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SUMMARY

Seismic decomposition shows people more hidden information in the data than su-
perficially. Seismic decomposition can be use in time-frequency analysis, noise atten-
uation, interpolation, modeling, inversion and so on. Fourier transform decompose
seismic data into harmonic waves with constant frequencies. Field data contain
non-stationary signals. Empirical mode decomposition (EMD) method is designed
to analysis non-stationary signal, which has been widely used in industry. People
tried to apply EMD on seismic data and have achieved promising results on time-
frequency analysis, noise attenuation and so on. But EMD results in two drawbacks
when dealing with seismic data: (1) Low resolution in frequency spectrum makes
it can not separate events with dip angles close to each other. (2) When used on
noise attenuation, high wave-number is treated as noise, which also attacks energy
of events with high-dip angles. We propose using variational mode decomposition
method (VMD) for seismic data decomposition and use it for seismic noise attenu-
ation. VMD is proposed for decomposing a data into an ensemble of band-limited
modes. For seismic data consisting of linear events, the frequency slice of frequency-
space spectrum is exactly band-limited. The noise attenuation algorithm is summa-
rized as follows: First we apply Fourier transform on the time-axis of the 2D seismic
data. Then we apply VMD on each frequency slice and the modes are combined to
obtain the denoised frequency slice. At last an inverse Fourier transform is applied
on time-axis to obtain the denoising result. The frequency centers of VMD are ini-
tialized with matching pursuit method. We also apply 2D VMD on 3D seismic data
denoising. Numerical results show the proposed method achieves higher denoising

quality than f — x deconvolution and EMD denoising.
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1 INTRODUCTION

Decomposition of seismic data always shows people more hidden information in the data
than superficially. Seismic data can be analyzed by time-frequency analysis for different time-
frequency components, or by sparse transforms for different predefined features, or by mode
decomposition for different modes derived from the data itself. In this part, we will talk about

different decompositions of seismic data and their applications.

All starts from Fourier transform, which gives us the frequency information about seismic
data. Other than that, we also concern about direction, scale and other information in seismic
data. Sparse decompositions/transforms such as the curvelet transform (Ma & Plonka 2010),
the physical wavelet transform (Zhang & Ulrych 2003), the seislet transform (Fomel & Liu
2010) and the dreamlet transform (Geng et al. 2009), help us reveal the additional information
by taking advantage of different predefined basis. Adaptive transform (Kaplan et al. 2009; Yu
et al. 2015) optimize sparse decomposition of seismic data and explore similarities in the patch
space. Sparse decomposition is popularly used in seismic noise attenuation (Neelamani et al.
2008), seismic interpolation (Shahidi et al. 2013), even seismic wave modeling (Gazdag 1981;
Sun et al. 2009) and inversion (Pratt 1999).

Fourier transform decomposes the signal into harmonics with constant frequencies. But
in seismic data, signal frequency changes along the traces, termed non-stationary and need to
be analyzed with time frequency analysis (TFA) methods (Han & van der Baan 2013). This
is important because different media show different frequency responses to seismic wave, such
that faults and channels can be located (Han & van der Baan 2013; Liu & Marfurt 2007).
Ground roll can also be separated by TFA cause ground roll is of low frequency (Liu & Fomel
2013). Short-time Fourier transform (STFT), continuous wavelet transform (CWT) and S
transform (ST) are classical TFA tools (Tary et al. 2014).

The STFT, CWT and S transform are all bound by the Heisenberg uncertainty principle
with a trade off between time and frequency localizations (Tary et al. 2014). Empirical mode
decomposition (EMD) (Huang et al. 1998) is introduced to analysis non-stationary signal and
have been widely used in industry (Kliigel 2012; Barnhart & Eichinger 2011). TFA based on
EMD achieves higher resolution on both time and frequency axis (Tary et al. 2014). In seismic
data processing, EMD is not only used for time-frequency analysis, but also used for random
and coherent noise attenuation (Bekara & van der Baan 2009). The authors first transform the
data into frequency-space domain by fast Fourier transform (FFT) along time axis and then
apply EMD on each frequency slice of the f — x spectrum, and then treat the first instinct
mode function (IMF) as noise and the sum of the rest IMFs as useful signal. The advantage
of EMD over other methods is that (1) it is easy to implement and no parameter is required.
(2) it is adaptive to data and can deal with non-stationary signal. But IMF of EMD is not
based on bandlimited assumption, so EMD is of low resolution in wave-number axis. Keep
in mind here the resolution mean the ability of splitting different wave-number components.
In TFA, the high resolution is achieved if only different IMF's are separated by EMD. When
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using in noise attenuation, EMD attacks all energy at high wave-number, so it fails to preserve
the energy of dip-angle events. Regarding to this drawback, we introduce variational mode
decomposition (VMD) (Dragomiretskiy & Zosso 2014, 2015) of seismic data, showing VMD
achieves higher resolution in wave-number axis and denoising result.

