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ECG Denoising Using Mutual Information Based
Classification of IMFs and Interval Thresholding

Marjaneh Taghavi, Mohammad B. Shamsollahi, and Lotfi Senhadji

Abstract—The Electrocardiogram (ECG) is widely used for
diagnosis of heart diseases. Therefore, the quality of information
extracted from the ECG has a vital role. In real recordings, ECG
is corrupted by artifacts such as prolonged repolarization,
respiration, changes of electrode position, muscle contraction,
and power line interface. In this paper, a denoising technique for
ECG signals based on Empirical Mode Decomposition (EMD) is
proposed. We use Ensemble Empirical Mode Decomposition
(EEMD) to overcome the limitations of EMD. Moreover, to
overcome the limitations of thresholding methods we use the
combination of mutual information and two EMD based interval
thresholding approaches. Our new method is evaluated on ECG
signals available in MIT-BIH database. This method is
compared with two EEMD based interval thresholding methods.
The results show that our proposed method has a better Signal
to Noise Ratio improvement (SNRimp) and a lower Mean
Square Error (MSE) than the other two methods.

Keywords—Ensemble Empirical Mode Decomposition;
denoising; Mutual Information; Instantaneous Half Period;
Interval Thresholding; ECG

[. INTRODUCTION

LECTROCARDIOGRAM (ECQG) signal is a recording of
the electric potential produced by rhythmical cardiac
activities. ECG is widely used in clinical applications
where the accuracy of information from ECG is very
important. In [1]-[4], numerous methods have been proposed
to denoise ECG signal. Empirical Mode Decomposition
(EMD) is a typical tool for denoising signals, since EMD is
very suitable for nonlinear and nonstationary signals. EMD
was initially introduced by Huang [1], and immediately used
in biomedical engineering applications [5], [6]. EMD
decomposes a signal into several Intrinsic Mode Functions
(IMFs). The EMD denoising is based on the fact that noise
components are often found in the first several IMFs. Thus,
denoised signal is obtained by detecting noisy IMFs and
removing or filtering them and then the signal is
reconstructed by filtered IMFs.
EMD has some limitations in decomposing signal which
has the close amplitude-frequency ranges to each other. This
problem is termed ‘mode mixing’, and it can be happened
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when different modes of oscillation are appeared in a single
IMF. We use Ensemble Empirical Mode Decomposition
(EEMD) from [7] to solve this problem. In EEMD, an
ensemble mean is taken over a number of IMFs extracted
from EMD applied to some new noisy data obtained by
adding a white noise series each time to the original data.
Numerous methods such as soft and hard thresholding are
proposed to filter noisy IMFs [8]—[10]. In these methods it is
assumed that all IMFs are noisy and thresholding operations
are applied to them. Hence, some useful information is lost
especially in higher order IMFs which contain more signal
information than noise.

In this paper, we combine two EMD based interval
thresholding, mutual information technique and correlation
coefficient test for ECG denoising. EEMD is applied to the
noisy signal to obtain IMFs and then mutual information is
used to classify IMFs into high frequency (HF) and low
frequency (LF) groups [11]. We consider HF group as a
strong noisy IMFs. Then we use Block Energy (BE) model
[12] to filter HF group. Some of IMFs in the LF group may
have dominant frequency component of the original signal.
Therefore, we use correlation coefficient test to detect noise
free IMFs [13] and then we filter the noisy IMFs of LF group
by Instantaneous Half Period model (IHP) model [14].
Finally, the denoised signals are reconstructed by adding
filtered IMFs from LF and HF groups to the remaining non-
filtered IMFs which are in the LF group. Therefore in this
method the useful information of signal in each IMF can be
preserved. In order to demonstrate the performance of our
proposed method, we compare its performance with IHP
model and BE model [12] in terms of improvement in signal
to noise ratio (SNRimp) and Mean Square Error (MSE). For
this comparison, we have used different type of ECG signals
from the MIT-BIH database.

The outline of the paper is as follows. In section II, a brief
review of theoretical EMD, EEMD, BE model, IHP model
and mutual information are presented. Furthermore, our
proposed method is explained. Section III illustrates the
results of the three methods and their performance will be
compared. Finally, conclusion is made in section I'V.

