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Abstract-The removal of baseline wander (BW) is a very 

important step in the pre-processing stage of electrocardiogram 
(ECG). Thus, a method for accurate removing the baseline 
wander (BW) in ECG on the basis of Empirical Mode 
Decomposition (EMD) is proposed in this paper. We briefly 
described the principles and characteristics of the EMD in Section 
II. To validate the proposed method, the recording from 
MIT/BIH database is used. In this paper, the traditional median 
filter is also applied to remove BW in ECG for comparison with 
our EMD method. Our experimental results show that the 
performance of EMD method is very good and accurate in 
removing BW in ECG.  

 

I. INTRODUCTION 

Electrocardiogram (ECG) is the representation of the 
electrical activity of the heart (cardiac) muscle recorded from 
the body surface. Baseline wander (BW) is a classical 
disturbance in ECG recording which is mainly generated by 
the patient motions, respires and others. The frequency 
components of the BW noise are usually below 0.5 Hz, and 
extend into the frequency range of the ST segment during a 
stress test [3]. Then powerful correction of the BW in ECG can 
help to get desired signal for clinical diagnoses. 

Many methods have been used in baseline wander correction 
in ECG. Most of them are based on digital filtering. The major 
shortcoming of the method FIR filtering in [2] the filter needs a 
large number of coefficients. The cubic spline method is also 
used for removal of the BW in ECG, however, the performance 
of this method can be influenced by the determination accuracy 
of knots. The adaptive filtering method has been applied to 
remove the BW in reference [4] [5]. Adaptive filtering of the 
ECG assumes that either the signal or noise is stationary or 
non-stationary. [1] 

In this paper, we propose a new approach for removing the 
BW using Empirical Mode Decomposition (EMD). The EMD 
is specifically for analyzing the nonlinear and non-stationary 
signals which is unique and different from the existing 
methods such as Spectrograms, Wavelet analysis and the 
Wigner-Ville distribution. The EMD can decompose the signal 
into Intrinsic Mode Functions (IMFs). The higher order IMFs 
the lower frequency component is included [1]. In the past few 
years, the EMD was used widely for analyzing data from 

nonlinear and non-stationary processed in engineering [7]. It 
has also been applied with success in some Biomedical 
engineering applications including automated detection of 
venous gas bubbles, classification of normal and hypoxia ECG 
and denoising processing in ECG [9]-[11]. In Reference [12] 
the EMD has been used for ECG BW removal. 

We decompose the ECG signal using EMD into several 
Intrinsic Mode Functions (IMFs). Depending on the properties 
of the IMFs we subtract directly the sum of higher order IMFs 
from ECG to achieve the correction of BW in ECG. We do not 
use the lowpass filter to filter some IMFs for achieving the BW 
removal in ECG like Ref. [12]. 

The ECG signal used in this paper is from the MIT/BIH 
database. Arbitrary BW with the same order of ECG 
magnitude is then added the ECG signal. The principles of 
EMD will be presented in Section II. The experimental results 
of the BW correction in ECG for EMD method is described in 
Section III. The correlation coefficient is used to measure the 
performance of the proposed method. The results of 
experiment and correlation coefficient measure indicate clearly 
our method can give a very satisfactory performance on 
removal of BW in ECG signal. 
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Fig. 1.  A example of EMD for a typical ECG time series data. 
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II. EMPIRICAL MODE DECOMPOSITION 

The Empirical Mode Decomposition (EMD) is designed by 
N. E. Huang for nonlinear and non-stationary signal analysis. It 
is to accomplish the decomposition using empirical bases 
termed Intrinsic Mode Functions (IMFs). An IMF satisfies the 
following properties:  
1) in the whole data set, the number of extrema and number 

of zero crossings must either equal or differ at most by 
one, and 

2) at any point, the mean value of the envelope defined by 
the local maxima and the envelope defined by the local 
minima is zero [8].   

The IMFs are a set of well-behaved intrinsic modes, which 
can be applied by the Hilbert Transform (HT). Contrary to 
almost all previous signal analysis methods, this new method is 
intuitive, direct, a posteriori and adaptive [8]. The 
decomposition processing can be called sifting process. The 
goal of the sifting is to subtract the large-scale features of the 
signal repeatedly until only the fine-scale features remain. The 
steps of the sifting are as follows: 

1. Identify the extrema (maxima and minima) of the 
signal ( )x t . 

2. Find the upper envelope of the ( )x t  by passing a 
natural cubic spline through the maxima, and similarly, 
find the lower envelope of the minima. 

3. Compute mean of the upper and lower envelopes and 
designate as ( )m t . 

4. Get an IMF candidate using the formula 
( ) ( ) ( )kh t x t m t� � . 

5. Check the whether properties ( )kh t  is an IMF. If 
( )kh t is not an IMF, repeat the procedure from step 1. If 
( )kh t is an IMF, then set ( ) ( )kr x t h t� � . 

