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ABSTRACT

The seislet transform has been demonstrated to have a better compression per-
formance for seismic data compared with other well-known sparsity promoting
transforms, thus it can be used to remove random noise by simply applying a
thresholding operator in the seislet domain. Since the seislet transform com-
presses the seismic data along the local structures, the seislet thresholding can
be viewed as a simple structural filtering approach. Because of the dependence
on a precise local slope estimation, the seislet transform usually suffers from low
compression ratio and high reconstruction error for seismic profiles that have dip
conflicts. In order to remove the limitation of seislet thresholding in dealing with
conflicting-dip data, I propose a dip-separated filtering strategy. In this method,
I first use an adaptive empirical mode decomposition based dip filter to separate
the seismic data into several dip bands (5 or 6). Next, I apply seislet thresholding
to each separated dip component to remove random noise. Then I combine all the
denoised components to form the final denoised data. Compared with other dip
filters, the empirical mode decomposition based dip filter is data-adaptive. Both
complicated synthetic and field data examples show superior performance of my
proposed approach than the traditional alternatives. The dip-separated struc-
tural filtering is not limited to seislet thresholding, and can also be extended to
all those methods that require slope information.

INTRODUCTION

Random noise attenuation is an important task in seismic data processing (Gulunay,
2000; Neelamani et al., 2006; Liu et al., 2011, 2012; Yuan et al., 2012; Yang et al.,
2015a; Gan et al., 2015b; Huang et al., 2015; Qu et al., 2015). Among different random
noise attenuation approaches, the transform domain thresholding approach is one of
the most widely-known approaches (Chen et al., 2016). The principle of this type
of approach is simple: seismic reflection has coherent structure and can be sparsely
represented while random noise are spreading through the whole transform domain,
thus random noise can be removed by applying a simple thresholding operator in the
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transformed domain. One of the most well-known transforms might be the Fourier
transform, or f -k transform. linear events are transformed into narrow strings in
the f -k domain. The basic assumption of using f -k transform based thresholding
is that the data is built of monochromatic plane waves. To consolidate the assump-
tion, windowed f -k transform is usually used to ensure the linear property of local
seismic events. Another emerging sparsity-promoting transform is Radon transform.
According to the shape of the integral operator in the Radon transform, Radon trans-
form can be divided into different types. Among the most popular types are linear
Radon transform (also known as slant stack), parabolic Radon transform, hyperbolic
Radon transform, and polynomial Radon transform (Xue et al., 2014, 2016a). As the
standard Radon transform operator is not unitary, least-squares and high-resolution
versions of Radon transform are often used to ensure a practical application of the
Radon transform. The basic assumption behind the Radon transform based thresh-
olding is that the shape of seismic events follows the shape of the integral operator
that is used in the Radon transform. The curvelet transform is becoming more and
more popular in the field of exploration geophysics because of its multi-dimensional
and multi-scale properties (Hennenfent and Herrmann, 2006; Neelamani et al., 2008,
2010; Liu et al., 2016). The curvelet transform can give a very sparse representation
of a seismic wavefield which has advantages for interpolation and denoising of these
data (Hermann et al., 2007). Therefore it has become more and more popular in
exploration geophysics in recent years. Because the curvelet transform takes both
the direction and scale into account, it can get sparser representation for complex
data than many other alternatives. The curvelet transform does not have any a
prior knowledge of the seismic data, which is designed for a general image process-
ing task. Recently popular shearlet transform is also a natural extension of wavelet
transform to accommodate the fact that multivariate functions are typically governed
by anisotropic features such as edges in images. All of the aforementioned sparsity-
promoting transforms are parameter-dependent, rather than data dependent. For
example, the good compression performance using curvelet transform depends on the
input parameters, such as the scales and the directions, while the seislet transform
only depends on the local slope that is estimated directly from the data.

Fomel and Liu (2010) propose a wavelet-like transform that is tailed especially
to seismic data, called seislet transform. The seislet transform follows the lifting
scheme (Sweldens, 1995) in constructing the second generation wavelet transform.
The only difference between the seislet transform and the general second-generation
wavelet transform is that the prediction operator in the seislet transform framework
is defined as the prediction between different traces according to local slope. The key
component of the seislet transform is the estimation of local slope of seismic data
using plane-wave destruction algorithm. The seislet transform is a breakthrough in
the development of fixed basis sparsity promoting transforms because it can be data
adaptive as long as the slope estimation is up to a certain degree of accuracy. The
seislet transform has been successfully used in random noise attenuation, seismic
data interpolation, stacking without estimating the normal-moveout velocity (Fomel
and Liu, 2010), and separation of simultaneous-source seismic data. As the seislet
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transform compresses the seismic data along local structures, thus seislet thresholding
(Fomel and Liu, 2010) can be considered as the simplest structural filtering approach.
Different from images from the digital signal processing field, seismic images have
well-constructed geological structures (e.g. coherent along the spatial dimension),
and thus are suitable for structural filtering in order to enhance useful signals and
removing noise (Hale, 2011; Gan et al., 2015a; Yang et al., 2015b; Xue et al., 2016b).
However, structural filtering usually requires a precise local slope estimation, which
can be demanding in complex seismic profiles because of the difficulty in calculating
conflicting dips.

