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Abstract—The Hilbert-Huang transform (HHT) is a classic method in time-frequency analysis field

which was proposed in 1998. Since it is not limited by signal type, it is generally applied in medicine,

target detection and so on. Empirical mode decomposition (EMD) is a pre-processing part of HHT.

However, EMD still has many imperfect aspects, such as envelope fitting, the endpoint effect, mode

mixing and other issues, of which the most important issue is the mode mixing. This paper proposes a

mode mixing suppression algorithm based on self-filtering method using frequency conversion. The

proposed algorithm focuses on the instantaneous frequency estimation and the false components

removing procedures, which help the proposed algorithm to update or purify the designated intrinsic

mode function (IMF). According the simulation results, the proposed algorithm can effectively suppress

the mode mixing. Comparing with ensemble empirical mode decomposition (EEMD) and mask method,

the suppression performance is increased by 26%.

DOI: 10.3103/S0735272719090036

1. INTRODUCTION

In order to obtain the time-frequency characteristics, the commonly used methods are short-time Fourier

transform [1], fractional Fourier transform [2], wavelet transform [3] and Wigner-Ville distribution (WVD)

[4–6]. Comparing with other methods, WVD has been widely used for its high time-frequency

concentration. And based on the WVD, smoothing pseudo Wigner-Ville distribution (SPWVD) was

proposed to eliminate cross-terms of signal time intervals in dealing with multi-component signals [7, 8].

Actually WVD can be regarded as the Fourier transform of the signal autocorrelation function, and it has

high time-frequency concentration. However, when dealing with multi-component signals or non-linear

frequency modulated signals, WVD always generates serious cross-terms, which may overlap with

auto-terms. That is to say, WVD has a strong advantage in dealing with a single component signal, but not in

dealing with the multi-component signals or non-linear frequency modulated signals [9, 10].

In order to eliminate cross-terms of signal intervals, some scholars tried to filter the signal with some

designed window before using WVD. One of those methods is well known as pseudo Wigner-Ville

distribution (PWVD). Since PWVD only filters signal in time domain, PWVD is not an ideal choice for

suppressing cross-terms. SPWVD can eliminate cross-terms much better, because SPWVD filters signal

both in time and frequency domain [11–14]. Although these smoothing versions of WVD can eliminate the

effect of cross-terms in some sense, they reduce the time-frequency concentration at the same time.

It is well known that Fourier transform is suitable for linear systems and the data must be strictly periodic

or stationary. However real systems are always nonlinear. When Fourier transform is directly used to

analysis these data, the result makes little physical sense. Then Huang et al. proposed an analysis method

named empirical mode decomposition (EMD) to decompose signal into a group of multiple one-component

signals [15, 16]. After EMD, the original signal can be decomposed into multiple intrinsic mode functions

(IMFs) and a residual component which characterizes the signal’s time domain trend. The frequencies
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contained in the different IMFs are in descending order from high to sub-high and from sub-high to low

frequencies. In some sense, if some IMFs within certain frequency band are selected, EMD can be regarded

as a filter. EMD-based methods are widely used because they are not limited by the signal’s modulation

form.

However, there are still some problems in the process of EMD, such as the method of envelope fitting,

endpoint effect, mode mixing and other issues [17–19].

Envelope fitting is an important process in EMD. The effect of envelope fitting greatly determines the

result of EMD. So it is important to choose a good method to fit envelope. There are many methods to fit

envelope, such as piecewise cubic Hermite interpolation (PCHI) [20, 21], cubic spline interpolation (CSI)

[15, 22], B-spline interpolation [23, 24], high-spline interpolation [25] and so on. Because the method of

cubic spline interpolation can not only ensure the continuous curve of each segment, but also ensure the

smoothness of the entire curve at these points, the cubic spline interpolating function has been widely used.

In [26], Handa Ding compared the two methods of CSI and PCHI, and concluded that the CSI method has

advantage in the signal reconstruction ability.

Endpoint effect is a common problem in the EMD. The essence of EMD method is a process of multiple

siftings and finally obtaining a series of IMFs. During each sifting process, upper envelope and lower

envelope are respectively obtained by fitting the signal maxima and minima using cubic spline function.

