefficients of the first
decomposition level

σ =
median(|cD1,k|)

0.6745
(9)
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In that case, the resulting λ is level-independent, and if the noise is not white, which is
a common aspect in physiological signals (e.g., for the neural activity [24]), it is preferable
to have a level-dependent approach by calculating σ for each decomposition level (j).

Regarding λ̃x estimation, different approaches exist. In the context of the SWT,
the most commonly used selection methods include the universal threshold, the mini-
max threshold, the adaptive threshold based on Stein’s unbiased risk estimate (also known
as rigrsure in the MATLAB implementation), and the heuristic variant, which combines the
latter and the universal threshold [35,36]. All the thresholds are implemented in MATLAB
and were considered in this study for comparison with our proposal.

2.2.3. Template Masking

The implementation of TM needs some preparatory steps. To begin, a reference ECG
waveform must be estimated to serve as a template. This template is derived from analysing
the first 5 s of each recording. The waveforms are identified, aligned, and then averaged to
produce the final template. An example template can be appreciated in Figure 2a, relative
to subject 101.

(a) (b)

(d) (e)

P

Q

R

S

T

(c)

a.
u.

0.2 s 

a.
u.

0.2 s 

Figure 2. (a) ECG template from subject 101: 5 s of signal were considered for its estimation. (b) En-
tropy values for different decomposition levels and wavelets. The optimal decomposition level and
mother wavelet were selected based on the criterion of minimum entropy on the details coefficients.
(c) Corrupted version of the signal in (a) with SNR of 0 dB. To denoise this signal, the chosen de-
composition level was 4 and the optimal wavelet, estimated in (b), was “coif1”. (d) Rectified details
coefficients for the ECG waveform depicted in (a). (e) Example of binary mask used for the TM.

Subsequently, the template is used to estimate the optimal mother wavelet for each
subject from a set of candidates, which is then applied to process the remaining ECG
signal. This research is performed to minimise the entropy of the detail coefficients, thus
guaranteeing a compact representation of the template in the SWT domain. Up to 5 decom-
position levels and three wavelet families, commonly used for processing the ECG [37], are
considered: Daubechies (db1, db2, db3, db4, db5, db6, db7, db8, db9, and db10), Coeiflets
(coif1, coif2, coif3, coif4, and coif5), and Symlets (sym1, sym2, sym3, sym4, sym5, sym6,
sym7, sym8, sym9, and sym10), for a total of 25 orthogonal wavelets (see Figure 2b). It is
worth mentioning that since SWT requires the signal length to be a power of two, additional
samples equal to the signal’s median are appended if necessary to meet this requirement.
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The Shannon entropy (H) of the details, whose numerosity is equal to N, is then
calculated for each wavelet (ψ) and decomposition level (j)

H(ψ, j) = −
N

∑
i=1

pilog2(pi) (10)

and the minimum of H is estimated in order to extract the optimal wavelet (ψ̂) and the
optimal “temporary” decomposition level ( ĵ)

(ψ̂, ĵ) = arg min
ψ,j

H(ψ, j) (11)

Once the mother wavelet is estimated, the noisy signal is considered (see Figure 2c),
and the entropy of the details coefficients is estimated again, but only varying the decom-
position levels. The decomposition level at which entropy is minimised is selected, and the
temporary decomposition level is updated accordingly. The term “temporary ” is used
because entropy minimisation is performed for each new noisy signal, resulting in an
updated decomposition level every time a new noisy signal has to be processed.

Notably, the use of the optimal wavelet–decomposition level pair in the entropy sense
would generate concentrated coefficients among the levels. This is illustrated in Figure 2d,
which shows the rectified detail coefficients of the template in Figure 2a, thereby enabling
their inclusion in a binary mask, like the one shown in Figure 2e.

The estimation of that binary mask is the last of the preliminary steps. The mask
edges are derived from the centred discrete normalised gradient of the rectified detail
coefficients, by identifying values that exceed 0.1 (value chosen by a fine-tuning on a few
data). Then the region included in the edges is filled with ones, and the rest is set to
zero. It is worth mentioning that after the optimal wavelet estimation, the research for the
temporary decomposition level is performed on levels 3 to 5, to avoid the risk of having
small masks.