For readers convenient, before going on with VMD, we first introduce existing seismic
denoising methods expect for the mentioned sparse decomposition based methods. Nonlo-
cal mean method (Bonar & Sacchi 2012) takes advantage of self similarity of seismic data.
Rank reduce methods, such as singular spectrum methods (Sacchi 2009) and Cadzow filter-
ing (Trickett et al. 2008), are carried out by re-arranging frequency slice of seismic data into
a low rank Hankel matrix. The f — x deconvolution, also named as prediction error filter
(PEF) (Spitz 1991), is a classical method for random noise attenuation with linear regression
in f — 2 domain. As an improvement of EMD based noise attenuation method, Chen & Ma
(2014) propose EMDPEF, which can better preserve energy of dip events than EMD method,
as we address as the drawback of EMD method.

The VMD was proposed for decomposing a data into an ensemble of band-limited IMF's
(we briefly name it as IMFs in both VMD and EMD, but keep in mind the IMF's are band-
limited in VMD. EMD decomposes data into IMFs but does not stress the band-limited
property.). For seismic data consisting of linear events, the frequency slice of f — z spectrum
is exactly band-limited. The band-limited priori guarantees high resolution in splitting events
with different dip-angles. Also different from EMD which models the individual modes as
signals with explicit IMFs, VMD starts from variational energy minimization of IMFs. The
IMFs are extracted concurrently instead of recursively, leading to its high efficiency. VMD has
been applied on biomedical image denoising (Lahmiri & Boukadoum 2014) etc. For seismic
data, VMD is used for ground roll attenuation (Liu et al. 2015). In this work, we first show
how seismic data is decomposed by VMD and then use VMD for random noise attenuation.
Instead of dealing real and imaginary parts separately, we work on the complex spectrum
of seismic data directly by extending VMD to complex-valued situation. A matching pursuit
method is used for initializing the frequency centers of IMFs of VMD. Also, 3D seismic noise
attenuation is carried out based on 2D VMD.

In all, the VMD is different from EMD in the following aspects: (1) With the band-
limit priori, VMD achieves higher resolution in wave-number axis when splitting events. (2)
VMD subtracts the IMF's concurrently instead of recursively, leading to great improvement
of efficiency. (3) In noise attenuation, no mode is removed. So events with high-dip angles can
be better preserved.

The rest of this paper is arranged as follows. First we introduce the model of seismic data
briefly. For the readers who are not familiar with EMD and VMD, we introduce the basic
theory and how to apply them on seismic data decomposition and noise attenuation in the
second part, illustrated with toy numerical experiments. In the third part we give numerical
results of noise attenuation for synthetic data and field data. Finally we conclude and give

possible further directions of our work.
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2 THEORY

2.1 Seismic data with linear events and its spectrum

The propagation of seismic wave is controlled by wave equations. Seismic portion containing

one linear event can be simply modeled by plane wave d(t, x):
d(t,z) =w(t —x/c) (1)

where x,t stand for coordinates of offset axis and time axis. The w is a waveform, such as
Ricker wavelet. The c is the velocity of wave propagation in the medium.

After Fourier transform along t-axis of (1), we obtain the f—x spectrum D(f, x) of original
data:

D(f,z) = W(f)em /e (2)

where f is frequency, W is the Fourier transform of w. We assume the data is regularly

sampled in x-axis and sample interval is Az, then we discretize (2) and define:
D¢(m) = D(mAx, f),m=1,2,... M (3)
where M is the number of traces. The relationship between adjacent trace is:
D¢(m) =bi(f)Ds(m —1),m =2,....M (4)

where b1 (f) = exp(i27 fAz/V) is a constant for each frequency.

From (4) we can see the frequency slice D is composed of one complex harmonic in the
f —x domain. It can be shown that the superposition of p linear events in the ¢t — x domain is
equivalent to the superposition of p complex harmonics in f — z domain (Bekara & van der
Baan 2009).