II. METHODOLOGY

A. Description of EMD and EEMD

EMD is able to decompose a given signal into sum of IMFs
by iterative sifting process. An IMF should satisfy the
following two conditions: (1) the number of extrema and the
number of zero crossings are either equal or differ at most by
one; and (2) the mean of its upper and lower envelopes equals
zero [1]. The sifting process for extracting an IMF from a
given signal x(t) is described as follows:



1. Detect all local maxima and minima of signal x(t);

2. Use cubic spline line to interpolate between maxima of
x(t) to get its upper envelop, e,,(t) and similarly to
interpolate between minima to get its lower envelop,
elow ();

3. Calculate the average between those two envelopes and
extract the details:

d(®) = x(8) = [ewy(6) + e10w ()] /2 ()
The above procedure to extract the IMF is called the
sifting process.

4. Repeat step 1 to 3 until the resulting signal, d(t), has two
conditions of IMF, then the first IMF, ¢, (t), is obtained.
There are some criteria for terminating the sifting process.
A commonly used one is the Standard Deviation (SD):
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where k is the number of sifting iteration. The value of SD
is usually in the range [0.2, 0.3].

<SD )

5. Treat the residue signal r; = x(t) — ¢, (t) as a new signal
and apply the sifting process again;

6. Repeat step 1 to 5 to obtain IMFs until the residue of
signal, step 5, is constant. The signal x(t) is expressed as:

x(t) =1+ Xy c(t) 3)

where I is the number of IMFs and r;is the final residue.
There are a number of considerations used in implementing
EMD such as number of sifting, stop criteria and envelop
interpolation [1], [15]. As an improved version of EMD,
EEMD was originally developed to reduce the mode-mixing
effect [7]. In this method white noise is added to the original
signal for many times with different series. Then average
IMFs are obtained by calculating mean of IMFs which are
obtained by applying EMD on each trial, the final IMFs are:

(k) = =My Cim (k) i=123,..,1 )
where I is the number of IMFs and M is the number of trials.
The added noises are different in each trial and their effect
can be cancelled out on average, under the condition that M is
high enough [5].

B. EMD Based denoising using interval thresholding

In this section, we study two methods to detect noisy parts
of IMFs and then filter them to obtain denoised IMFs.
1) Instantaneous Half Period (IHP)

In [14] a criterion is proposed to detect the noisy parts of
IMFs based on the time interval between two zero-crossings
of each IMF. In this method, the noisy parts are detected if
the time interval between two zero-crossings is smaller than
predefined threshold. Then, the noisy parts are removed and
the signal is reconstructed by remaining parts of IMFs [14].
Steps of this method are as follows:

1. Find zero crossings of each IMF;
2. Obtain time interval between two adjacent zero-crossings
of each IMF;

3. Detect noisy parts of each IMF as follows and replace
these part with zero:

Jj . .
él(k) — {Ci(k), Ti = thr,ZPL-] <k< ZPL']+1 (5)
0, otherwise

4. Denoised signal can be obtained as:

) =r+Xi, 60 (6)

where %(t) is the denoised signal, ¢;(t) is the i*" denoised
IMF, i =1,2,3,.....1, I is the number of IMFs. ZP/ is j™

J

zero-crossing of i IMF. 7/ is the time when j™ zero

crossing of i*" IMF emerges. T/ is the time interval between
two zero-crossings of i‘"* IMF, Ti] = '[i]+1 - ‘[L-]. In this
method, finding the value of threshold is very important. The
optimum threshold is obtained based on the maximum
frequency of signal [14]:
thr,p, = % (7)
where f;, denotes the maximum frequency of the signal and o
is the constant coefficient used to determine the frequency
range of the retained oscillation [14].

2) Block Energy Model

In [12], an interval thresholding method is proposed to
detect noisy parts of IMFs based on the energy of samples
which are between two zero-crossings of each IMF. The
threshold value is determined for each IMF. The waveform
between the two adjacent zero crossings of IMF is retained
when the energy of samples which are between the two
adjacent zero crossings is larger than the predefined
threshold, whereas the waveform is set to zero. Steps of
interval thresholding are as follows:
1. Find zero crossings of each IMF;
2. Determine the samples which are between the two

adjacent zero crossing of IMF:

. k
o/ ={at a2 ¢}, - q.'} ®)

where Qij is the sample points set between two adjacent

zero crossing of it" IMF [pl’ , pij +1] and k; is the number
of sample points.