Once the preliminary steps are performed, the TM can be implemented. A pipeline
of the whole algorithm is depicted in Figure 3 and consists of 6 steps. Steps (1) and (2)
are already presented and are relative to the temporary decomposition level estimation
through the entropy minimisation strategy from the noisy signal, and perform the SWT.
Then, the binary mask is aligned in the time domain in correspondence to each waveform (3).
The alignment is obtained through a cross-correlation with the template (i.e., template
matching), considering the details coefficients of both the noisy signal and the template at
the last level of decomposition. To detect the peak(s) for the alignment, a threshold equal to
2 times the standard deviation of the cross-correlation was considered. Thereafter, the mask
is applied only to the detail coefficients (4), and the non-zero coefficients in each level are
substituted with a cubic smoothing spline interpolation (5), with a smoothing parameter
(S) to reduce the contribution of noise, which may manifest with abrupt changes in the
coefficients. The smoothing parameter is level-dependent, and it is estimated as

Sj =
σ2

Tj

σ2
Mj

(12)

where σ2
Tj

represents the variance in the detail coefficients of the template at level j, and σ2
Mj

is the corresponding variance for the noisy signal at the same level. The maximum value
of S was limited to 1. For S = 0, the fit is linear, and for S = 1, it is a natural cubic
spline; as S varies between 0 and 1, the smoothing shifts gradually from the linear fit to the
spline. As depicted in Figure 3 (step 5), the coefficients transition gently toward zero rather
than abruptly, helping to avoid potential Gibbs effects. Finally, the inverse SWT (ISWT)
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is performed, obtaining the denoised signal (6). Overall, TM seeks to mimic an adaptive
thresholding approach by setting to zero the detail coefficients that do not correspond to
the ECG waveform, while retaining and smoothing the relevant ones to mitigate the effect
of noise. Furthermore, by moving to the SWT domain (where signal and noise are expected
to be partially separated) the method aims to overcome the intrinsic limitation of template
matching, which relies on the temporary localisation of an ECG template around an R-peak.

Noisy Signal SWT
1 2

Samples

Levels

Mask Alignment
3

Samples

Levels

Cubic Smoothing 
Spline Interpolation
5 Mask Applied on 

Details Coefficients

Samples

Levels

ISWT
6

CLEANED ECG
ORIGINAL ECG

SMOOTHED
ORIGINAL

4

Figure 3. Algorithm pipeline. Once the mother wavelet is defined, the noisy signal (1) is considered,
and the signal is decomposed considering the mentioned wavelet and the new estimated temporary
decomposition level (2). For this example, the signal in Figure 2c was considered. Once the mask is
aligned with the noisy ECG through template matching (3), it is applied to the detail coefficients (4),
preserving their sign for the next step. The non-zero coefficients are interpolated with a cubic
smoothing spline (5), and the inverse SWT is performed (6).

2.3. Performance Evaluation

This section presents the tests conducted to assess the effectiveness of our proposal in
comparison with thresholding methods, as well as the corresponding statistical analysis.

2.3.1. Performance Indexes

Concerning simulations, different noisy conditions were evaluated. The denoising
performance of TM and thresholding techniques was estimated on blocks of 1 s, considering
all the subjects of the whole dataset. The choice to conduct this analysis was to simulate a
real-time signal acquisition.

Still on simulations, we evaluated the denoising performance on both constant and
intermittent EMGs, varying the SNRs from 10 to −10 dB, with steps of 5 dB. The signals
were corrupted with noise before being segmented into 1 s blocks. Since the original ECG is
available and noise is artificially added as described in Equation (1), the effectiveness of the
denoising algorithms was quantified using the normalised root mean square error (NRMSE)

NRMSE =

√
1
N ∑N

k=1(ŝ[k]− s[k])2√
1
N ∑N

k=1(s[k])2
(13)

where ŝ indicates the output of the denoising algorithm. For each subject, we estimated the
average NRMSE by considering all 1 s blocks and TM’s performance was compared with
both hard and soft thresholding approaches, considering as thresholding selection rules the
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ones presented in Section 2. Notably, to normalise the reconstruction error of each block,
we used the original signal as the denominator in Equation (13). Due to the nature of the
noise, a level-dependent approach was considered for the estimation of the thresholds. It is
worth mentioning that the thresholding methods were applied to the SWT obtained with
the same wavelet and decomposition levels as those employed by the TM.