A synthetic seismic data, its f — x spectrum and f — k spectrum are shown in Figure 1.
Here f — k spectrum is obtained by applying 2D FF'T on seismic data. The data is composed
of four linear events. So the frequency slice of f — x spectrum is composed by four complex
harmonics, which can be seen in Figure 1(d), where the frequency slice of f — k spectrum
contains four peaks. A noisy version is shown in Figure 2. We can obtain a denoised data by

eliminating noise in the f — x spectrum, where EMD and VMD come up.

2.2 Empirical Mode Decomposition

EMD is designed to analyze a non-stationary signal, by decomposing the signal into different
‘modes’ of oscillations, named IMF. IMF satisfies two conditions: (1) The number of extrema
and the number of zero crossings must be 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 must be zero (Huang et al. 1998). EMD is implemented with a sifting algorithm.

For the details of the sifting algorithm, readers may refer to (Huang et al. 1998; Bekara &



6 S Yu

van der Baan 2009; Chen & Ma 2014). In this section, we give two examples of EMD on single
frequency slice of the data in previous section.

In Figure 3, we show EMD on the real part of the data in Figure 1(d). The data is
approximately composed by four harmonics, but the decomposed IMFs are far away from
harmonics. In Figure 4, the EMD corresponds to real part of data in Figure 2(d). IMF1
represent the fastest oscillations in the data. So IMF1 is treated as noise, and IMF2 - IMF5
correspond to IMF1-IMF4 in Figure 3. If we summarize IMF2 to IMF5, we can obtain a
denoised version of Figure 2(d). If EMD is applied on all frequency slices of the f—x spectrum,
we can obtain a denoised f — x spectrum. The algorithm of EMD seismic noise attenuation

is summarized as follows (Bekara & van der Baan 2009):

Algorithm 1 EMD based seismic noise attenuation
Input: Noisy data d(z,t).

1: Select a time window and transform the data to the f — x domain.

2: for every frequency do

3:  separate real and imaginary parts in the spatial sequence,

4:  compute IMF1, for the real signal and subtract it to obtain the filtered real signal,
5. repeat for the imaginary part, and

6: combine to create the filtered complex signal.

7. end for

8: Transform data back to the t — z domain.

9: Repeat for the next time window.

Output: Denoised data.

2.3 Variational Mode Decomposition

The VMD was proposed to decompose a data into an ensemble of band-limited IMFs. The
IMFs are extracted concurrently instead of recursively, leading to its high efficiency. VMD is

achieved by solving the following optimization problem (Dragomiretskiy & Zosso 2014):

omin (S 10:05() + ) uslalle B st 3w =g (5)
weh{wr} T :

where ug are decomposed modes, wy are the center of the frequency of the corresponding

modes. §(-) is a Dirac impulse. f is the original real-valued signal. The term (6(z)+ ) *ug ()
is the Hilbert transform of ug, which transforms uy to an analytic signal and makes real valued
signal ug complex valued such that the spectrum has a single peak in the positive frequencies.

The frequency slice of f —x spectrum of seismic data is complex-valued. We can deal with
real and imaginary parts separately like EMD. Or we can extend optimization (5) to complex-

valued data directly. It is not necessary to apply Hilbert transform on complex-valued data,
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so we ignore the term 6(x) + % and the problem turns into:

min O [ug(z)e jw’“m s.t. up = f. 6
3, Ol ot S = (©

Problem (6) is first written as the form of augmented Lagrangian:

L(ug, wi, ) = a Y || Ocfug(@)]e 75+ | f(x) ch 3+ (M), f(z) = ug(@)) (7)
k

k

where « is a parameter balancing variational minimization term and constrain term. A(z) is
the Lagrange multiplier. Minimization of (7) can be solved with ADMM (Alternating Direction
Method of Multipliers) method (See details in appendix). The initial value of wy can be set
uniformly or randomly.

We test VMD on the synthetic model in Figure 1(d) and Figure 2(d). The initial values
of wy, are selected uniformly. The results of VMD on clear data is shown in Figure 5. We
can see that all the four modes are approximate harmonics. Also the spectrum is perfectly
decomposed into four peaks. The result of VMD on noisy data is shown in Figure 6. Only
three modes are detected. The fourth mode is far away from real value. Because minimization
(5) is non-convex problem, so it is sensitive to initial value and noise. In order to work on
noisy situation, we introduce a matching pursuit method to initialize wy in the next section.

Before going on to the matching pursuit method, we give the VMD-based noise attenuation

algorithm here:

Algorithm 2 VMD based seismic noise attenuation
Input: Noisy data d(z,t).

1: Select a time window and transform the data to the f — & domain.
2: for every frequency do

3:  compute complex-valued VMD,

4:  combine the IMF's to create the filtered complex signal.

