
Denoising of ECG signals using Empirical Mode
Decomposition based technique

Anil Chacko∗, Samit Ari
Department of Electronics and Communication Engineering

National Institute of Technology, Rourkela, India
Email: ∗anilchacko84@gmail.com, samit.ari@gmail.com

Abstract—The Electrocardiogram (ECG) shows the electrical
activity of the heart and is used by physicians to inspect the
heart’s condition. Analysis of ECG becomes difficult if noise
is embedded with signal during acquisition. In this paper, a
denoising technique for ECG signals based on Empirical Mode
Decomposition (EMD) is proposed. The noisy ECG signal is
initially decomposed into a set of Intrinsic Mode Functions
(IMFs) using EMD method. In the proposed technique, the IMFs
which are dominated by noise are automatically determined
using Spectral Flatness (SF) measure and then filtered using
butterworth filters to remove noise. This method is evaluated on
ECG signals available in MIT-BIH Arrhythmia database. The
experiment results show that the proposed technique performs
with better Signal to Noise Ratio (SNR) and lower Root Mean
Square Error (RMSE) than the commonly used Wavelet Trans-
form based denoising technique.

Index Terms—ECG, Denoising, EMD, MIT-BIH database,
Wavelet Transform.

I. INTRODUCTION

Electrocardiogram (ECG) shows the electrical activity of
the heart during its contraction and expansion. It is one of the
important tools used by medical practitioners to examine the
pathological condition of the heart [1]. Accurate analysis of
ECG signals becomes difficult if it is corrupted by noise during
acquisition. Thus, noise removal becomes an essential part in
ECG preprocessing for better performance in ECG analysis
and characterization.

Many denoising techniques have been reported in the litera-
ture for ECG denoising such as adaptive filtering [2], statistical
techniques like independent component analysis [3], fuzzy
multiwavelet denoising [4] and wavelet denoising [5]. The
wavelet based technique is more popular and shows better
performance than the earlier methods [5]. Daubechies-4 (dB4)
wavelet with soft thresholding shows the best performance
among all wavelet families. Wavelet transform have been
widely used for denoising of ECG signal because of its ability
to characterize time frequency information where two types of
thresholding are used to enhance the ECG signal. However,
the wavelet transform technique has following limitations for
application as a denoising method for ECG signal: (i) the hard
thresholding may lead to the oscillation of the reconstructed
ECG signal (ii) Soft thresholding method may reduce the
amplitudes of the ECG waveforms and especially reduce
the amplitudes of the R waves which is more important to
diagnose the heart diseases [6].

Therefore, many researchers use Empirical Mode Decompo-
sition (EMD) based denoising technique [7]- [9]. EMD decom-
poses a signal into few oscillatory functions known as Intrinsic
Mode Functions (IMFs). Most of the denoising methods based
on EMD technique follows partial reconstruction of the signal
by removing noisy IMFs [7], [9]. However, this method re-
moves the signal information along with noise. In this paper, a
method for ECG denoising based on EMD is proposed, where
noisy IMFs are automatically determined based on the Spectral
Flatness (SF) measure. The noisy IMFs are then filtered to
remove the noise components of the signals. Performance of
this algorithm is tested on MIT-BIH arrhythmia database and
evaluated based on Signal to Noise Ratio (SNR) and Root
Mean Square Error (RMSE). The results are compared with
the Wavelet Transform based denoising technique.

This paper is organized as follows. Section II gives the
theoretical background on Empirical Mode Decomposition.
Section III explains the proposed method and Section IV
shows the results and comparison. Finally the conclusion is
given in section V.

II. THEORETICAL BACKGROUND

Empirical mode decomposition (EMD) was introduced by
Huang et al [10] for decomposing a given signal x(t) into a
finite number of sub components called Intrinsic Mode Func-
tions (IMFs). The IMFs represent the oscillatory mode of a
particular signal and is obtained by a systematic process called
sifting. An IMF should satisfy the following two properties.

1) The maximum difference between the number of extrema
and the number of zero crossings should be 1.