In addition, the sensitivity of the R-peaks estimation was evaluated considering a
tolerance of ±5 samples

Sensitivity =
TP

TP + FN
(14)

where TP indicates the true positive and FN the false negative. The considered tolerance
results in a heart rate estimation error of less than 3%. This analysis focused on signals
exhibiting a marked drop in sensitivity (i.e., median sensitivity below 95%), which for
tests on simulations happened with noisy signals at −5 and −10 dB. Note that sensitivity
values can be estimated a priori from the noisy signal, before any denoising pipeline is
applied. For automatic peaks detection, the Pan–Tompkins algorithm [38] implemented
in [39] was used.

Regarding the tests emulating acquisitions with wearable device, two tests were con-
ducted. First, an evaluation of the denoising performance of the investigated methods was
carried out considering the available noisy signals. The NRMSE was used as a performance
index, in a way similar to the simulations described above. Since the sensitivity of R-peaks
estimation for the original noisy signals was close to 100%, a comparison with the denoising
methods was omitted.

Secondly, since ECGs recorded from another anatomical region (the shoulder) were
available, the noise contribution in the corrupted signals was estimated by subtraction
(see additive model in Equation (1)). This is admittedly an approximation, as the volume
conductor filters the ECG differently depending on the acquisition site, but the residual
(visually inspected) appeared to be fairly small (however, effectively making the evaluation
more conservative). Then, the noise was summed to the clean data after amplitude scaling
to obtain different SNRs, which were varied from −10 to 10 dB in steps of 5 dB, similarly
to what was performed for simulations above. Again, the NRMSEs were computed and
compared across the methods. Additionally, the sensitivity in R-peaks identification was
evaluated with SNR of −10 dB, as in that case the median sensitivity of the noisy signals
falls below 95%.

Simulations and tests were performed with MATLAB® (MathWorks, Inc., Natick, MA,
USA, R2025a) on a workstation (AMD Ryzen 7 9700X CPU [8 physical cores, 16 logical
threads, 3.8 GHz] and 64 GB of RAM).

2.3.2. Statistical Analysis

Concerning the statistical analysis, to test the effects of multiple methods, we ap-
plied the 2-way ANOVA Scheirer Ray Hare test [40], considering the denoising methods
and subject as factors without interaction terms to account for repeated measurements.
In the presence of significant effects detected by ANOVA, pairwise comparisons were
performed using Wilcoxon signed-rank tests. A significance level (α) of 0.05 was adopted
for all analyses.

3. Results
The efficacy of our proposal was tested first on a single template, as shown in Figure 4,

which takes into account the same ECG waveform investigated in Figure 2. The perfor-
mance of the different thresholding selection rules is reported in Figure 4d–h. For this
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example, the hard thresholding rule was considered. This preliminary test on a single
subject shows that TM yielded the lowest NRMSE.

A second preliminary test was conducted on 10 s of corrupted ECGs (SNR at 0 dB).
Results from four subjects are shown in Figure 5. The original ECG is coloured in black,
whereas the grey and green ones represent the corrupted and the cleaned signals, respec-
tively. Notably, the original signal is superimposed on the TM’s output to visually assess
the quality of the reconstruction, assessed through NRMSE. In addition, at the bottom right
side of each figure, the template is depicted. The ECG in Figure 5a belongs to the same
subject in Figures 2 and 4, whereas the remaining figures show ECGs from other subjects,
with two cases of participants manifesting different waveforms than the template in the
record. The performance of TM on intermittent EMGs can be observed in Figure 6, which
also illustrates the type of noise used in the tests (see Figure 6a).

a.
u.

a.
u.

(d) (e) (f) (g)

P

Q

R

S

T

SNR = 0 dB

NRMSE = 0.288 NRMSE = 0.117 NRMSE = 0.113 NRMSE = 0.254 NRMSE = 0.067

NRMSE = 0.463

0.3 s

0.3 s

SIGNAL NOISE NOISY SIGNAL

RIGRSURE HEURISTIC UNIVERSAL MINIMAX
TEMPLATE
MASKING

(a) (b) (c)

(h)

Figure 4. (a) Signal: clean ECG from subject 101. (b) Noise: EMG used to corrupt the signal.
(c) Noisy signal: corrupted ECG with an SNR equal to 0 dB. (d–h) Denoising performance in terms of
NRMSE for the hard thresholding considering the Stein’s unbiased risk estimate method (Rigrsure),
the heuristic, the universal, and minimax threshold selection rules and template masking. To facilitate
the comparison, the clean ECG waveform (in black) is superimposed on the cleaned signal.