5: end for

6: Transform data back to the ¢t — z domain.

7: Repeat for the next time window.

Output: Denoised data.

2.4 Initialize w; with Matching Pursuit

The matching pursuit algorithm is applied in frequency slice of f — k domain. We summarize
the algorithm in Algorithm 3 2.4.

VMD with matching pursuit initialization on signal in Figure 2(d) is shown in Figure 7.
We can see all modes are detected successfully. After combining the decomposed modes, we

obtain a denoised version of Figure 6(a).
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Algorithm 3 Matching pursuit algorithm for initializing wy,
Input: Frequency slice of f — k spectrum

1: Fourier transform along x-axis.
2: Find max amplitude of the amplitude spectrum. Pick the index and apply inverse Fourier
transform on selected index, then subtract it from original signal.

3: Use the residual as input and repeat 1,2 until required number of indexes are found.

Output: indexes served as initialized frequency center.

2.5 EMD and VMD for events splitting

In this section, we applied EMD and VMD on all frequency slices and see the decomposed
modes. In EMD, the frequency of each IMF decreases according to the order in which it is
separated out, by subtracting the IMFs by order, we obtain events from high-dip angles to
low-dip angles (Chen & Ma 2014).

First, we test EMD and VMD on a synthetic data consisting of two adjoint linear events
with different dip angles, shown in Figure 8(a). The data is first transform into frequency-
space domain, and the real part of the 30th slice of its f — x spectrum is subtracted and
shown in Figure 8(b). Figure 8(c) and Figure 8(e) show VMD on data in Figure 8(b). The two
parts with different frequencies are separated. Figure 8(d) shows the decomposed mode by
EMD, and Figure 8(f) shows the residual. Only one mode is subtracted. This example shows
that VMD can split modes with different frequencies better than EMD. This leads to better
decomposition of seismic events than EMD, shown in the following test.

In (Chen & Ma 2014), the author gives an example where the events are separated suc-
cessfully with EMD. While in Figure 9(a), the synthetic data consists of events which have
dip-angles close to each other. Figure 9(b)-Figure 9(e) show the separated events from high-dip
angles to low-dip angles. As we can see, adjacent events can not be separated.

In VMD, the IMFs from low-frequency to high-frequency correspond to events from
negative-dip-angle to positive-dip-angle. First, the IMFs are sorted from low frequency to
high frequency in a sequence. Then we subtract the IMFs in same position of the sequences
of all frequency slices to reconstruct one event. In Figure 10, we can see that the four events
are successfully separated. The band-limited property of VMD makes it to achieve higher

resolution in wave-number axis than EMD.

2.6 2D VMD for 3D seismic data
A 2D plane wave in constant velocity medium can be modeled by d(¢, Z):

(7, k)

d(Z,t) = w(t — ) (8)

where & = (m, h) stands for coordinates of midpoint and offset. k is the unit direction of wave
propagation. (-,-) mean inner product or two vectors in Hilbert space.

Using the same derivation as 2D situation, it can be shown that the frequency slice of
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Dy is composed of one complex harmonic along the direction of k in the f —m — h domain.
Here Dy is one frequency slice of 1D Fourier transform of d(¢, ) along time axis. Also the
superposition of p plane waves in the t — m — h domain is equivalent to the superposition of
p complex harmonics in f —m — h domain.

Dragomiretskiy & Zosso (2015) propose 2D VMD for real-valued data. As in 1D situation,
we first extend 2D VMD for complex-valued data. The extended optimization function is as
follow:

i (D IV, st 3w )
where V is the gradient operator. &y, is frequency vector in 2D plane. Same as 1D VMD, (9)
is first written as augmented Lagrangian and then solved with ADMM.

A 3D synthetic model consisting of three plane waves is shown in Figure 11(a). Center
slices of each direction are shown. There are 150 samples in time axis, 100 samples in midpoint
axis and 100 sample in offset axis. Time interval is 4ms, midpoint and offset interval are both
0.05km. First we transform the data into f —m — h domain. The 30th frequency slice is shown
in Figure 11(b). After applying 2D VMD on the frequency slice, we obtain three modes, shown
in Figure 11(c)-Figure 11(e). In Figure 12, we give the k,, — kj, spectrum corresponding to
data in Figure 11. We can clearly see that the three modes are separated successfully.

We provide the 2D VMD-based 3D seismic data noise attenuation algorithm here:

Algorithm 4 2D VMD seismic noise attenuation
Input: Noisy data d(m, h,t).

