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ABSTRACT

Baseline wander (BW) is a low frequency artifact in
biomedical electronic recordings. It is usually caused by
patient’s respiration or movement of equipments. The removal
of this artifact is important in ECG recordings for reliable
visual interpretation. This paper presents the implementation
of Empirical Mode Decomposition (EMD), Ensemble
Empirical Mode Decomposition (EEMD) and EMD based
method to remove this disturbance. The EMD based technique
serves as an efficient method to remove baseline wander with
minimum signal distortion. The results highlights the main
differences among all different methods and also show that
the EMD based technique is able to remove best baseline
wander.
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1. INTRODUCTION

THE ECG signal is a representation of the bio electrical
activity of the heart, representing the cyclic contraction and
relaxations of the human heart muscles. ECG analysis is
widely used as a reliable technique for the diagnosis of the
cardiac failure and cardio vascular disease [1]. To acquire the
electrocardiogram signal, ECG devices with number of
electrodes (3-12) can be used. Multi lead systems are also
available that having 12 and up to 120 electrodes are also
available [2]. ECG recordings obtained by placing electrodes
on the surface of subject’s body are inevitably contaminated
by several different types of artifact.

The transmission of ECG signal often introduces noise
because of poor channel conditions and there are other types
of noise inherent in the data collection process. The main
sources of such disturbances are — (1) The wideband noise
(baseline wander) is mainly caused by breathing or
movements and (2) the narrow-band noise such as power line
interference or mechanical forces which are acting on the
electrodes is caused by the muscle activity. Both type of
substantial disturbances affected by the motion of the patient
or the ECG leads [3]. Base line wander (or trend) lies between
0.15 and 0.3 Hz. The power line interference is centered at 60
Hz (or 50 HZ) with a bandwidth of less than 1 Hz [2]. The
separation of the ECG signal from these disturbances allows
proper analysis and display.

Many researchers have been reported in the literature for
removal of baseline wander noise. Some relevant
contributions have proposed using some different techniques,
such as the adaptive filtering [4], wavelet transform [5-6],
EMD [7] and EEMD [8].

The aim of this paper is to compare three different existing
techniques of base line wander removal. The EMD algorithm
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was recently introduced in [7] a technique for obtaining
oscillatory modes present in the data. The EMD allows
overcoming the intrinsic limitations of wavelet analysis. The
EMD is a good tool for artifact reductions applications. This
motivates the use of EMD in ECG enhancement. In this work
we address a comparison among EMD algorithm, EEMD
algorithm and EMD based method.

This paper is organized as follows: Section Il details the
mathematical basis of EMD algorithm, EEMD algorithm and
EMD based method for baseline removal. The simulation
results and comparison with published results are highlighted
in section I11. Conclusions are drawn in Section 1V.

2. MATHEMATICAL BASIS

In this section the mathematical background of the EMD
algorithm, EEMD algorithm and EMD based method for
baseline removal is summarized.

2.1 EMD Algorithm

The empirical mode decomposition is an adaptive and fully
data-driven technique that does not require any priori. The
EMD has been introduced by Huang et.al [7] to non-linear
and non-stationary time series such as bio-medical signals.
EMD attempts to decompose a time series into intrinsic
oscillations by exploiting both local temporal and structural
characteristics of the data. The starting point of EMD is to
estimate a signal as a sum of low frequency and the detail
components for high frequencies components are referred to
as Intrinsic Mode Functions (IMFs) and the low frequency
components are called residuals. The process of finding the
IMF is called the shifting process [9], is described as follows

(a) Firstly we have to identify all the local maxima and
minima. Generate a upper envelope eup(t) as a cubic spline
curve by connecting all the local maxima. Similarly, generate
lower envelope e|ow(t) as a spline curve by connecting all
the local minima.