Figure 7 shows the results of the full dataset analysis on constant and intermittent
contractions using hard and soft thresholding rules. As stated in the Section 2, the average
NRMSEs for each subject were considered, and TM’s performance was compared with
four threshold selection rules: rigrsure (RIG), heuristic (HEU), universal (UNI), and min-
imax (MIN). Figure 7 is divided into two rows: the first is relative to the constant EMG
contractions, whereas the second assesses the impact of intermittent EMG. The solid lines
indicate the median of the distributions, whereas the patches represent the range between
the 25th and 75th percentile. A marker is shown in correspondence with the SNR value
on the x-axis when all comparisons with the TM are statistically significant (p < 0.001).
For constant EMG contractions, results indicate that TM yielded lower NRMSE when
compared to the traditional thresholding selection rules from SNRs below 5 dB. Similar
results can be appreciated for intermittent EMG contractions. Indeed, TM always led to
statistically significant improvements (p < 0.001), regardless of the thresholding rule: hard
(Figure 7c) or soft (Figure 7d).
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(a) (b)

(c) (d)

NRMSE = 0.517

NRMSE = 0.087

NRMSE = 0.784

NRMSE = 0.111

NRMSE = 0.565

NRMSE = 0.083

NRMSE = 0.994

NRMSE = 0.119

S101
TEMPLATE

S219
TEMPLATE
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TEMPLATE

S214
TEMPLATE

2 s

a.
u.

2 s

a.
u.

2 s

a.
u.

2 s
a.
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Figure 5. Performance of the TM algorithm on 10 s ECGs corrupted with EMGs. Subjects 101 (a),
219 (b), 210 (c), and 214 (d) were considered. The original clean signals are shown in black, the cor-
rupted ones in grey, and the cleaned ones in green. Each record was corrupted with an EMG to obtain
an SNR equal to 0 dB. The NRMSE in black indicates the error before the denoising process, whereas
the one in green is at the end of the process.

Additionally, we investigated the chosen wavelets and decomposition levels for all
the subjects. In Figure 8a it is possible to appreciate the occurrence in percentage of the
investigated wavelets, whereas the rest of the image is dedicated to the decomposition
levels for two noisy conditions (10 and −10 dB) and noise type: constant (see Figure 8b)
and intermittent (see Figure 8c). Regarding Figure 8a, no single wavelet emerged as most
dominant, whereas the decomposition levels tend to shift toward higher values with the
higher noise, but not clearly for the intermittent contraction.

The sensitivities of the R-peaks estimation are depicted in Figure 9, considering the
two thresholding rules (hard and soft) and the two types of noise (constant and intermittent
contractions). For additional comparison, the sensitivities of R-peaks estimation for the
noisy signals (NS), i.e., before the cleaning process, are shown. Except for two comparisons
(TM vs. HEU-Hard and TM vs. RIG-Soft), results in Figure 9a (considering constant noise
and SNR = −5 dB) indicate a statistically significant improvement in sensitivity when
using TM (p < 0.001, except for the case TM vs. HEU-Soft, showing a lower significance,
i.e., p < 0.01). However, the median value of the distribution in TM (96.15%) was the
highest among the methods. Results depicted in the rest of Figure 9 show a substantial
improvement in sensitivity, with statistically significant differences (p < 0.001) consistently
favouring the TM method. Specifically, sensitivity reaches approximately 92.34% in the
case of constant contractions and 90.37% for intermittent contractions.
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a.
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1 s
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(b) (c)

(d) (e)

NRMSE = 0.504

NRMSE = 0.091

NRMSE = 0.767

NRMSE = 0.133

NRMSE = 0.559

NRMSE = 0.085

NRMSE = 0.984
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Figure 6. (a) Graphical representation of the intermittent EMG. Three contractions were simulated,
lasting 2, 1, and 3 s, respectively. To simulate an intermittent contraction, EMGs were windowed
using Tukey windows. An SNR of 0 dB was considered for this example. (b–e) Same as Figure 5,
but considering the ECG corrupted with intermittent EMGs.