1: Select a time window and transform the data to the f — m — h domain.
2: for every frequency do

3:  compute 2D complex-valued VMD,

4:  combine the IMF's to create the filtered complex signal.

5: end for

6: Transform data back to the ¢t — m — h domain.

7: Repeat for the next time window.

Output: Denoised data.

3 NUMERICAL RESULTS

In this section, we apply VMD on noise attenuation on both synthetic and field data, compared
with f — x deconvolution and EMD based method. A 3D experiment on synthetic data is
carried out at the end of this section. For models that does not satisfy the linear event
assumption, We deal with the data by splitting windows. The temporal window length is
512ms and there is 50% overlapping between adjoint temporal windows for removing edge
effects. The space window length is 86 traces and the overlapping is 60%. Parameter « is set
as 2000 for the tests.
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3.1 Denoising on data consisting of linear events:

The synthetic model in Figure 13 is composed of four linear events, with 501 time samples
and 128 traces. The time sample interval is set as 4ms. Figure 13(a)-13(c) show the clean
data, the noisy data and the noise separately, with SNR (signal-to-noise ratio) = 2.0. Here,
SNR means the ratio of the energy of clean data and the energy of noise. Figure 13(d)-13(f)
are the noise attenuation results of f — x deconvolution method, EMD method, and VMD
method. Figure 13(g)-13(i) are the corresponding noise portions. From the noise portions we
can see that f — x deconvolution method apparently removes the energy of the events. EMD
method keeps useful energy better than f — x deconvolution on flat events, but still removes
the energy of dip events. VMD methods keep most of the useful energy. The elapsed time of
these three methods are 0.17s, 11.94s, 2.00s respectively.

Model in Figure 14(a) consists of three adjoint linear events. The parameters are the same
as in previous model. Figure 14(b),14(c) are the noisy version and the noise, with SNR = 2.0.
14(d)-14(f) are the noise attenuation results of f — x deconvolution method, EMD method,
and VMD method. Figure 14(g)-14(i) are the corresponding noise portions. Same as previous
example, f — z deconvolution method and EMD method remove much of the noise, but also
harm the useful energy. The VMD method remove less noise, but keeps most of the useful

energy.

3.2 Denoising on data consisting of hyperbolic events:

We test the VMD on model consisting of three hyperbolic events in this example. There
are 400 time samples and 190 traces, with time sample interval = 4ms. Figure 15(a) is the
noise corrupted data, with SNR = 2.0. 15(b)-15(d) are the noise attenuation results of f —z
deconvolution method, EMD method, and VMD method. Figure 15(e)-15(g) are corresponding
noise portion. As we can see, f — x deconvolution method harms useful energy of all three
events. The EMD method keeps the energy for the two approximately flat events, but not for
the dip one. The VMD method preserves most of the useful energy of all three events.

3.3 Denoising on field data:

In this example, we test the VMD on field data. Figure 16(a) shows the data with noise, with
1501 time samples and 333 traces. The time sample interval is 4ms and space sample interval
is 0.01km.

In Figure 17, we show the denoised results of f — x deconvolution method, EMD method,
and VMD method and the corresponding noise sections. We can see the details in the zoomed
version in Figure 18. f — x deconvolution removes lots of useful energy. The EMD method
keeps the energy in horizontal, but there are some dip events still in the noise section shown
Figure 18(d). The VMD method keeps most of useful energy. As comparison with state-of-art

methods, we give denoising results based on Db6 wavelet (Daubechies et al. 1992) method,
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curvelet method, empirical curvelet transform (ECT)(Gilles 2013; Gilles et al. 2014) method
in Figure 19. In Figure 19(a), DB6 wavelet method results in discontinuous events and dot-
like artifact features. In Figure 19(c) and Figure 19(e), curvelet method and ECT method
both result in smooth events. The VMD is competitive with the state-of-art methods. By
considering spatial redundancy in our next work, the performance of VMD can be further

improved.

3.4 Denoising on 3D synthetic data:

In this test, 2D VMD is applied on 3D seismic data for noise attenuation. Figure 20(a) shows
noisy version of the data in Figure 11(a), with SNR = 2.0. Figure 20(b) and 20(d) show the
denoised results by 2D EMD and 2D VMD. Figure 20(c) and 20(e) are corresponding noise
sections. Both methods keep the useful energy well. But in Figure 20(c), we still can notice

some weak plane waves. In Figure 20(e), there is only noise left.

