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Abstract—Motion Artifact (MA) noise is one of the most crucial
components in an Electrocardiogram (ECG) signal, especially
during the monitoring of normal daily activities. Because of this,
they are widely investigated for optimized denoising applications,
trying to maximize the physiological information while solving
the noise-signal frequency overlapping. In this work, we propose
a filtering approach that employs the Multilevel Discrete Wavelet
Decomposition (MDWD) basis domain, in which the projections
of the signal are easily separable from the noise components.
Compared to other more complex denoising approaches, this
method only requires the simple projection of the signal on
the desired wavelet basis. We obtain the desired denoising effect
through the elimination of part of the projected signal, i.e., we
remove the projected coefficients with the largest scaling values.
We show that these coefficients carry most of the noise introduced
by MA. To validate the method and tune its parameters, we test
ECG affected by MA from different datasets, proving that the
reconstruction performance is on par with the state-of-the-art
approaches, such as the Empirical Wavelet Transform method
(EWT), while begin much simpler in practice. Moreover, while
other approaches tend to destroy signal anomalies and non-
idealities which are fundamental for diagnosis, our approach
keeps them unaltered.

I. INTRODUCTION

Electrocardiogram signals (ECG) are the most commonly
observed biosignals employed to clinically monitor the activity
of the human heart, detect cardiovascular diseases, and eval-
uate cardiac dysfunctions [1]–[3]. Indeed, a relevant aspect is
the continuous monitoring and recording of ECG physiological
signals, especially during regular activities, such as fitness
exercise and walking routine [4].

However, during the movements of a patient, there could of-
ten be an unavoidable displacement of the monitoring device.
These minor shifts of the sensors produce artifacts during the
ECG signal recording. The frequency range of this kind of
noise, called Motion Artifact (MA), is known to be from 1 to
10Hz [5]. Beyond the power-line interference and the base-
line wander, the muscle artifacts are an important noise source
that must be reduced [6]. This additional inconvenience is due
to interference of the electromyography (EMG) signals, which
can lead to abnormalities in the ECG recording resulting in a
poor signal quality and misdiagnoses. This noise is typically
included in the normal EMG frequency band from 1Hz to
500Hz [5].

The main problem is the overlap between the desired ECG
signal frequency and the frequency range of these noise
sources. In particular, the noise frequency range overlaps with
the most informative frequencies of the ECGs, to the point
of covering and overlapping the important information. As an

example, the EMG interference leads to distortion of local
waves of the ECG signals due to a frequency match in the
range of 0.1Hz to 100Hz [6].

Literature suggests multiple different methods to denoise an
ECG, from the trivial high pass filter (HP) to more complex
adaptive filters [5], most of which work in the Fourier domain,
but do not address the frequency overlapping phenomenon.
Nonetheless, many other domains have revealed to better
separate the signal from the noise, such as Discrete Fourier
Transform (DFT), Discrete Cosines Transform (DCT), Dis-
crete Wavelet Transform (DWT) or gaussian dictionaries [7].
A popular approach ECG filtering is the Empirical Wavelet
Transform (EWT), which is now a gold standard in MA
reduction as a fully adaptive and data-driven signal processing
method [8]–[14].

However, the most sophisticated approaches require com-
plex filtering algorithms, from iterative ones [5] to the more
complex Deep Neural Networks [15]. In this work, we present
a MA filtering approach based on the removal of coefficients
of the signal projected onto the Multilevel Discrete Wavelet
Decomposition (MDWD) basis [16]. In fact, we show that,
by projecting the signal against a MDWD basis, the MA
interference can be easily decoupled from the informative
part of the signal. The MA is mostly encoded within the
coefficients with the largest scaling factors, where the ECG
data is mostly encoded in coefficients with smaller scaling
factors. The application of this technique is trivial and could
even be integrated in other commonly employed frameworks
(e.g, a Compressed Sensing one [17]), while resulting in
a performance comparable to most of the state-of-the-art
denosing approaches.