Then the mean envelope is obtained according to the upper envelope and lower envelope. Since it is not

possible to include both maxima and minima at the end of the signal, the upper envelope and lower envelope

are inevitably divergent on both ends. With the progress of sifting process, the divergent phenomenon will

pollute the data inward, and then significantly distort the final result.

In [15], Huang et al. pointed out that in order to ensure the envelope reaches the endpoint, two feature

waves should be added according to the amplitude and frequency of the endpoint signal. And in [27], Huang

et al. proposed a method of image closure extension of envelope. This method extends the original data

sequence into a ring data symmetrically before EMD.

Another important problem is mode mixing. The problem of mode mixing always appears when there is a

low-frequency sinusoidal signal with small-amplitude but high-frequency components [28]. There are

several methods to suppress the mode mixing and obtain better decomposition results, such as intermittence

test method [28], masking signal technique [29], the Teager energy operator [30], and the ensemble EMD

(EEMD) [31]. But actually mode mixing doesn’t only occur in the intermittent signal. It can also appear

when signal contains time-varying frequency components. It is impossible to separate components whose

frequencies locate in one octave [32].

This paper mainly focuses on the mode mixing problem in multi-component signal analysis, in which

case the frequencies of the different components partly overlap. A mode mixing suppression algorithm,

based on self-filtering method using frequency conversion, is exploited to obtain the every IMF whose mode

mixing is suppressed efficiently. A brief description of empirical mode decomposition and several methods

of parameters calculation are presented in section 2. The proposed method of self-filtering using frequency

conversion is given in Section 3. Section 4 shows the simulation results of different methods. Section 5 is the

concluding section.

2. EMPIRICAL MODE DECOMPOSITION AND PARAMETERS CALCULATION

2.1. Basic Principle of EMD

Empirical mode decomposition (EMD) is an empirical time-frequency analysis algorithm. The basic idea

of EMD is that every signal can be transformed into a cumulative sum of multiple intrinsic mode functions

(IMFs) and a residual trend according to local feature time scale of the signal. Based on this idea, Huang

gives the basic conditions of IMF [15].

1. For continuous signals, the envelope formed by the minima and the envelope formed by the maxima

are symmetric about the time axis.

2. For a finite continuous signal, the number of extrema and the number of zero crossings must either

equal or differ at most by one.

In [15], Huang et al. proposed that even in the case of low signal-to-noise ratio (SNR), upper and lower

envelopes of signal are determined by the maxima and the minima, and then the average envelope can be

obtained. After EMD, the obtained IMFs represent signal components from high to sub-high and, finally, to

low frequencies.
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According to the conditions of IMF, it is possible to find that each IMF contains a specific vibrational

mode. Moreover, the IMFs are not limited by the narrow band. So long as the signal satisfies the conditions,

it is an IMF. In practical system, most signals don’t satisfy the conditions of IMF, and usually contain

multiple vibration forms. Therefore, for multi-component nonlinear and non-stationary time series, it is

especially convenient to transform the original signal into multiple IMFs and one residual trend using EMD.

There is still a need to introduce several assumptions before decomposing the first signal:

– any signal, whether linear or non-linear, stationary or non-stationary, can be decomposed into multiple

IMFs and one residual trend;

– time scale is based on time interval between adjacent extrema, that is, for FM signal, time scales at

different time are not same in size, the larger instantaneous frequency is, the smaller feature time scale and

vice versa;

– if the data are totally devoid of extrema but contain defects, then it can be differentiated, decomposed

and reintegrated to obtain IMFs [4].