3. Determine the energy of each sample point set:
. k=k: 2 .
5! =S eaf)l" ateQ] )
4. Determine threshold value for each IMF by using equation
(13);
5. Detect noisy parts of each IMF and filter it as follows:
(@) (1 —%) si=T,

&(@)) ={ ‘
0

where ¢;(Q/) denotes the i filtered IMF, S/ is the energy of
sample point set between jand j + 1" zero crossings of it"
IMF, T; is the threshold value for i" IMF. The denoised
signal is obtained by using question (6).

In [16] a denoising method based on the IMF energies is
proposed. The IMF energy should be an exponentially

‘ (10)
sl <



decreasing function of the IMF index [16]. Therefore the first
IMF has the highest amount of energy. As in this paper we
consider white Gaussian noise, the noise-only IMF energies
for k = 2 can be approximated as a function of the first IMF
energy [16] according to

— (E1) -21-H)k
Ek—(;)P (1-H) (an
where E; is the energy of the first IMF, p is a scaling factor
and is estimated as p=~2 [16], f is experimentally estimated in
[16] and H is the Hurst exponent as for specific EMD
implementation [16]. The energy equation of the first IMF is
given:

Ey = < XN, (IMF, (n))? (12)

The optimal value of threshold in this method is suggested in
[12]:

Ti _ cViy2log(N) (13)

N
where 7T; is the determined threshold value for i IMF, c is a
constant experimentally found to take values 1 to 0.7, V; is the
noise variance of i IMF which is calculated in (11) for i>1
and N is the number of IMF samples. We assume that most of
the noise energy is in the first IMF [17], so we use the
absolute median deviation of the first IMF for V; as in [18].
median(|IMF;—median(IMF; 2
V, = ( a &6745 ( 1)I)) (14)

C. IMF classification based on Mutual information

Mutual information quantifies the relationship between two
random variables [19]. Mutual information has been used in
different applications such as feature selection [20] and signal
denoising [11]. The mutual information is used in EMD based
denoising for separating IMFs into high frequency and low
frequency groups. Steps of classification of IMFs based on
mutual information are as follows [11]:

1. The initial partition index (IPI) is determined by [Num/2].
Num is the number of IMFs, considering residue, and [ ]
denotes the integer part. The sum of all IMFs whose index
is greater than IPI is called the initial LF group and the
sum of the remaining IMFs is called initial HF group;

2. Compute mutual information between noisy signal and
IMF which has [Num/2] index. Then add IMFs which
have [Num/2]+1 and [Num/2] index. Then compute
mutual information between this new signal set and noisy
signal. Repeat this procedure. Therefore, the IMFs in the
LF group are iteratively added and the new set signal is
obtained and then the mutual information between noisy
signal and the new signal set is computed. This act is done
until all the modes have been added. Consider residue as
an IMF as well.

3. The final partition index ( F) is set as the index of IMF
with minimum mutual information;

4. The new HF group is the sum of IMFs with index less
than F. The sum of IMFs with equal or greater than Fis
the final LF group:

(15)

x(t) = X5 cpi(®) + Xiop e ()

where x(t) is the original signal, cy;(t) and c;;(t) are the
i" IMF in the HF and LF groups, I is the number of IMFs
and residue is concidered as an IMF in the LF group.

D. Proposed method

In this paper, we propose a denoising method based on the
combination of EMD based interval threshoding, mutual
information and correlation coefficient test. EEMD is applied
to the noisy ECG signal to decompose it into several IMFs.
Then we use mutual information to classify IMFs into high
frequency and low frequency groups as explained in section
C. We use BE model to filter HF group as in section B. In this
interval thresholding, a determined threshold value for each
IMF is defined in order to gain more accuracy and
performance. Moreover it is possible to guess the samples are
either noise or signal, based on the energy of samples.
Whereas based on the absolute amplitude of the ;” IMF, it is
impossible to know whether samples are noise or not [12].
The IMFs in LF group contain low frequencies of the original
signal or noise or both of them. Therefore, we use correlation
coefficient test (c.c) to detect IMFs with dominant frequency
of the original signal [13].