Results relative to the experimental tests are depicted in Figures 10 and 11. An example
of a clean (from the shoulder) and noisy ECG is shown in Figure 10a, as well as the EMG
estimated from the noisy signal by subtracting the clean ECG. To characterise the time series,
the SNRs of the noisy signals were estimated and reported in Figure 10b. Notably, for the
considered noisy signals, most of them have an SNR between 0 and 4 dB. The denoising
performance of the methods, expressed in terms of NRMSE, is reported in Figure 10c. Even
in this case, TM yielded a significantly lower NRMSE compared to the other methods
(p < 0.001).

Figure 11a,b show the results considering different SNRs. TM led to significantly
lower NRMSE than other methods, specifically for SNRs below 5 dB and 10 dB for the
techniques based on the hard and soft thresholding rules, respectively (see Figure 11a,b).
The rest of Figure 11 is dedicated to the comparison of the sensitivity in R-peaks estimation
(SNR equal to −10 dB). Results show that TM yielded significantly higher sensitivity than
the other methods (p < 0.001), with a median value of 93.54%.
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(a) (b)

(c) (d)

Figure 7. Performance comparison of the denoising methods considering the constant and inter-
mittent EMG contractions. The abbreviations correspond to the following threshold selection rules:
rigrsure (RIG), heursure (HEU), universal (UNI), and minimax (MIN). (a) Average NRMSEs at dif-
ferent SNRs, ranging from 10 dB to −10 dB for constant EMG contractions and hard thresholding.
The solid lines indicate the median across all the subjects, whereas the patches indicate the range
between the 25th and 75th percentiles. (b) Same as (a), but considering soft thresholding. (c,d) Same
as (a,b), but considering intermittent EMGs. Only pairwise comparisons with our proposal are
considered. The marker (*) on the x-axis indicates that all pairwise comparisons revealed statistically
significant differences (p < 0.001) in favour of the TM.

(a)

(b) (c)

− 10 dB
10 dB

− 10 dB
10 dB

Figure 8. (a) Occurrence of the investigated wavelets in all the participants, expressed as a percent-
age. (b) Occurrence of decomposition levels for all the participants and epochs for constant EMG
contractions. Two noisy conditions were evaluated: at 10 dB (yellow) and −10 dB (orange). (c) Same
as (b), but considering the intermittent EMG contractions.
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(a)

(c)

(b)

(d)

SOFTHARD

SOFTHARD

SOFTHARD

SOFTHARD

Figure 9. (a) Sensitivity of R-peaks estimation considering all the subjects and the denoising method
for the constant EMG contraction (SNR −5 dB). NS indicates the distribution of sensitivity for the
noisy signals before the denoising process. The thresholding rule (hard or soft) is indicated in the
bottom part of each Figure. The red line indicates the median of the distribution. (b) Same as (a),
but with SNR of −10 dB. (c,d) Same as (a,b), but considering an intermittent EMG. Only pairwise
comparisons with our proposal are considered, and statistically significant differences with TM are
shown with △ for p < 0.01 and with * for p < 0.001 on top of each distribution.

(a)

(b) (c)
SOFTHARD

SIGNAL

NOISY SIGNAL

NOISE

2 s

a.
u.

Figure 10. Tests on SimEMG database. (a) Clean ECG (recorded from the shoulder), noisy ECG
from the participant’s finger, and estimated EMG, obtained by subtracting the two signals (Subject
P11_4_ORB). (b) Estimated SNRs of the investigated ECGs from the SimEMG database. (c) Compari-
son in terms of NRMSE between TM and the other thresholding methods. The red line indicates the
median of the distribution. Statistically significant differences are indicated with * for p < 0.001.
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(a) (b)

(c)

SOFTHARD

Figure 11. (a) Comparison between TM and thresholding methods in terms of NRMSE, using ECGs
from the SimEMG database with artificially modified SNRs. The solid lines indicate the median
across all the subjects, whereas the patches indicate the range between the 25th and 75th percentiles.
The marker (△) on the x-axis indicates that all pairwise comparisons revealed statistically significant
differences (p < 0.01) in favour of the TM. (b) Same as (a), but considering soft thresholding.
(c) Comparison of the denoising methods in terms of the sensitivities of the R-peaks estimation on
signals with an SNR of −10 dB. NS stands for “noisy signals”, i.e., before the denoising process.
The thresholding rule (hard or soft) is indicated in the bottom part of the figure. Statistically significant
differences are indicated with * for p < 0.001.