Based on the assumptions above, the decomposition process of EMD can be implemented as follows

[33]:

Step 1. Identify all the local maxima and minima of signal, and fit the maxima by cubic spline

interpolation as upper envelop. Repeat the procedure for the local minima to produce lower envelope. The

mean of the upper and lower envelopes is designated m1, and the difference between original signal and m1 is

h1:

x t m h( ) � �1 1. (1)

Step 2. Check whether h1 satisfies the conditions of IMF. If not, repeat the process in step 1, h1 is treated

as original signal. The mean of the upper and lower envelopes of h1 is m11. Then

h m h1 11 11� � . (2)

This procedure can be repeated up to k times until the h k1 satisfies the conditions of IMF, h k1 is given by

h m hk k k1 1 1 1( )�

� � , (3)

then

c h k1 1� (4)

is designated as the first IMF component.

Step 3. Separate c1 from the rest of the signal by using

x t c r( ) � �1 1. (5)

Then treat r1 as the original input signal, and repeat the process from step 1 to step 2. The result is

r c r

r c rn n n

1 2 2

1

� �

� �

�

�

�

�

�

�

,

.

� (6)

When the number of extrema of the residue, rn, is less than three, then the entire decomposition process is

completed.

Finally, original signal x t( ) can be expressed as

x t c t r ti

i

n

n( ) ( ) ( )� �

�

	

1

. (7)
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The component c ti ( ) contains the signal components from high to sub-high to low frequency. In [34],

Stevenson et al. use single-component LFM signals and a three component bat echolocation pulse to analyze

the quadrature characteristics of IMF, IMF consistency and residual energy at different sampling

frequencies, concluding that the IMFs have more complete orthogonality at large resolution.

Based on the above analysis, it can be seen that EMD method is actually a continuous screening process,

which filters one signal to be represented as multiple IMFs and one residual trend. Each IMF has only one

frequency at every time, and the frequencies of different IMF components do not overlap with each other.

Therefore, it is easier to deal with IMF components.

2.2. Main Problem of EMD

The analysis above shows that EMD method can get better results when dealing with non-stationary and

nonlinear signals, but there are still many imperfect aspects, such as envelope fitting, the endpoint effect,

mode mixing and other problems. This paper focuses on the problem of mode mixing.

In [31], Zhaohua Wu and Huang define that mode mixing occurs when one IMF contains different

time-scale components or different IMF components contains signal components of one similar time-scale.

As described in the introduction there are two main phenomena of mode mixing [28]. One usually exists in

intermittent signal with small-amplitude but high-frequency riding wave, another happens in

multi-component signals with time-varying frequency.

In order to provide better theoretical background for the second phenomenon, one signal is assumed to be

x t A f t A f t( ) cos( ) cos( )� �2 21 2
 
 , (8)

where 2 1f equals to ( ) ( )f f f f1 2 1 2� � � and 2 2f equals to ( ) ( )f f f f1 2 1 2� � � , then

x t A f f t f f t( ) cos( ( ) )cos( ( ) )� � �2 1 2 1 2
 
 , (9)

when f 1 is very close to f 2, then f f f f1 2 1 2� �� � , the term of 2 1 2A f f tcos( ( ) )
 � becomes amplitude

modulation term. In this situation, EMD method cannot effectively decompose signal, and then one IMF

component will contain two or more time-scale components.

In [35], Gabriel Rilling and Patrick Flandrin drew conclusion from the study of unmodulated tones that

EMD method fails to separate two tones when the ratio of lower frequency to higher frequency is greater

than 0.67. In addition, they also noted that the ratio of amplitudes of the two components also affects the

separation. Only when the frequency and amplitude meet the ratio criteria, can the EMD method separate

components in a signal. In [29], Deering also indicates that the ratio of higher frequency to lower frequency

should be greater than 2 when using EMD method.

Suppose f 1 and f 2 both are time-varying. Fig. 1 illustrates that f 1 increases with time and f 2 decreases

with time. According to EMD method, the signal will be decomposed into wrong mono-component signals

CEB and AED instead of the original signals CED and AEB. As f 1 and f 2 are very close near point E, a

serious mode mixing will occur.

In order to solve the problem of mode mixing, many methods have been proposed. R. Deering proposes

adding masking signal to suppress mode mixing (MS-EMD) [29]. Huang uses noise to decompose riding

wave and names this method as ensemble empirical mode decomposition (EEMD) [31].