2) At any given point, the mean of the envelopes created by
the maximas and minimas should be 0.

The algorithm for performing sifting on a given signal x(t)
is given below

(i) Identify all the maximas and minimas of x(t).
(ii) Interpolate between minima, ending up with a signal

xmin(t) and similarly between maximas to give xmax(t)
(iii) Calculate the average between those two envelopes:

xavg(t) = (xmax(t) + xmin(t))/2 (1)

(iv) Extract the detail: d1(t) = x(t)−xavg(t). d1(t) is given
as input to the next iteration of sifting.

A stopping criterion to the number of sifting iterations is
employed to ensure that the IMF component retain enough



Fig. 1. The original ECG and its seven IMFs

physical sense of both amplitude and frequency modulation.
This is by limiting the Standard Deviation (SD) between two
consecutive sifting iteration results. If k number of sifting
iterations are performed, then the SD is given by

SD =

L−1∑
t=0

[
|dk−1(t)− dk(t)|2

d2k−1(t)

]
(2)

Typically the value of SD is set between 0.2 and 0.3.
Once dk(t) is accepted as first IMF, h1(t), the residue is

calculated as

r1(t) = x(t)− dk(t) (3)

h1(t) = dk(t) (4)

r1(t) is given as the input to the next round of sifting process
to extract second IMF. The EMD process can be stopped when
the residue r(t) becomes a monotonic function from which no
more IMF can be extracted.

If N rounds of sifting process is performed on the given
signal x(t), it will be decomposed to a set of N IMFs and a
residue signal which can be denoted as

x(t) =

N∑
k=1

hk(t) + rN (t) (5)

The above equation shows that a signal which is decomposed
by EMD can be recreated easily by simple addition of the
IMF components hk(t) and the residue signal rN (t). The
decomposition of an ECG signal using EMD is shown in Fig.
1.

Fig. 2. Block diagram of the proposed ECG denoising method

III. PROPOSED METHOD

When a noisy signal is decomposed using EMD, the noise
components are mainly present in the initial IMFs [11]. In
this work, Spectral Flatness (SF) measure is used to determine
whether a particular IMF is dominated by noise or not. Since
the bandwidth of ECG is usually in the range from 0.05 to
100 Hz [12], the power spectrum of signal IMFs will be
concentrated on a short range of frequencies. The spectrum
of noisy IMFs will be relatively flat compared to signal IMFs.

The proposed noise removal method using EMD is illus-
trated in Fig. 2 and the different steps are explained below
Step 1: The ECG signals are taken from MIT/BIH arrhyth-

mia data base [13]. Every file in the data base consists of
two lead recordings sampled at 360 Hz sampling frequency
with 11 bits per sample of resolution. The noisy signal s(t)
is obtained as s(t) = x(t) + n(t) where x(t) is the original
ECG and n(t) is the noise signal.
Step 2: The noisy ECG signal is decomposed into IMFs
using EMD method.
Step 3: The number of noisy IMFs, n, is obtained by com-
paring the Spectral Flatness (SF) of each IMF to a threshold
T . The Spectral flatness is calculated as the ratio of geometric
mean of the power spectrum to its arithmetic mean [14]. It is
given as

Spectral Flatness =

L

√
L−1∏
n=0

H(n)

L−1∑
n=0

H(n)

L

(6)

The first n IMFs whose Spectral Flatness is above the



TABLE I
EXPERIMENTAL RESULTS FOR PROPOSED METHOD AND WAVELET BASED ENHANCEMENT TECHNIQUE

.