Because of the close dependence on slope estimation, the seislet transform can
be limited to practical applications for some specific datasets when slope estimation
is not acceptable, such as dip-conflicting profiles and highly noisy profiles. In order
to solve this problem, several alternatives to the plane-wave destruction based seislet
transform have been proposed. Liu and Fomel (2010) proposed the offset continuation
based seislet transform. In the offset continuation based seislet transform, the offset
continuation operator is used as a replacement of plane-wave destruction operator
for the prediction between different traces. The offset continuation operator can only
be used to predict traces along the offset direction because of the sole continuation
direction but cannot be used to predict traces along the midpoint direction, thus
it cannot be used in image domain (common offset gathers). Liu and Liu (2013)
introduced the velocity dependent seislet transform. The velocity dependent seislet
transform uses normal-moveout based velocity analysis to obtain velocity spectra and
transforms the normal-moveout velocity to local slope which is required by the plane-
wave destruction based seislet transform. However, the velocity dependent seislet
transform can only be applied in common midpoint gathers since one cannot apply
NMO-based velocity analysis in common offset gathers. The problem of estimating
correct local slope in common offset gathers, or stacked image, is still an unsolved
problem.

Empirical mode decomposition (EMD) based dip filter was first proposed by Chen
and Ma (2014). The EMD based dip filter is a data-driven adaptive dip filter. EMD
based dip filter utilizes EMD in each frequency slices to separate different spatial
oscillating (wavenumber) components that corresponds to different dip components.
Because of the adaptive property, the only parameter one need to define is the number
of dip components. Chen and Ma (2014) utilized EMD based dip filter to improve
the denoising performance of f -x predictive filtering. f -x EMD filtering can also be
understood as EMD based dip filter considering that random noise, steeply dipping
coherent events and ground rolls can be removed by applying a high-cut EMD based
dip filter, as mentioned in (Chen and Ma, 2014).

In this paper, I propose an effective way to solve the conflicting-dip problem of
many structural filtering by separating different dips of the seismic image first, and
then applying the structural filtering to each dip-separated gather secondly. I take the
seislet thresholding as an example to show the philosophy of the proposed method-
ology. When dip conflicts exist, the seislet transform cannot get a good compression
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performance. For this case, I first apply an EMD based dip filter to separate the
seismic data into different dip components such that no conflicting dips exist in each
component. Then I apply the traditional seislet thresholding to each separated com-
ponent to remove random noise and finally I combine all the denoised components
together to obtain the output data. The proposed multi-step strategy is very efficient
and convenient to implement because no local window is needed for the processing
and the EMD based dip filter is data adaptive, without the need to select many
parameters that required by other dip filters. The proposed approach is a general
framework that can deal with the troubles in any structural filtering approaches by
separating the dip components first and then filtering secondly. Since almost all the
structural filtering approaches need the calculation of structural information, such as
the local slope, and thus will encounter the similar problem as the seislet transform in
estimating local slope. Although some novel transforms, such as shearlets, may have
the potential to resolving conflicting dips without dip calculation, these transforms
are relatively new to seismic data processing and their behaviors in seismic data pro-
cessing still remains to be investigated. Thus, I only compare the proposed approach
with the most widely used curvelet transform.

I organize the paper as follows: I first give short reviews on seislet domain thresh-
olding and point out its dip dependence problem, then I review the adaptive EMD
based dip filter and propose the multi-step random noise attenuation by cascading
EMD based dip filter and seislet thresholding and give detailed demonstration on how
to implement the proposed framework, finally I use both synthetic and field data ex-
amples to demonstrate the performance of the proposed approach. The contribution
of this paper can be summarized into two aspects. First, the paper relieves the slope
dependence of the seislet transform in sparsifying seismic data by applying the seislet
transform to EMD based dip-separated seismic images and thus slope estimation can
be much more precise. Second, the paper proposes a general dip-separated image
filtering framework that can be extended to many other methods which depend on
slope information, by utilizing the adaptive property of EMD in separating different
dip components.