2.3. Parameters Calculation

The parameters that require calculation are the instantaneous frequency and the instantaneous amplitude.

There are several methods to calculate these parameters, such as Hilbert transform, Teager transform and

zero-crossing and extremum estimation.

Hilbert transform is a commonly used analytical method in time-frequency analysis. For real signal, x t( ),

it is possible to get the corresponding analytic signal by using Hilbert transform, then obtain instantaneous

amplitude, instantaneous phase and instantaneous frequency of the signal:

a t x t x t( ) ( ) � ( )� �

2 2
, (10)
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t

( )
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� �
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2

1

2

d

d
, (12)

where �x t( ) is the Hilbert transform of x t( ).

Therefore, Hilbert transform has been widely used in the field of signal processing. However, only when

the signal is a mono-component, the obtained values of instantaneous parameters using Hilbert transform

could provide a meaningful representation [36].

Teager Energy Operator (TEO) is a signal analysis algorithm proposed by H. M. Teager [37]. The

original purpose is to calculate and track the required energy to generate narrow-band signals when

analyzing nonlinear speech signals. Nowadays it has applications in a lot of domains [38–41]. It is a

nonlinear energy tracking operator, referred as �. And for continuous-time signal x t( ) the TEO � is defined

as:

�� � ��

�

x t x t x t x t

u

� �

�

�

[ �( )] ( )��( )
2

2

2
, (13)

where �( )x t and ��( )x t are the first and the second time derivatives of x t( ) respectively.

According to the energy operator, instantaneous frequency and instantaneous amplitude for

mono-component AM-FM (amplitude modulation–frequency modulation) signal can be written as:

� �

f t
x t

x t

( )
[ �( )]

[ ( )]
�

1

2


�

�

, (14)

� �

a t
x t

x t

( )
[ ( )]

[ �( )]

�

�

�

. (15)

However, Teager transform is an approximate estimation method. In order to improve the accuracy of

Teager transform, there always follows a low-pass filter behind TEO. In this paper, the Teager transform is

used to estimate instantaneous frequency and instantaneous amplitude of a signal.
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Fig. 1. Multi-component signal in time-frequency plane.
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3. SELF-FILTERING METHOD USING FREQUENCY CONVERSION

TO SUPPRESS MODE MIXING

3.1. Reasons for Proposed Algorithm

According to the introduction above, mode mixing always occurs when the instantaneous frequencies of

different signal components are closed. When the instantaneous frequencies are closed, f f1 2 1 2/ � � . In

order to increase the ratio, it is possible to subtract same frequency f 0 from f 1 and f 2 by down-converting

the frequency of original signal, then the degree of mode mixing can be effectively suppressed.

Suppose that the frequency at crossing point E is f I (Fig. 1), then the maximum down-converting

frequency is close to f I. After down-converting the frequency, use EMD method to obtain IMFs. Then use

the same frequency to up-convert every IMF. In this way, a series of IMFs of original signal whose mode

mixing is suppressed can be obtained. In most time signal composition is not known, so the frequency of the

signal should be iteratively down-converted.

Although using the method of frequency conversion can effectively increase the ratio of the frequencies

of different components around the intersection, there still exists some problem. When mode mixing

seriously happens, the obtained IMFs always have lots of frequency errors. This is mainly due to the

influence of IMFs whose frequencies are very low.

According to the introduction of EMD, the obtained IMFs are a series of data with high, sub-high, and

low frequencies. By removing the IMFs containing low frequencies, it is possible to perform the adaptive

filtering which is different from the commonly used filter. At the same time, the correlation coefficients

between every IMF and the original signal have the same decreasing characteristic. The correlation

coefficient between the first IMF and the original signal is largest. The correlation coefficient between the

last IMF and the original signal is smallest. Hence this property can be used to improve the effect of modal

mixing suppression. Every time after down-converting the frequency, IMFs with lower frequencies can be

removed by removing the IMFs whose correlation coefficients are smaller with the down-converted signal.
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(a) (b)

Fig. 2. Main algorithm flow for mode-mixing suppression (a) and mode-mixing suppression module (b).
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3.2. Proposed Algorithm

In order to describe the process better, several variables are defined. The original signal is x t( ). The

frequency resolution is r. The value of every time frequency change is f 0. The initial value of f 0 is 0. And

the increment of f 0 is f s . The main algorithm flow is as follows. Fig. 2(a) shows the main algorithm flow of

the self-filtering method using frequency conversion. Fig. 2(b) shows the processing flow of the

mode-mixing suppression module.