The procedure from step 1 to step 5 is repeated by sifting the 
residual signal. The sifting processing ends when the residue r 
satisfies a predefined stopping criterion. The ( )kh t  
( 1k n� ��� ) are being sorted in descending orders of 
frequency. Finally, the original ( )x t  can be reconstructed by 
a linear superposition:  

( ) ( )
1

n
x t h t rkk

� ��
�

                (1) 

where ( )kh t  is one kth IMF of the decomposed signal, and 
r is a residue.  Fig. 1 shows typical results from EMD. 

III. METHODS AND EXPERIMENTAL RESULTS 

The ECG signal comes from the MIT/BIH database is first 
filtered using a lowpass filter, thereby yielding a new ECG 
named ‘clean’ ECG as shown in Fig. 2 (a). For testing the 
EMD method, an artificial BW is generated by using a 
combination of sine and cosine waves as displayed in Fig. 2 (b). 
The frequencies of the sine & cosine waves are 0.2 Hz and 
0.45 Hz, respectively; while their corresponding amplitudes are 
330 mV and 220 mV. Then the artificial BW is added to the 

‘clean’ ECG to construct the test ECG signal as shown in     
Fig. 2 (c). 

We apply the EMD method to decompose the test signal into 
15 components including 14 IMFs and one residue. The 
residue can be regarded as the last IMF. Because the BW is 
usually low frequency phenomenon, it is involved mainly in 
the last several components of IMFs. Therefore, the sum of the 
last three IMFs can be regarded as BW and is shown in         
Fig. 3 (dot line). The ‘reconstructed’ ECG signal removing 
BW is shown in Fig. 4 (b) as compared with the clean ECG 
signal.  

 
As a comparison, a median filter with 72 samples per 

window and 108 samples per window is also used to remove 
the BW in the test ECG signal. The removed BW from median 
filtering is shown in Fig. 3 (dashed line). Fig. 4 (c) displays the 
result of applying the median filter to remove the BW.  

 
Visual inspection from Fig. 3 can observe that the BW using 

EMD method is closer to the artificial BW than using median 
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Fig. 2.  (a) ‘clean’ ECG signal (b) artificial BW (c) the test ECG signal with
BW  
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Fig. 3.  The solid line is artificial BW; the dot line is the BW applied EMD
method; the dash line is the BW applied median filter.  
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filtering; while both two correction methods can effectively 
remove the BW in ECG as shown in Fig. 4. However careful 
comparison between Fig. 4 (b) and Fig. 4 (c) indicates that the 
EMD method is more powerful than the median filtering.  

In order to quantify the comparison, we evaluate the 
performances of the correction methods with cross-correlation 
coefficient: 
 

( )2 2 1/2( ) ( ) /[ ( )]
0 0 0

n
N N N

x n y n x y nxy n n n
� � � � �

� � �
        (2) 

 
where ( )x n  is the ‘clean’ ECG signal and ( )y n  is the 
reconstructed ECG signal. The correlation coefficient xy�  of 
‘clean’ ECG and reconstructed ECG reaches 0.996 for EMD 
correction method while only 0.922 for median filtering 
method.  

Other 7 different artificial BWs are added to ‘clean’ ECG to 
evaluate the performance of the presented method, respectively. 
Five of these BWs are simulated by the combination of sine 
wave and cosine wave which their frequencies are not larger 
then 0.6 Hz. The other two BWs are received by passing the 
white noise through a lowpass filter with different cut-off 
frequency. We use the cross-correlation coefficient to analyze 
the experimental results. The average of cross-correlation 
coefficients of ‘clean’ ECG and reconstructed ECG reach 
0.9746 for EMD method while only 0.846 for median filtering 
method. 

Two original ECG signals from MIT/BIH database are also 
used to evaluate the performance of the presented method. The 
original ECG and corresponding reconstructed ECG signals are 
showed in Fig5 and Fig6 respectively. It is clearly observe that 
the baseline wonder is greatly corrected. 

Hence, we can confirm that the presented EMD method 
indeed performs better than tradition method. 

IV. CONCLUSION 

In this paper, an approach based on EMD for removal of 
baseline wander in ECG is presented. The experimental results 
indicate that this method performs accurate removal 
(correlation coefficient = 0.996) of ECG BW. The performance 
of proposed method outperforms the median filtering method 
since EMD can deal with nonlinear and non-stationary signals 
like ECG. So according to the development and completing of 
the EMD, it elevates performances in ECG analysis in the 
future.   
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Fig. 4.  (a) the test ECG data with BW; (b) comparison between the
reconstructed ECG by EMD method (black) and clean ECG (green); (c)
comparison between the reconstructed ECG by median filter (black) and
clean ECG (green). 
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Fig. 5.  The dot line is the original ECG and the solid line is the
reconstructed ECG signal. 
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Fig. 6.  The dot line is another original ECG and the solid line is the
reconstructed ECG signal. 
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