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The fast manner to calculate such coefficients is first
proposed by MALLAT [14]. Accordingly, the decomposition
process is realized by applying hierarchically lowpass filter
h[n]and highpass filter g[n]until reaching a predefined level.
A two-level decomposition process of the DWT is shown in
Fig.I.
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Where: A,, are the approximation coefficients, D,, are
the detail coefficients, additionally, p,,(n) and ,,(n) are
fatherlets and wavelets generated from father and mother
waves correspondingly n) and (n).
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Section 3 presents the simulations and results. Ihe tmnal
section presents the conclusion.

II. RELATED PREVIOUS WORKS

The literature proposes many innovative techniques for
removing BW noise from the ECG signal: conventional
filtering using FIR filter [2] or IIR filter [3], adaptive filtering
techniques [3], [4], extended Kalman filter (EKF) [5],
principal component analysis (PCA) [6], wavelet denoising
[7], [8], [9], DCT-based method [10], Fourier series[ 11],
neural network [12]and Wiener filter [13].

III . COMPARATIVE METHODS DESCRIPTION

A. DWT-based methodfor baseline drfi removing
1) Discrete Wavelet Tramform
DWT is a suitable tool for denoising signals. It can realize

the time-scale decomposition of the input signal to achieve a
decorrelation of the noise. A discrete signal x[n] can be
decomposed using the multiresolution analysis (MRA) as
follows [14]:

KeywordsEGC denoising, Baseline wander removing,
Discrete Wavelet Transform, Discrete Cosine Tranform,
Walsh-Hadamard Tranform.

I. INTRODUCTION

Modem healthcare technologies are made around expert
systems aiming to support human physicists. However, to
build such systems, a need to an accurate data acquisition
platform is unavoidable. In this context, the attention is
focused on ECG-acquiring systems. To guarantee a preventive
or at least a correct diagnosis by a cardiologist or an aiding
expert system, the numerous types of noise corrupting the
acquired signal should be reduced. As it is well-known, the
various noise sources can be [ 1]:

• Baseline wander BW originated from body
respiration movements with frequencies band less
than 0.5 Hz.

• Additive White Gaussian noise AWGN.

• Power-line interference PLI caused by inductive and
capacitive coupling ofthe power supply.

• Muscle artefacts MA produced by the electrical
action ofmuscles.

The presented work aims to compare three methods to
remove the baseline wander from the ECG signal. The
achieved comparison has been done and the strategies were
evaluated quantitatively and qualitatively.

The organization ofthe paper is as follows:

Section 1 provides a brief overview of BW filtering.
Section 2 describes the BW denoising techniques in detail.

Abstract-Nowadays, Electrocardiogram (ECG) diagnosis stills
to be very useful to inform about the cardiac health status of
humans. However, acquiring an ECG signal in a correct manner
requires that all noise sources should be reduced proficiently.
Among such noise types, we attract the attention to the baseline
wander (BW) that can be instigated, usually, by unreliable
electrode contact placement, patient breathing, unclean skin
and so on. In this context, three strategies dedicated to diminish
BW contribution that are: Discrete Wavelet Transform (DWT),
Discrete Cosine Transform (DCT), Fast Walsh-Hadamard
Transform (FWHT) based algorithms, were experimented
comparatively. Achieved simulations demonstrate, qualitatively
and quantitatively, the high-performance capacity of the DWT­
based strategy compared to the DCT-based technique and
FWHT-based method.

Fig. 1. The structure of a two-level pyramidal decomposition.
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The FWHT ofthe input signal x(n) with Nlength is given
as follows:

The decomposition process gives coefficients that
start from the last level [Ax ,De ....,Di ] . We seek to
approximate adequately the baseline wander band by the
suitable wavelet approximation vector AK, where K is
produced by K levels decomposition. However, the level K
can be found by[7]:

N0)=so, +-=1,2,3...
n=I

(6)

Wherefswmax is the maximumbaseline wander frequency,
andf, is the sampling frequency.

This means that the cAx vector should be nullified to
suppress the contribution of the baseline drift from the noisy
ECG signal and preserve the useful signal.

B. DCT-based methodfor baseline drfi removing

1) Discrete Cosine Transform
The discrete cosine transform is considered a powerful

tool for signal analysis. A general equation is written as [15]:

Wn is the Walsh matrix, which is generated using the
Hadamard matrix employing the bit-reversal permutation and
the Gray code change on the row index[l6]. The Walsh
function can be expressed as:

(7)
m
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The Walsh-Hadamard Transform (WHT) is a real-to-real
transformation. This means that the frequency component is
defined from O to halfof the sampling frequency of the input
signal. To eliminate the baseline wander, we need to nullify
the contributing coefficients of the discrete WHT transform
using the corresponding index k associated to the frequencies
range [0-fiwmax] obtained by the same equation (4).

Where f, is the sampling frequency, fie is the frequency of
index k. Accordingly, the inverse Walch-Hadamard transform
is given by:

(2)

/k=1,........,N (3)
N
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N is the length of the input signal x(n). Therefore, the
transform domain resulting signal X(k) has the same length.
The estimation ofcorresponding index k is expressed by :

Where f, is the sampling frequency, fie is the frequency of
index k.