5dB 10dB 15dB
MIT/BIH WT method Proposed method WT method Proposed method WT method Proposed method
Tape No SNR RMSE SNR RMSE SNR RMSE SNR RMSE SNR RMSE SNR RMSE

100 8.10 0.393 9.50 0.334 11.46 0.267 14.35 0.191 15.11 0.175 18.67 0.116
101 8.92 0.357 9.85 0.321 11.96 0.252 14.48 0.188 15.69 0.164 16.70 0.146
115 9.45 0.336 10.22 0.308 13.09 0.221 14.59 0.186 16.76 0.145 17.61 0.131
118 9.53 0.332 10.01 0.316 12.04 0.249 14.95 0.178 15.52 0.174 19.39 0.104
122 9.43 0.331 9.99 0.316 12.76 0.231 14.97 0.171 16.20 0.154 19.77 0.102
205 8.43 0.380 10.08 0.313 11.85 0.255 14.73 0.183 14.92 0.179 18.22 0.122
209 7.93 0.405 9.97 0.316 11.03 0.282 14.84 0.182 14.17 0.195 16.68 0.146
213 8.49 0.375 9.95 0.317 11.76 0.258 14.62 0.185 14.76 0.187 20.02 0.092
215 8.26 0.386 9.65 0.329 11.18 0.271 14.89 0.181 14.10 0.192 18.86 0.114
230 8.99 0.355 9.94 0.318 12.43 0.238 14.68 0.184 15.83 0.161 19.54 0.105

Average 8.75 0.365 9.92 0.319 11.96 0.252 14.71 0.183 15.31 0.173 18.55 0.118

Fig. 3. Method to find out the number of noisy IMFs

threshold T are considered as noisy IMFs. This method is
explained in Fig. 3. The threshold value of spectral flatness,
T , is taken as 0.09 based on the experiments done on the
database.
Step 4: Since significant part of the high frequency content

of ECG is in the range of 40-60 Hz [11] the 1st IMF is
filtered using a bandpass butterworth filter of order 10 with
pass band of 40-60 Hz. The remaining noisy IMFs are
filtered using low pass butterworth filter of order 10 with
cut off frequency of 60 Hz to extract the significant signal
components.
Step 5: The ECG signal is reconstructed by adding the filtered
IMFs and the remaining signal IMFs. The reconstructed signal
x̂(t)

x̂(t) =

n∑
k=1

h̃k(t) +

N∑
k=n+1

hk(t) + rN (t) (7)

where h̃k(t) is the filtered version of hk(t)

Fig. 4. Original ECG, Noisy ECG with 10 dB SNR and ECG with noise
removed by the proposed algorithm

IV. RESULTS & COMPARISON

The proposed algorithm is tested on MIT-BIH (Massachus-
sets Institute of Technology - Beth Israel Hospital) Arrhythmia
database [13]. White Gaussian noise is added artificially to the
ECG signals that results 5dB, 10dB and 15dB SNR.

The performance of this method is evaluated based on the
Signal to Noise Ratio (SNR) and Root Mean Square Error
(RMSE) [15]. The SNR can be represented as the following

SNR =

L−1∑
t=0

x(t)2

L−1∑
t=0

n(t)2
(8)

where x(t) is the signal and n(t) is the noise.
In this paper, RMSE is used to evaluate the quality of the

information which is preserved in the denoised ECG signal.
RMSE is defined as follows:

RMSE =

√√√√√L−1∑
t=0

(x(t)− x̂(t))2

L
(9)



where the numerator part is the square error, x̂(t) is the
reconstructed ECG signal and L is the length of the signal.

Fig. 4 shows the original ECG, noisy ECG and the denoised
ECG using the proposed algorithm.

The Table I given shows the comparison of the SNR
achieved by the proposed algorithm and the Wavelet Transform
technique [5] for three different Input SNRs. The comparison
values are given for 10 random sets of data picked from the
MIT-BIH database. The average performance improvement of
the proposed method is also shown.

V. CONCLUSION

An EMD based method for denoising of ECG signal is
proposed in this paper. Automatic detection of noisy IMFs
is done using spectral flatness measure. The noisy IMFs are
filtered and then added with signal IMFs to obtain the denoised
ECG signal. The proposed technique is evaluated on 5dB,10dB
and 15dB SNR where white gaussian noise is artificially added
with original signal. Performance of the proposed method
shows better SNR performance and lower RMSE compared
to Wavelet Transform based technique which is usually used
as an ECG signal denoising technique.
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