(b) The local mean of these envelops is determined and
denoted as

mlO (t) = (eup (t) + elow(t)) / 2

(c) This local mean is subtracted from the signal X(t)

and the first proto-IMF P, (t) is obtained as

Poy = X(t) — My @

(d) Repeat the above procedure to get

p11(t) = p01(t) - m11(t)
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Repeat Py (t) = Pyy_qy (£) — My, (t) until the proto-IMF
Py (t)is an IMF. Here my, (t) is the local mean of
Py (1)

The shifting process is applied repetitively to the proto-IMF
Py (t) until the first IMF @, (t) is obtained. To terminate

the shifting process a stopping criterion is the sum of
difference (SD) [3]:

= [Py ® = Py O

SD=>"

t=0 plz(k—l) ®)

@

The first IMF @, (t) is obtained when the SD is smaller

than a threshold; this first component contains the finest
temporal scale in the signal. To obtain a series of IMFs, the
procedure is described as follows

(1) The residue I (1') is obtained by subtracting the first IMF
a, (t) fromsignal X(t) [9]. Itis written as

n(t) = x() -a, () ®)

(2) Note that the residue I;(t) still contains some useful

information of longer period components. Therefore, this
residue is treated as a new signal. Apply the above shifting

process on the entire residue I'; (t) :

L) —a, ) =r),..r,t)-a,O=rt) ©

(3) The whole repetition process terminates when the residue,
r, (t) is a constant, a monotonic slope, or a function with
only one extremum.

The EMD of the original signal can be reconstructed by
combining equations (3) and (4)

X0 =Ya0+r,0 ®

For convenience, we refer to @, (t) as the i" order IMF.
The last residue I, (t) is usually considered as a last IMF

a,,,(t) and equation (5) is rewritten as

n+l

X(t) = Zai (t) )

The higher order IMF contains fewer signal components while
the lower order IMF contains more signal components. The
result of the EMD produces N IMFs and a residue signal.
The flowchart of this algorithm is depicted in figure 1.

International Journal of Computer Applications (0975 — 8887)
Volume 116 — No. 15, April 2015

Input Signal
x(t)

N Collect input and
Last residue processed residue Last IMF

(8 | andIMF * sy (E)

l 1

‘ Local maxima and minima extraction

l

‘ Generate upper and lower envelope ‘

No

Yes

4{ IMF a, () = x(6) — () | MFa®

Fig 1: Flow Chart of EMD algorithm
2.2 EEMD Algorithm

The EMD algorithm is very sensitive to noise in ECG signal.
Due to mode mixing, this algorithm can lead complications.
The mode mixing effect is defined as an IMF that includes
oscillations of a component of similar scale assigned to
different IMFs. It can also be due to the presence of a
transient spectral component in the ECG signal. An extension
to the EMD algorithm was presented in [8], is called
Ensemble Empirical Mode Decomposition (EEMD), which
removes this mode mixing effect. The EEMD algorithm uses
an average number of ensembles of the EMD algorithm as the
optimum choice of IMFs.

The main objective of the EEMD algorithm is to add white
noise into the signal with many numbers of trials. Each trial
has different noise, and the added noise can be canceled out
on average, if the number of trials is sufficient. Hence, as
more and more trials are added to the ensemble, the residual
part is the signal. The process of EEMD method is as follows

8l:
(i) White noise series W(t) is added to signal X(t) in
following manner

X, (t) = x(t) +w(t) )
(i) Signal Xl(t) decomposes by using EMD algorithm.

(iii) Step (i) and step (ii) are repeated until the trial numbers,
each time with different added white noise series of the same

power at each time. D (t) is achieved as the new IMF

combination, where | the iteration number and j is the scale
of IMF.

(iv) Estimate the mean of the final IMF of the decompositions
as

b, (0= 30,V ®

where N denotes total number of trials.
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2.3 EMD based method

This EMD based method is proposed in [3]. BW corresponds
to a low frequency of the signal, however it can be considered
as the summation of certain higher order IMFs. In fact, fewer
ECG signal components and major BW components are
located in higher IMFs while more signal components and
fewer BW components are located in lower IMFs. BW may
have multiple extrema and zero crossing which violets the
residue definition. Therefore, the residue, which can also
regarded as the last IMF, may not correspond to baseline
wander.

The baseline wander must be separated from the last IMFs.
The number of IMFs that contribute to the BW is referred as
BW order. BW is estimated here via a “multiband” filtering
approach. The estimated BW is then subtracted from the
signal. A bank of low pass filters is applied to the last IMFs.
The baseline wander is estimated by the sum of the outputs of
this filter bank.