The baseline drift in the DCT domain is suppressed by
zeroing the k index matching the frequencies of the BW [0­
foona]. After suppressing contributing indexes [ 1 OJ, we
perform a reconstruction operation using inverse DCT using
the following equation:

(8)

(9)
5
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where, B,= [100,50,-30,50,50] andf= [0.1,0.2, 0.3, 0.4,
0.5] Hz, respectively.

We attract attention to the fact that in the case of synthetic
signals, visual inspection has been taken as a qualitative
evaluation in association with a quantitative examination,
considering the signal-to-noise ratio SNR and mean square
error MSE. Accordingly, the used metrics are formulated as
follows [11]:

IV. SIMULATION AND RESULTS

We conducted multiple simulations to assess three
baseline wander suppression techniques in a comparative
manner using various conventional metrics. Therefore,
numerous tests have been performed on two types of ECG
signals:

• Real data fromthe MIT BIH arrhythmia database
ECG recording with 360 Hz sampling frequency
and 11 bits resolution[l 7]. These records contain
inherent baseline drift noise. For our tests, we
have chosen the ECG records (mitdb/121 and
mitdb/115).

• Generated synthetic ECG signal with a sampling
rate of360 Hz.

It is worth noting that synthetic signals are corrupted, with
generated artificial BW noise expressed by:

(5)

(4)
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2) FHT -based methodfor baseline drfi removing
3) Fast Walsh-Hadamard tramform
The FWHT is an orthogonal transformation based on the

orthogonal waveform's atoms called Walsh functions to
involve frequency domain signals. The Walsh-Hadamard
matrix is derived from the Kronecker product .

H2k =H2 ® H2k.1 where H2 = [1 1
]

1 -1



(10)

(11)
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COMPARISON OF DIFFERENT DENOISING TECHNIQUES IN
TERM OF SNRAND MSE

Technique SNR MSE
DWT-based denoising 28.6283 0.4967
OCT-based denoising 18.7184 4.8650
FWHT-based denoising 8.2866 53.7360

TABLE I.

l N-1sr-Yes-«g,
N i=I

Where egris the free-noise synthetic generated signal and
ecgd is the denoised synthetic signal. However, only visual
inspection was accomplished for the realistic MIT-BIH ECG
signals.
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Fig. 4. Filtering of the synthetic ECG signal corrupted by baseline drift: (a)
the originally synthetic ECG with zeromean, (b) corrupted signal by BW (c)
DWT filtering, (d) DCT filtering, (e)FWHT filtering.

Fig. 3. Visual filtering results of denoising ECG contaminated by baseline
drift: (a) the mitdb/115 ECG record originally contaminated, (b) DWT
filtering, (c) DCT filtering, (d)FWHT filtering.

Additionally, Fig.4 qualitatively displays the performance
ofthe BW-removing techniques when applied to the synthetic
ECG. It can be seen that the BW noise was considerably
diminished from the corrupted signals in cases of DWT and
DCT-based algorithms without loss of useful medical
information. Conversely, from Fig.4(e) (FWHT-based), we
can observe that the ECG features are significantly reduced
due to the important number of indexes suppressed.

V. CONCLUSION

This paper presents a comparative review ofbaseline drift
noise filtering methods. Consequently, the performances of
DWT-based, DCT-based, and FWHT-based techniques to
reduce the effect of BW in the ECG signal have been
evaluated qualitatively and quantitatively. Hence, the
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Fig. 2. Visual filtering results of denoising ECG contaminated by baseline
drift: (a) the mitdb/121 ECG record originally contaminated, (b) DWT
filtering, (c) DCT filtering, (d) FWHT filtering.

In the second part, the ECG BW denoising techniques
have been tested on synthetic signals. Consequently, Table 1
lists the values of SNR and MSE obtained using different
denoising methods. It is clear from this table that DWT-based
filtering can enhance the ECG signal with better quality
compared to the other techniques.
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Therefore, ifwe choose a BW band of0. 6 Hz, the optimal
estimated number ofdecomposition levels for the DWT-based
filtering method is L=8, and the indexes to be suppressed are
ranging from 1 to Km27 (the length is taken 8192) for both
DCT-based and FWHT-based filtering methods.

Several wavelet families were tested during the
simulations. 'dbl I' and 'dmey' showed better denoising
performance in the experiments, so they were selected.

In the case ofFWHT-based, we suppressed more thanK
indexes in order to improve the quantity of ECG-restored
signal.

Fig. 2-3 compares various methods for filtering ECG
baseline drift. As a result, the BW noise in the contaminated
signal was significantly reduced while the original signal
characteristics were preserved. As seen in Fig. 2(b) and Fig.
2(c), presenting, respectively, the recovered signals of the
wavelet and the DCT-based techniques demonstrate superior
quality compared to the restored signal obtained from the
FWHT filtering method Fig. 2(d).
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