4. Discussion
Given the critical role of ECG signals in clinical and diagnostic applications [41],

effectively mitigating the impact of exogenous and endogenous interferences remains
essential. This need becomes even more pressing in out-of-hospital settings, where wearable
devices are now being used [42]. In addition to the importance of R-peaks detection, e.g., for
heart rate variability (HRV) estimation [43,44], other ECG features related to the P and T
waves have also been shown to be important. For example, in estimating acute mental
stress [45], thus highlights the necessity of reliable denoising algorithms even in situations
of unfavourable SNRs. Among endogenous sources, EMGs significantly contribute to signal
degradation [46], particularly when ECG electrodes are placed on muscle-rich regions prone
to contraction, such as the arms [47]. This results in a signal being severely degraded by
noise, requiring advanced algorithms for its mitigation.

For this purpose, we present a novel approach for ECG denoising by combining SWT
with template matching. First, clinical ECGs (i.e., records from the MIT-BIH dataset) were
corrupted with EMGs simulated with a model with a multilayer cylindrical volume conduc-
tor. Regarding noise generation, with respect to previous studies, this work adopts a richer
and more detailed model that accounts for several factors, such as the position of the IZs,
the number of MUs, tissue conductivity, and MU recruitment during voluntary contractions.
Indeed, this approach allows for a more detailed and physiologically meaningful inter-
pretation of noise if compared to the commonly used coloured Gaussian noise in similar
studies like [13]. Two types of EMGs were simulated: constant and intermittent. Secondly,
the method was tested on ECGs recorded with a set-up similar to a wearable condition (i.e.,
with dry electrodes), also corrupted with real EMGs. Given the availability of an additional
ECG free from noise, SNRs were also varied to simulate challenging noisy conditions.
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To evaluate the effectiveness of our proposal, some of the most common thresholding
methods and threshold selection rules were considered, i.e., UNI, MIN, HEU, and RIG [35].
Given the nature of the noise (i.e., not white Gaussian), a level-dependent approach was
adopted for estimating σ (see Equation (9)).

Similarly to the template matching algorithm, estimating the reference ECG is essen-
tial (see Figure 2a). For this study, we decided to consider the first 5 s of the record for
the estimation of the reference template. However, longer records in rest conditions can
be considered, or periodic recalibration to obtain a more reliable estimation. It is worth
mentioning that the use of a reference ECG and SWT is not new. Indeed, another study
considered the combination of template matching and SWT for denoising the ECG [22],
but with some differences. More specifically, the latter employs a multi-level thresholding
approach using multiples of the universal threshold, as well as a fixed wavelet and decom-
position level. Regardless of the threshold selection rule, with our study, we demonstrated
the importance of an optimised wavelet–decomposition level, which led to a significant
reduction in noise even in unfavourable SNRs. Furthermore, we also took into account the
detail coefficients at the low decomposition levels (e.g., the first and second), which were
arbitrarily set to zero in [22]. Although these coefficients are often dominated by noise,
they may still contain valuable information related to the target signal. Discarding them
entirely can lead to imperfections in signal reconstruction, such as the loss of high-frequency
components critical for accurately capturing important features like the R-peaks.

When dealing with SWT, both the choice of the wavelet and of the decomposition
level are crucial factors to consider as they significantly influence denoising algorithms [24].
The decomposition level, in particular, plays a vital role, as beyond a certain point, further
decomposition may decrease denoising performance and increase computational cost [36].
For this reason, an entropy minimisation approach was considered to obtain the optimal
wavelet and decomposition level, which could lead to prevalent and concentrated coeffi-
cients (see Figure 2d), then selected by a binary mask to clean the signal. Notably, the use
of entropy minimisation to guide the choice of decomposition level finds application in
other studies like [34], reinforcing the methodological strength of our pipeline.