We show the validity of the proposed technique using as
a reference the EWT approach, both for the definition of the
MA noise and as the target denoising performance. Then, the
method is evaluated against commonly employed approaches
such as HP filters and DWT soft thresholding [5], using both
synthetic and real ECG datasets containing MA interference.

The remainder of the paper is structured as follows. In
Section II we explain and show the motivation behind the use
of MDWD for MA interference removal and we introduce our
MDWD-based denoising approach. Then, in Section III we
show the numerical results on ECG signals affected by MA
compared to the most used state-of-the-art methods. Finally,
the conclusion is drawn.
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II. MOTIVATION AND PROPOSED APPROACH

A. The Multilevel Discrete Wavelet Decomposition (MDWD)
MDWD [18] is a wavelet-based discrete signal analysis

method. It can extract multilevel time-frequency features from
a signal by decomposing it as low and high frequency sub-
band level-by-level. The features are achieved by applying the
DWT on the signal, which consists in the repeated use of Low
Pass (LP) and High Pass (HP) filters. The LP filter provides
the approximation coefficients a of the input signal, while
the HP filter extracts detail information d from the signal. In
particular, this technique exhibits good sensitivity on the low
frequency signal sub-band, since only the decomposition of the
approximation (low frequency) coefficients is performed mul-
tiple times by iteratively filtering the signal at each level [19],
[20]. With reference to Fig. 1, we consider the input signal
series as x = (x[1], . . . , x[t], . . . , x[T ]) and the decomposition
level as M . Signal x is then decomposed in the coefficients
series a1 and d1 by the convolution with the LP and HP filter
impulse responses, respectively.

Given the coefficients a1 and d1, we obtain (by 1/2 down-
sampling) xH

1 , which refers to the higher sub-band of the sig-
nal, and xH

1 , which refers to its lower sub-band. The process is
repeated iteratively for each i-th level of decomposition, where
xL
i−1 is split again in approximation and detail coefficients.

The i-th filtering is described as

ai[n] =

K∑

k=1

xli−1[t+ k − 1] · lk

di[n] =

K∑

k=1

xli−1[t+ k − 1] · hk
(1)

where l = (l1, . . . , lk, . . . , lK) and h = (h1 . . . , hk, . . . , hK)
are the filter impulse responses and the filter order is K ≪ T ).

The decomposition of x is then composed of all the
frequency sub-band series at the M -th level

XM = {xH
1 ,x

H
2 , . . . ,x

H
M ,x

L
1 ,x

L
2 , . . . ,x

L
M} (2)

It is important to notice that we can fully reconstruct x from
XM , since the decomposition is loss-less. As the level of
decomposition M increases, the frequency resolution increases
and the time resolution, especially for low frequency sub-
series, decreases.

B. ECGs within the MDWD domain
Let us now consider a signal window x̂ with length n

corrupted by MA interference ν

x̂ = x+ ν (3)

where x is the clean signal, i.e., not affected by MA inter-
ference. To analyze ECG signals in the MDWD domain, we
generate a basis Ψ by applying the MDWD transform to each
of the rows of an identity matrix. For the calculation of Ψ, we
set M = 6 levels of decomposition, which correspond to the
usual number of modes employed by EWT for its empirical
mode decomposition [8]. With this, the MWDW transform is
performed by projecting the ECG on the basis Ψ as

ξ̂ = Ψx̂ = Ψ (x+ ν) = ξ +Ψν (4)
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Fig. 1. MDWD algorithm. For each decomposition level, the signal is split
in a low frequency and high frequency component and downsampled. This is
repeated iteratively for each of the low frequency components of the signal.

where ξ̂ are the signal’s projections’ coefficients into the basis,
made up of the clean signal coefficients ξ and the noise
coefficients Ψν. Matrix Ψ is orthonormal, so the projection
operation is fully reversible by multiplying with its transpose.