(c.0)j = ﬁwﬂxm)cj(ﬁ) (16)
j
where (c. c); is the correlation coefficient between jth IMFs
(¢) and noisy signal x(t) in frequency domain, E, and EC]. are
their total energies, X (f;) and C;(f;) are their DFTs and N is
the number of data points.
E. = SILIX(RP, Ep = 2|l (17)
The correlation coefficient ranges from values +1 to -1. If
the absolute value of correlation coefficient of IMFs in the LF
group is greater than 0.2, it indicates that the IMFs have
dominant frequency component of the original signal [13].
The remaining IMFs contain noise component and then
should be filtered. The frequency range of signal is often
lower than the frequency of noise. Therefore the time interval
between two adjacent zero crossings of signal dominated
oscillation is longer than noise dominated oscillation [14]. So
we use IHP model to filter noisy LF IMFs as explained in
section B. Finally, the denoised signal is obtained by adding
filtered IMFs from two interval thresholding output and the
remaining non-filtered IMFs in LF group. The flowchart of
the proposed algorithm is shown in Fig. 1.

III. RESULTS

Our method is applied to the several standard data sets
from PhysioBank [21], including MIT-BIH Arrhythmia
database (DB1) [22], MITBIH normal sinus rhythm database
(DB2) [23] and the MIT-BIH noise stress test database (DB3)
[24]. Ten records are arbitrarily chosen from DBI1. Each
signal contains 60 seconds recording and is digitized at 360
Hz. The first 60 seconds of all 18 records of DB2 are used
too. White Gaussian noises are added artificially to the ECG
signals to make -5dB, 0dB, 5dB, input SNRs. The
performance of the proposed method is evaluated by



improvement of signal to noise ratio (SNRimp) and mean
square error (MSE). For each input SNR, 100 times runs are
performed to get an averaged SNR,,, and MSE value. The
SNR;p,;, can be represented as follows:

SNRipmp = SNRyye — SNR;y, (18)
where SNR,,; and SNR;,, are formulated as follows:
SNR;, =10 X lo (M) (19)
" ISz’
Yhohxm)? )
NR,y: = 10 X —=m=
SNRoue = 10 x log (z,ﬁ;%,(ae(n)—x(n))z (20)

where x(n) is the clean ECG signal, y(n) = x(n) + v(n) is
the noisy signal, £(n) is the denoised signal and v(n) is the
noise. We have also used MSE criterion for evaluating quality
of the information which is preserved in the denoised signal,
it can be represented as follows:

MSE = ZhbEm-xm)*
L

where L is the length of the signal. Fig. 2 shows an example
of a clean signal, noisy signal and denoised signal using our
proposed method. The tested signal in Fig. 2 is the record 100
from DB1 with an additive Gaussian noise that makes a 0 dB
input SNR. We apply EEMD on this record to obtain IMFs.
The total number of IMFs is 15 considering residue as well.
Then we use mutual information to classify IMFs into HF and
LF group. The IPI index is 7 and the F index is 9. So the sum
of 8 first components (IMF; to IMFg) gives the final HF
group and the sum of remaining IMFs gives the final LF
group. Then we calculate the correlation coefficient to detect
the IMFs in the LF group which should be filtered. For this
signal, the IMFs 9, 12, 14, 15 are obtained. So the remaining
components in LF group (IMFo, IMF;; and IMF3) need to be
filtered. We use BE model to filter IMFs in the HF group with
a determined threshold for each IMFs and IHP model is
applied to IMF o, IMF;; and IMF;3. Finally we add filtered
IMFs and the IMFs with index 9, 12, 14, 15 to obtain
denoised signal as shown in Fig. 2.

Table I shows the values for output SNR for different
values of input SNR of the ECG records of DB1 for three
methods: our proposed method, EEMD-based THP model
(IHP) [14] and EEMD-based BE model [12]. We can
compare their performance in SNR improvement from (18).

As can be seen in Table I, in all three methods, by
increasing the input SNR, ECG signal becomes cleaner and
therefore the SNR improvement is lower. From Table I, it is
clear that our proposed method has better performance than
the other two methods for all inputs SNR (i.e.-5, 0, 5, dB) and
all ECG records.

Table IT shows the average values of MSE for ten ECG
records from DB1 as in Table . We can see the denoised
signal which is obtained by our method has a less error than
two other methods. We plot the output SNR versus different
input SNRs for all 18 records of DB2 in Fig. 3. The IHP and
BE model assume that the noise in the signal is spread over
all IMFs and the threshold value is determined for each IMF.
Therefore, some useful information may be lost, especially
when input SNR is increased. We can see the BE model has
larger output SNR than IHP model.