By performing the EMD on signal X(t), we obtain all the
IMFs, which taken from equation (6). The BW is denoted as
N ; a bank of low pass filters d, (), i =1,2,....... N ,is
assigned and this filter bank is applied to the IMFs starting
from the last @, () . The outputs of the filter bank are

hl (t) = dl(t) * a‘n+l (t),
h, (t) = d, (t) * &, (1),

©)

.hN (t)= dN (t) * Ayn+2 ®

where * denotes the convolution. The cut off frequency of
the first low pass filter dl(t) is set to be @), and the cutoff

frequency of the K™ filter [3] is set as

% (10)

= =

M k-1
where M >1 is a frequency folding number. The outputs
h, (t) extract the BW component in each IMF. Therefore,

this output can be used to determine the BW order N . The

variance of each hi (t) is determined [3] as:

L—

vl = LS ho-u]

t=

Where £, is mean value of the output hi (t) We choose

N such that varfhy,(t)}< Eandvar{h, ()} > &,
starting from the last IMF. Where f is an appropriate

established threshold. The parameter @y, M , & can be
selected according to the baseline wander behavior [3].
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After the determination of BW order N , the output of all the
filter are synthesized to form the estimate as

~ N
h(t) => h(t) (12)
i=1
The reconstructed signal is obtained by subtracting the

A
estimated h(t) from the signal X(t). Therefore, the
reconstructed signal after BW removal is

X (t) = x(t) - h(t) 13)
3. SIMULATION RESULTS AND
DISCUSSIONS

The experiments are performed on the database of Non
Invasive Fetal ECG database [10], having baseline wander
noise shown in figure 2.

Firstly the EMD algorithm is applied on this database, and
then produced 10 IMFs (in form of higher to lower order) are
shown in figure 3. The signal is reconstructed by subtracting

7" IMF from original database. The reconstructed ECG
signal by using EMD method is shown in figure 4.

An extension to the EMD method that is, the EEMD method
is applied to the database which is shown in figure 2. The 10
IMFs which are produced by this method are shown in figure
5. After applying EEMD method, the signal can be

reconstructed by subtracting 8th IMF from original database
which is shown in figure 6.

Baseline wander are located in higher order IMFs (figure 3)
and the baseline wander spread over the last IMFs. A bank of
low pass filters are applied to the last IMFs. The sum of
output of this filter bank serves as estimated baseline wander.
The reconstructed signal is obtained by removing this
estimated baseline wander from the original signal, which is
described in section Il (part C) is shown in figure 7.
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Fig 2: Non Invasive Fetal ECG database
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Fig 3: IMFs (1-10) obtained by EMD algorithm
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Fig 4: Reconstructed signal from EMD algorithm
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Fig 5: IMFs (1-10) obtained by EEMD algorithm
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Fig 6: Reconstructed signal from EEMD algorithm
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Fig 7: Reconstructed signal from EMD based
method

The IMFs are produced by EMD algorithm and EEMD
algorithm, shown in figure 3 and figure 5 respectively.
Comparing the IMF component of the same level, EEMD has
more concentrated and band limited components. We can see

that baseline wander is in 7" level in EMD and 8"
EEMD. ECG components are located between 3™ to 6"
level in EMD and 3™ to 7™ level in EEMD.

level in

The reconstructed signals are shown in figure 4, figure 6 and
figure 7. The comparison between these signals show that the
baseline removal using EMD method achieves best baseline
wander removal. The cutoff frequency of high pass filter is

experimentally @, set to 0.09Hz, M is setto 20 and & is set
to 10, which is described in section |1 (part C).

4. CONCLUSIONS

In this paper a comparison among three methods for baseline
removal has been carried out. It has been shown how all
techniques used are able to remove baseline wander noise
from an ECG database. In particular, the EMD based method
with high pass filtering leads to better results especially regard
to the baseline wander noise removal.

Furthermore, by comparing the IMFs obtained by the EMD
algorithm and EEMD algorithm, EEMD significantly remove
the mode mixing effect. By comparing the IMF component of
same level, EEMD has more concentrated and band limited
components. Moreover, the EMD based technique which is
used here can be applied in practical stress ECG tests and long
term holder monitoring.
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