Then, since EWT is considered a good method to remove
MA [12], we refer to the signal cleaned with this method xEWT
as our baseline for evaluation. From this, we define

ν ≃ x̂− xEWT (5)

At this point, we analyze xEWT and ν projected on both
the Fourier and MDWD bases and see how well the signal
component can be separated from the noise component. For
this analysis, we use the “Motion Artifact Contaminated ECG
Database” (MAC) [21] from the PhysioNet database [22].
Fig. 2 shows that, by decomposing the clean-EWT signal xEWT
in the MDWD domain, we achieve an enhanced separation
of the MA and the informative component of the signal. In
fact, the MDWD projection allows to decompose in detail
the signal’s lower sub-band to intercept and remove the MA
noise components. This is also the main difference with EWT’s
empirical mode decomposition.

C. Relation between wavelet coefficients and frequency

To further understand why MDWD is a powerful approach
for the removal of low-frequency MA interference, we need
to trace a relation between the MDWD components and the
frequency sub-bands of the signal.

MDWD basis Ψ is made up of a series of wavelets, encoded
in each of its columns. If we consider the Fourier domain point
of view, by construction this is equivalent to building a set of
band-pass filters. Each filter (or column of Ψ) can be described
as a discrete wavelet signal

ψs,b[n] =
1√
s
ψ

[
n− b

s

]
(6)

where ψ is the mother wavelet, s are the scale coefficients
and b are the shift coefficients. Each column is identified by a
specific combination of s and b, which define the filter band
of each wavelet and its shift in the time domain. We can relate
the scale s of each wavelet signal to its equivalent frequency
Fa as

Fa =
Fc

s
(7)
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Fig. 2. The visualization of the coefficients of the clean signal, obtained by EWT, and the MA noise, either in the MDWD domain (a) and in the Fourier
domain (b). The reported case refers to ECG #1 of recording “18_90wm” from MAC database [21]. Besides some isolated peaks, most of the signal power
is concentrated in the MDWD coefficients on the left (the ones with the largest scaling factors) while they are spread more evenly in the Fourier basis.
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Fig. 3. The MA removal from the ECG signal is achieved by removing the
first N columns from the selected sparsity basis Ψ.

where Fc is the central frequency of the wavelet, which
depends on the type of the employed mother wavelet (e.g.,
“Symlet 6” has Fc = 0.7273Hz). Now, since the scale factor s
doubles for each level of the MDWD decomposition, we have
that the equivalent frequencies in the MDWD domain increase
exponentially for each decomposition level. This means that
the MDWD coefficients associated to low frequencies are
much more fine-grained compared to the coefficients in the
Fourier domain, whose frequencies span linearly with the
projections’ coefficients.

D. Proposed approach

With the assumptions made previously, we can intercept the
noise in the first N coefficients of ξ̂, that refer to the largest
wavelet scaling factors. From this, we get:

ν ≃ ΨT
1:N ξ̂1:N

y ≃ ΨT
N+1:nξ̂N+1:n

(8)

where ·i:j is the operator that selects columns from i to j of the
argument matrix, n is the number of coefficients and y is the
denoised signal. For the proposed algorithm, we considered
signal batches of 256 samples and a Ψn×n with n = 256.
The method is further explained in Fig. 3.

In order to maximize the performance of the proposed
approach, we need to evaluate N , which depends on the
entity of the noise. The 256× 256 MDWD basis matrix Ψ
is constructed on M = 6 levels, composed by 4, 4, 8, 16, 32,

64, 128 coefficients, namely all the low-pass decompositions
xL
i (for i = 1 to i =M ) and the last high-pass decomposition
xH
M , as they are ordered in the basis matrix Ψ. Aim of a

preliminary evaluation is to get the range of values of N that
intercept the MA interference.

III. NUMERICAL RESULTS

A. Datasets

For the proposed method, several datasets have been inves-
tigated to evaluate and validate the algorithm:

• “Motion Artifact Contaminated ECG Database” (MAC):
108 short duration ECG signals recorded from a single
healthy 25-year-old male performing different physical
activities [21], from the PhysioNet database [22].

• Synthetically generated ECGs (Syn): 30 signals, at differ-
ent heart rate, where MA interference was extracted from
MAC database.

• “MIT-BIH Noise Stress Test Database” (NST): used as
noisy signals of 12 half-hour ECG recordings and 3
half-hour recordings of noise typical in ambulatory ECG
recordings [23].