(21

Noisy ECG
signal
Apply EEMD
Perform MI
on IMFs
(e |J L
7% Calculate
(c.c);
Apply BE model
YES
IMF;
NO
/ \ Apply IHP
k J model
\

[ Denoised signal ]

Fig. 1. The flowchart of the proposed algorithm for performing denoising of
a given signal.

Therefore, according to the (18), the BE model has a better
SNR improvement. It is clear that BE model has more
accuracy in detecting noisy parts of IMFs than the IHP model.
So, we use BE model to filter IMFs in the HF group which
contain more noise components and we use IHP model to
filter noisy IMFs in the LF group to preserve signal
information.

clean signal
1500

500 r c c c c c c c r
0 200 400 600 800 1000 1200 1400 1600 1800 2000

noisy signal

1500 T T T T T T T T T
1000 MMWPWWHWMW !

500

.
800 1000 1200 1400 1600 1800 2000
denoised signal

0 200 400 600

1500 T T T T T T T T T
RN B O B

500

Amplitude

0 200 400 600 800 1000 1200 1400 1600 1800 2000
No of samples

Fig. 2. Clean ECG, Noisy ECG with 5 dB SNR and ECG denoised by the
proposed algorithm



TABLE I
OUTPUT SNR FOR PROPOSED METHODS, IHP MODEL AND BE
MODEL

111
113

115
116

nz

121

123

124
231 | .04

Average | 823

Record No. and Analyzed Portion

17.28
16.45

9.50
11.51

16.19
15.07

1116
10.77

TABLE II
PERFORMANCE EVALUATINO OF PROPOSED MTHODS, IHP MODEL
AND BE MODEL BASED ON MSE

. Input SNR (dB)
Algorithm 5 0 5
Proposed 0.091 0.064 0.036
BE 0.112 0.075 0.047
IHP 0.147 0.092 0.085
14
| —A
|
2 S===g
|
— 10 /‘”’/,,r’
a i [ e =
T
- L
W —
5 6 = — —
- ERERESS S
© 4 ~+IHP
2 —=-BE
—+Proposed
0

-5 -4 -3 -2 -1 0 1 2 3 4 5
Input SNR (dB)

Fig. 3. Output SNR versus different input SNRs for the first 60 seconds of
all 18 records of DB2.

In our proposed method all IMFs are filtered with
minimum loss of useful information, and maximum noise
removal is achieved in comparison to the single method of
IHP model or BE model.

This is obtained by using mutual information, correlation
coefficient test, and two different interval thresholding
approaches. So, this Model has more accuracy in recognizing
and filtering noisy IMFs. The performance of our proposed
method is evaluated by real noise. Fig. 4 shows denoising
results for different input ECG records with an additive EMG
noise. The input SNR of records 118e24 and 118e18 from
DB3 is 6dB and for record 116 from dB1 is 10dB. The output
SNRs which are obtained by applying our method is 16.7dB
for 118e24, 20.4dB for 116 and 17.4dB for 118el8. As it can
be seen, the denoised signal follows the clean ECG
morphology.

Amplitude

No of samples

@

Amplilude
8
S
T

No of samples

(b)

Amplitude

No of samples

©

Fig. 4. Typical filtering results of proposed method for different input ECGs
with an additive real EMG noise. Dash-dot is the clean signal, solid line is the
denoised signal and dash line is the nosiy signal. (a) Record 118e24 from
dB3 (corresponding to an input SNR of 6dB). (b) Record 116 from dBI
(corresponding to an input SNR of 10 dB). (c¢) Record 118el18 from DB3
(corresponding to an input SNR of 6 dB).

IV. CONCLUSION AND DISCUSSION

This paper presents a method based on EEMD to reduce
noise from corrupted ECG signals. In this method, EEMD is
used to resolve mod mixing problem of EMD. Moreover, two
interval thresholding approaches in combination with mutual
information and correlation coefficient test are used to
preserve signal information. Our method provides a larger
SNR improvement, especially for fewer input SNRs, where
the original signal is lost in noise. The denoised signal
obtained by our method follows better the original signal and
has a less MSE than the methods based on IHP or BE model.
Thus, by using our method, the noise components will be
removed from the signal with minimum loss of useful
information in all input SNRs.
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