3.5 Denoising on 3D field data:

Figure 21(a) shows a 3D post stack seismic data. The data consists of 625 time samples,
with time sample interval equals 4ms. The samples in inline and crossline directions are 701
and 21 separately, and the space sample intervals are both 0.02km. Figure 21(b) and Figure
21(d) show the denoised results with EMD and VMD methods respectively. Figure 21(c) and
Figure 21(e) are the corresponding noise portions. From the left bottom corner of the noise
portions, we can see the EMD method obviously eliminates energy dip events. While in the

VMD method, the energy of the dip events are mostly kept.

3.6 Discussion on parameter «:

In equation (7), parameter « controls how much noise is removed. In order to keep most of
the useful energy, we use small « in the previous tests. VMD removes less noise than f — x
deconvolution and EMD method. In this test, we increase « to see how the results is affected.
The test is carried on the data in Figure 16(a). Zoomed denoised results and corresponding
noise portions are shown in Figure 22.

The « is set as 20000 and 100000 in Figure 22(a) and Figure 22(c) separately. We notice
that the result in Figure 22(a) is similar as the result using EMD method in Figure 18(c). Also
the result in Figure 22(c) is similar as the result using f — = deconvolution method in Figure
18(a), but Figure 22(c) shows much smoother events than 18(a). Obvious events can be seen
in Figure 22(b) and Figure 22(d). EMD method is parameterless and easy to implement, but
it is also a drawback when we want to change how much noise to remove. On the contrary,

we can adjust the a in VMD for desired denoising results.
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4 CONCLUSION

In this paper, we present variational mode decomposition of seismic data and its applications
on noise attenuation. The VMD has some good properties than the existing EMD: (1) With
the band-limit priori, VMD achieves higher resolution in wave-number axis when splitting
events. (2) VMD subtracts the IMFs concurrently instead of recursively, leading to great
improvement of efficiency. (3) In noise attenuation, no mode is removed. So events with high-
dip angles can be better preserved. We extend the VMD to complex-valued data for processing
the f — x spectrum of seismic data. In order to deal with noisy situation, we also introduce
matching pursuit method to initialize the center frequencies of VMD. At last, 2D VMD is
used for 3D seismic data denoising. Though VMD is efficient in preserving useful signals, it
also keeps more noise than EMD and f — x, which is a drawback currently. In future work,
this drawback should be addressed. Also it is promising to explore more applications of VMD
on seismic data such as multiple removal in marine exploration data and earthquake data
mode decomposition and prediction. The VMD can also be used for geophysical compressed

sensing.
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6 APPENDIX: ADMM FOR VMD

We rewrite equation (7) here:

L(ug, wp, A) = a Y [10:](6(2)) * up(@)Je P 34 f(2) =Y un(@) 3+ (A (@), f(2)=)  up(x)).
k

k k

(10)
The ADMM for VMD is as in Algorithm (5):
Minimization (11) is first written as:
n+l _ : 9 —jwrx||2 . ) A(T) o 14
u = argg;naﬂ [ug () |3 + (| f () = Y uil) + — 2 (14)
It can be solved in Fourier domain and there exists explicit solution:
k 1+ S (w—wp)?
Minimization (12) is written as:
n+1 — . a —jwkac 2 ].6
wy T = argmin || 9 [ug (x)e” ][5 (16)

Wi
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Algorithm 5 ADMM for VMD

Input: Initialize u,lc, w;, AM,n=0

1: repeat
22 n=n-+1
33 fork=1:K do
4: Update uy:
ui ™t = arguin LA {ufoih ('} ) )
5. end for
6: fork=1:K do
7 Update wy:
w]ZLJrl =arg H(};inL({u?+1}v {w?;rkl}v {winZk}v )\n) (12)
8. end for
9:  Dual ascent:
AL — \» + T(f o ZUZ—H) (13)
Kk

10: until convergence: >, [[up ! — ul||3/|lul|3 < e

Output: Decomposed IMFs.

There also exists explicit solution in Fourier domain:

o
CT @)

(17)
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Figure 20. 3D seismic data noise attenuation. (a) The noisy 3D seismic model. (b)(d) Denoising results

of EMD and VMD methods. (c¢)(e) Differences between denoised data and noisy data corresponding

to (b)(d).
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to (b)(d).



Variational mode decomposition of seismic data

Time (s)

30

20

10

30

20

10

37

Figure 22. Denoised results of field data with different a.. The zoomed denoised results with o = 20000

in (a) and o = 100000 in (c). The corresponding residuals are shown in (b)(d).
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