The algorithm starts from decomposing the x t( ) using EMD. The intrinsic mode functions of x t( ) are

designated as IMFi

x
. Then x t( ) can be written as

x t i

x

i

n

( ) �

�

	

IMF

1

. (16)

Step 1. Calculate correlation coefficients between every x-th IMF and x t( ). Set a threshold “Thr1”. In

experiment Thr1 = 0.1. Define the components whose correlation coefficients are smaller than Thr1 as false

components. Define the rest of IMF
x

as primary components and designate it as IMF
p
. The number of

primary components is designated as N .

Step 2. Assign the first IMF1

x
, to x f as the input data of mode-mixing suppression module. And the

output data are designated as imf1 whose mode mixing is suppressed. Then, imf1 is the first intrinsic mode

function of the original signal x t( ).

Step 3. Separate imf1 from the rest of the signal by using

x t x r( ) � �imf1 1
. (17)

Step 4. Decompose the x r1
using EMD, and treat the first intrinsic mode function of x r1

as x f . Then

repeat the process from step 3 to step 4 until imfN is obtained. The result is

x x

x x

r r

r N rN N

1 2

2 1

2

1

� �

� �

� �

�

imf

imf

�

.

(18)

Then the primary components whose mode-mixing are suppressed of the original x t( ) are imf1, imf2, …,

imfN , and x t Ni

N
( ) �

�

	

imf
1

, which is the designed EMD processing result with the proposed mode mixing

suppression algorithm.

And the algorithm flow of mode-mixing suppression module is as follows. In the program, x f is the

original input data, and x out is the final output data.

Step 1. Calculate the instantaneous frequency (IF) of x f using Teager transform. Let x out be equal to x f .

If there is any instantaneous frequency at specific time less than or equal to r / 2, output x out and end the

program. Or else continue the program.

Step 2. Downshift the frequency of x f , and the downshifted frequency is f 0. The obtained data x
f

d1 is

x x
f

d

f

f t1 02
�

�

hilbert( )e
j 


, (19)

where “hilbert(…)” is the Hilbert transform.

Step 3. Decompose x
f

d1 using EMD, and designate IMF
d1 as the obtained intrinsic mode function. Then

calculate instantaneous frequency of IMF
1

1d
.

Step 4. Check the instantaneous frequency (IF�) of IMF
1

1d
. If there is any instantaneous frequency at

specific time less than or equal to r / 2, output x out and end the program. Or else continue the program.
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Step 5. Remove the false components of IMF
d1 . Here set a threshold Thr2, and Thr2 can be smaller than

Thr1. In experiment Thr2 = 0.07. Then up-convert the frequency of remaining intrinsic mode functions and

obtain IMF
u1 . The up-converted frequency is same with the downshifted frequency in step 2

IMF hilbert IMF e
ju d f t1 1 02

� ( )



. (20)

Step 6. Treat the sum of IMF
u1 as new data x f , and assign f f s0 � to f 0. And let x out be equal to new

data x f .

Step 7. Repeat the process from step 2 to step 6. And after K times of frequency downshift and frequency

up conversion operation, the instantaneous frequencies of IMF
1

dK can’t satisfy the condition in step 4, that is,

there are some instantaneous frequencies of IMF
1

dK at specific time less than or equal to r / 2, which shall

happen. Then the result x out is

x
u

i

K

i

out IMF�

�

�

	

1

1

, (21)

where IMF hilbert IMF e
ju d f ti i

� ( )
2 0


.
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(a) (b)

Fig. 3. IMFs of two-component signal.