• “MIT-BIH Arrhythmia Database” (Arr): used as the
noise-free ECG signals with arrhythmia of 48 half-hour
excerpts of two-channel ambulatory ECG recordings,
obtained from 47 subjects [24]. These have been used
as clean signals in the validation test performed on the
NST database.

B. Metrics

The MA removal performance has been calculated with the
root mean square error (RMSE), correlation coefficient (CoC)
and SNR improvement (SNRimp). These are defined as

RMSE =

√√√√ 1

T

T∑

i=1

(xi − yi)2 (9)

CoC =
σxy
σxσy

(10)
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Fig. 4. Evaluation results of different MA reduction methods on MAC
dataset’s ECG #3 of recording “12_90wm”. As a reference, we use the EWT-
cleaned ECG. We use N = 8 for our approach.

SNRimp = 10 log10

(∑T
i=1(x̂i − xi)

2

∑T
i=1(yi − xi)2

)
(11)

where σx, σy and σxy are the standard deviation of x,
the standard deviation of y and the covariance of x and y,
respectively.

C. Method evaluation
To evaluate the number of coefficients to discard N , we

performed an evaluation on the whole MAC and Syn datasets’
recordings, which we split in windows of size 256. We select
different values for N and apply our denoising approach,
comparing the results with the EWT-cleaned ECG signals. We
obtain the optimal RMSE with N = 4 or N = 8 for 60% of
the ECG windows, with N = 16 for 15% of the windows,
N = 32 for the last 25%. From this analysis, we choose
N = 8. The values of N have been selected to be compliant
with the number of coefficients of each of the decomposition
levels.

To further assess our choice for N , we compared the
performance on the evaluation datasets with other commonly
employed filtering methods, namely a simple high pass filter
(HP), EWT and a soft threshold, DWT-based filter [5] (ST) that
uses the “Daubechies 6” wavelet transform. We deliberately
selected very simple approaches for comparison, since our
method can be performed with a simple matrix projection.
Fig. 4 shows how the proposed method results in cleaned
signals much closer to the signal cleaned by EWT method,
used as reference, compared to the other filtering methods.

D. Method validation
We performed the validation of the proposed approach on

the Arr and NST datasets. In this case we have both the

TABLE I
AVERAGE PERFORMANCE METRICS ON THE NORMALIZED SIGNALS FROM

THE NST-CORRUPTED ARR DATABASE COMPARED TO THEIR CLEAN
COUNTERPART. OUR METHOD IS PERFORMED WITH N = 8.

Params HP ST EWT Ours

RMSE 0.6917 0.9434 0.5457 0.4805
CoC 0.4738 0.5240 0.2339 0.7633
SNRimp[dB] 3.1912 0.4126 5.5002 6.3254

Fig. 5. The results of MA reduction on Arr dataset’s ECG #2 of recording
“207m” corrupted with MA from the NST database. We use N = 8 for our
approach. While EWT completely removes the information on the arrythmia
phenomenon, the proposed approach leaves it unaltered.

real cleaned signal and the signal to which noise from NST
dataset has been added. Table I reports the validation metrics
averaged on the whole datasets. For all the metrics we take
into consideration, the proposed method results in a cleaned
signal closer to the real clean signal.

As a final remark, the proposed approach keeps unchanged
eventual anomalies in the ECG signal, which have a high
relevance in clinical analyses. Since the signal in Fig. 5 is
affected by arrhythmia, it is evident that, while filtering away
the MA interferences, the proposed method preserves the
arrhythmia anomalies from the Arr dataset. This is not true for
EWT, that substantially alters the morphology of the signal.

IV. CONCLUSION

In this work, we present a simple method for the reduction
of MA interferences in an ECG signal, based on the removal
of part of the projected coefficients onto a MDWD basis. This
approach is much easier to implement compared to other state-
of-the-art methodologies and better preserves detail informa-
tion fundamental for clinical diagnosis. The approach has been
evaluated and tested on multiple ECG datasets affected by MA
interferences. On average, the proposed method shows a very
good denoising capability, with a better performance compared
to the considered state-of-the-art denoising approaches.
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