A key component of TM is certainly the binary mask. Notably, this mask depends
on the rectified coefficients and their concentration (see Figure 2d). More concentrated
coefficients lead to narrower masks, thus making them less susceptible to noise corruption.
Once estimated, the binary mask can be applied to the corrupted details after the alignment,
and, in the case of multiple waveforms, the mask is aligned in correspondence with each
peak. In contrast to template matching, which imposes a fixed reference waveform at a
specific point, our method exploits a binary mask to accommodate potential morphological
variations in the ECG waveform. Indeed, thanks to the binary mask and the cubic smooth-
ing spline interpolation (see step 5 of Figure 3), it is possible to preserve the morphological
shape of the ECG waveform even in the presence of consistent noise.

The effect of applying the mask to waveforms that differ from the reference becomes
apparent in Figure 5. With particular reference to Figure 5c,d, instead of setting the
coefficients corresponding to these different ECG waveforms to zero, they are preserved
and smoothed to mitigate the effect of noise. Similar comments can be made for Figure 6,
which considers intermittent EMG contractions.

As stated above, the goodness of TM was first assessed on simulations, varying the
type of contractions (constant or intermittent), and considering epochs of 1 s at a time,
simulating a real-time acquisition and processing. Results in Figure 7, which consider hard
and soft thresholding rules, indicate that TM outperformed the other methods regardless
of the type of contractions. Overall, an improvement in the average NRMSE was obtained
when dealing with low SNRs. It is worth noting that the tests were intentionally conducted
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under unfavourable conditions. While the reference signal used by TM remained constant
for each subject throughout the tests, updating it over time could potentially improve
performance, thus allowing for compensation of slow drifts in the signal (e.g., due to
gradual electrode displacement or sweating).

Concerning the tests on intermittent contractions, the insufficient performance of tra-
ditional thresholding algorithms is primarily due to the way their thresholds are estimated.
These methods rely heavily on the robust standard deviation (see Equation (8)), which is
calculated using the median of the coefficients, as described in Equation (9). Consequently,
for recordings with intermittent EMG activity, in which some coefficients are close to zero
for the absence of noise, traditional thresholding methods tend to fail, highlighting the
need for an adaptive and continuous threshold estimation approach.

In general, our approach aims to emulate an adaptive thresholding method by setting
to zero the coefficients unrelated to the ECG waveform, while preserving and smoothing
the relevant ones to minimise the impact of noise. Results of simulations indicate that
the proposed method is effective, achieving significant reductions in NRMSE in various
noise conditions. This improvement is particularly pronounced at low SNRs, for which
this method was mainly designed (see Figure 7).

To test whether our proposal considers different wavelets and decomposition levels
under various conditions, an additional analysis was performed. Figure 8a considers the
occurrence of the investigated wavelets (expressed in percentage) for all the participants.
The results do not point to a single dominant wavelet, highlighting the importance of
adapting the wavelet selection to each individual. Interestingly, some wavelets were
either never considered or hardly considered. For this reason, they could be excluded
from the extensive research in the preliminary phase, thus speeding up the time required
for that step. As an example, using our workstation, the time required to identify the
optimal wavelet processing a 5 s epoch in the preliminary step was 35.53 ± 40.52 ms
(mean ± standard deviation). On the other hand, the time required to process online the
1 s epochs was 2.15 ± 0.85 ms for the TM and 0.76 ± 0.23 ms for the thresholding methods.
Concerning the adopted wavelets, the results indicate that low-order wavelets were the
most frequently considered, which is consistent with [37]. This may be attributed to the
fact that higher-order wavelets have more complex shapes, making them less similar to the
QRS complex.

The necessity of an adaptive approach can be appreciated also for the decomposition
level, as depicted in Figure 8b,c. Two SNRs were considered: 10 dB and −10 dB. Regarding
low SNRs, a shift toward a higher decomposition level is observed for the test with constant
EMG noise (see Figure 8b). Surprisingly, the trend is not so evident for the intermittent
contractions (see Figure 8c). Indeed, the decomposition level that occurs the most is 3.
The result may be due to several factors, one of which is that in signals dominated by
white Gaussian noise, where its contribution is comparable to that of the target signal,
the entropy values tend to become similar across all decomposition levels, thereby reducing
the effectiveness of the minimisation criterion. However, it is important to note that the
simulated white Gaussian noise was intentionally significant and represents a particularly
challenging condition, which is unlikely to occur in practice when the electrode–skin
impedance is low.