Table 1. Improvement performance of two-component signal

Two-component

signal

RMSE

Improvement, %

before suppressing after suppressing

IMF
1

0.3875 0.1635 57.81

IMF
2

0.3865 0.1646 57.42

Table 2. Improvement performance of three-component signal

Three-component

signal

RMSE

Improvement, %

before suppressing after suppressing

IMF
1

0.4635 0.1465 68.40

IMF
2

0.6360 0.4048 36.36

IMF
3

0.5944 0.3777 36.47

0 2 4 6 8 t 0 2 4 6 8 t

–4

–2

0

2

IMF1 IMF2

0

–2



4. SIMULATION AND ANALYSIS

For a multi-component signal with two components we take the signal

x t t t t t( ) cos( ) cos( )� � � � �3 80 5 20
2 2


 
 
 
 (22)

as an example. The sampling frequency is 400 Hz.

The sample signal contains two signal components

x t t t1

2
3 80( ) cos( )� � �
 
 ,

x t t t2

2
5 20( ) cos( )� �
 
 .

Decompose this signal using EMD. Fig. 3 shows the first two intrinsic mode functions. The figure shows

severe mode mixing inIMF1. The TFD spectrum of this two-component signal is shown in Fig. 4 from which

an obvious mode mixing can be seen in the area where instantaneous frequencies intersect. Fig. 4(a) shows

the time-frequency distribution spectrum obtained by self-filtering method using frequency conversion for

empirical mode decomposition. It can be seen from Fig. 4(b) that the mode mixing region is significantly

suppressed.

In order to illustrate the effect of suppression better, the root mean square error (RMSE) is used to

evaluate the performance. According to the processing of EMD, the first IMF always contains the

high-frequency components of a signal. Here, RMSE is defined between actual IMF and ideal IMF to

illustrate the effect of inhibition. The smaller RMSE is, the closer the result of the decomposition is to the

ideal result. The calculated results are shown in Tables 1, 2. Improvement percentage indicates the
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(a) (b)

Fig. 4. TFD spectrogram of two-component signal before (a) and after (b) mode-mixing suppression.

(a) (b)

Fig. 5. TFD spectrogram of three-component signal before (a) and after (b) mode-mixing suppression.
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percentage reduction of RMSE after suppressing the mode mixing. The IMF obtained by the method

proposed in this paper is much closer to the ideal IMF and, therefore, the performance is greatly improved.

For a multi-component signal with three components we take the signal

x t t t( ) cos( . )� � �7 5 160
2

� � � � �cos( ) cos( )10 20 60
2

� � �t t t (23)

as an example.

The signal x t( ) contains two frequency modulated signals and one mono-frequency signal. There are

three intersections during the three frequencies of each signal component. The method proposed in this

paper is used to suppress mode mixing. The results given in Fig. 5 show that the mode mixing is greatly

suppressed.

Then the mask signal method [29] and EEMD method [31] are used to suppress mode mixing, and the

RMSEs of first two IMFs are shown in Table 3. The table clearly shows that in the two-component and in the

three-component signals, the RMSEs of IMF1 and IMF2 are both smaller for the proposed method as

compared to the other methods. When comparing with mask method, the RMSE calculated using the

proposed method is reduced by about 26%.

5. CONCLUSIONS

Empirical mode decomposition (EMD) is often accompanied by mode mixing during the processing of

multi-component signals. Sometime mode mixing can greatly affect time-frequency distribution and further

affect the detection of information. Based on the filter characteristics of EMD and combined with frequency

conversion method, the mode mixing can be effectively suppressed that allows to get better time-frequency

distribution spectrogram, which is conducive to improving the accuracy of frequency information detection.

Comparing with EEMD and mask method, the mode mixing suppression using the proposed method can be

improved by about 26%.
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Table 3. Comparison mode mixing suppression algorithms

Method

RMSE of IMF1 RMSE of IMF2

two-component

signal

three-component

signal

two-component

signal

three-component

signal

EEMD [31] 0.3872 0.4099 0.3863 0.6279

MS-EMD [29] 0.2543 0.1889 0.3334 0.6039

Proposed method 0.1658 0.1389 0.1646 0.3777
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