Still considering the number of decomposition levels, it is important to clarify that TM
depends heavily on the signal’s sampling frequency. High sampling frequencies require
more decomposition levels, which in turn lead to increased computational cost and memory
requirements. For the reasons mentioned above, we consider excessively high sampling
rates unnecessary and, if needed, suggest applying down-sampling before TM.
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Still on simulation results, the sensitivity of R-peaks estimation was explored and
shown in Figure 9, which explored both thresholding methods and types of muscle contrac-
tions. The analysis was performed on signals with SNRs of −5 and −10 dB, as they were
the cases in which the use of noisy signals led to inaccurate R-peaks identification. In these
most challenging noise scenarios, the TM method achieves statistically higher accuracies
than the other methods.

Results on ECGs corrupted with real EMGs and collected with dry electrodes (thus
simulating a wearable device acquisition) show that TM achieves a lower NRMSE than
the other methods (see Figure 10). Since the available ECGs span a range of SNRs (see
Figure 10b), additional tests were carried out to evaluate the performance of TM under
different noise conditions, varying the amplitude of the EMGs to modulate the SNRs.
The outcomes are shown in Figure 11a,b. Even in the presence of real EMG artifacts, TM
provided statistically significant improvements over thresholding methods, particularly
for SNRs below 5 dB. Regarding the latter tests, it should be noted that subtracting the
“reference” ECG recorded from the shoulder from the noisy signals introduces artifacts, due
to differences in sensors and volume conductor. Therefore, its reasonable to assume that the
resulting noise will not have only EMG components, thus justifying the importance of the
simulations, in which both the signal and noise can be perfectly separated and analysed.

Figure 11c presents the sensitivity of R-peaks estimation, for signals corrupted with
an SNR of –10 dB. Results indicate that TM statistically outperformed the thresholding
approaches, confirming the positive results obtained with simulations and suggesting that
the method preserves high sensitivity even under severe noise conditions.

Despite the positive results, this work has some limitations. Further studies are
necessary to validate the method on different conditions, e.g., on ECGs recorded with a
smart garment (like the one in [47]) during multiple biceps contractions at varying force
levels. Tests could be performed on both healthy subjects, for which we expect better
denoising performance since the ECG template will not differ significantly during the test
(as demonstrated with the ECGs from the SimEMG database), and patients, which we tried
to investigate with the MIT-BIH database in this study. To test the algorithm under critical
conditions, it is worth noting that both the waveform and corresponding binary masks were
voluntarily not updated over time in this study. However, these aspects should be taken
into account for further studies, especially when waveform changes are expected, such as
during physical activity [48]. Among the limitations of our study, we acknowledge the
absence of benchmarking (e.g., against other decomposition methods) beyond thresholding
approaches, which represents an important direction for future research. Another potential
limitation concerns the sampling frequency. Lowering it could reduce the resolution needed
to accurately estimate R-peaks, which are crucial for HRV analysis. However, since the
upper frequency limit of the ECG is approximately 100 Hz [49], a sampling frequency
of 250 Hz would satisfy the sampling theorem [50], enable reliable HRV estimation [51],
reduce memory and energy requirements [52], and allow our method to operate with low
computational cost due to the limited number of decomposition levels analysed.

5. Conclusions
Despite the growing diffusion of wearable devices for continuous biological signal

acquisition, collecting records of good quality remains a challenge, making denoising
algorithms for reducing the effect of exogenous and endogenous sources, like the EMG,
necessary. With this study, we present a novel denoising algorithm that exploits both the
SWT and template matching. Compared to traditional thresholding methods with various
selection rules, our approach allowed us to obtain better signal reconstructions across
different SNRs. Furthermore, statistical improvements in the sensitivity of R-peaks estima-
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tion were obtained in signals with low SNRs, indicating that the method maintains high
sensitivity even under severe noise. Future research using signals collected from wearable
devices during dynamic contractions will enable a more comprehensive evaluation of our
method’s effectiveness and could pave the way for broader applications.
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