METHOD

Seislet transform and its dip dependence

The seislet is defined with the help of the wavelet-lifting scheme (Sweldens, 1995)
combined with local plane-wave destruction (Fomel and Liu, 2010).The forward and
inverse seislet transforms can be expressed as:

r = o−P [e], (1)

c = e + U [r], (2)

e = c−U [r], (3)
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o = r + P [e], (4)

where P is the prediction operator, U is the updating operator. r denotes the differ-
ence between true odd trace and predicted odd trace (from even trace), c denotes a
coarse approximation of the data. e and o correspond to the even and odd traces of
the data domain. The foward transform starts with the finest scale and goes to the
coarsest scale. Correspondingly, the inverse transform starts with the coarsest scale
and goes back to the finest scale (Fomel and Liu, 2010).

The above prediction and update operators can be defined as follows:

P [e]k =
(
P

(+)
k [ek−1] + P

(−)
k [ek]

)
/2, (5)

U [r]k =
(
P

(+)
k [rk−1] + P

(−)
k [rk]

)
/4, (6)

where P
(+)
k and P

(−)
k are operators that predict a trace from its left and right neigh-

bors, correspondingly, by shifting seismic events according to their local slopes.

It is easier for understanding the seislet transform by extending the regular wavelet
transform to seislet transform. For example, in the simplest case of Haar transform,
the Z-transform domain prediction filter for the Haar wavelet transform is

P (Z) = Z, (7)

and the Z-transform domain Haar updating filter for wavelet transform is

U(Z) = Z/2. (8)

However, for seislet transform,

P (Z) = Z/Z0, (9)

U(Z) = 1/2(Z/Z0). (10)

where Z0 = eiω0∆t. The prediction filter 9 can perfectly characterize a sinusoid with
ω0 circular frequency sampled on a ∆t grid. Analogously, the prediction filter for
biorthogonal transform can be expressed as:

P (Z) = 1/2(Z/Z0 + Z0/Z), (11)

and its corresponding updating operator is

U(Z) = 1/4(Z/Z0 + Z0/Z). (12)

Although the seislet transform has been demonstrated to have a better compres-
sion performance for seismic data (Fomel and Liu, 2010) than other alternatives given
that an fairly acceptable local slope field can be obtained, the limitation is that it
heavily depends on the estimation of local slope. As shown in equations 5 and 6, the
only difference between the seislet transform and the traditional second-generation
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wavelet is the prediction operator. When the plane-wave destruction operator can
obtain an accurate local slope, e.g. where seismic reflections are spatially coherent
and no dip conflicts exist, the seismic data can be compressed by the seislet transform
with a high compression ratio. However, when the local slope is not appropriately
estimated, e.g. the seismic profile is very complicated, the seislet transform will not
obtain a better compression result than traditional wavelet transform.

Figures 1, 2 and 3 demonstrate the dip-dependence problem of the seislet trans-
form. Figure 1a shows the well-known Sigmoid model (Claerbout, 2010). Figure 1b
shows the dip estimation result using plane-wave destruction with the best parame-
ters selection. The dip estimation is very accurate in that it is consistent with the
structure and causes a sparse compression in the seislet domain, as shown in Figure
1c. I treat this dip estimation as the true local slope as a reference for the comparison
shown later. And the corresponding seislet domain is treated as the true seislet do-
main. In order to test the compression performance using different slope estimations,
I smooth the true local slope with different smoothing radii. The longer smoothing
radius is, the higher error exists in the local slope. Figure 2 shows three local slope
maps with different smoothing radii and their corresponding seislet domains. When
the smoothing radius is 50, the slope map is still very similar to the true local slope,
and the seislet transform can still get an acceptable result, though much worse than
the true seislet domain. When the smoothing radius increases to 100, the slope map
cannot indicate the general structure of seismic data, the seislet transform gets an
even worse result, as shown in Figure 2d. When the smoothing radius is 250, the
slope map is nearly zero, and the seislet domain is not sparse any more. In order
to numerically compare the sparseness, I sort the seislet domain coefficients accord-
ing to the normalized amplitude and draw their magnitude-decreasing diagrams, as
shown in Figure 3. In Figure 3, the faster the coefficients decrease, the sparser the
seislet domain is. From this figure, I observe that the coefficients in the true seislet
domain decreases fastest, and as the smoothing radius becomes longer and longer,
the coefficients decrease slower and slower. I also plot the magnitude-decreasing di-
agram of the curvelet transform, which lays between SR = 50 and SR = 100 when
n is small and becomes almost constant when n is large. It can be inferred that
even when the local slope contains significant error, the seislet domain is still sparser
than the curvelet domain. In field data processing, when the subsurface structure
is complicated, however, plane-wave destruction operator cannot obtain acceptable
local slope estimation because of the dip conflicts, which makes the seislet domain not
optimally sparse. Thus, for these seismic profiles, the performance of conventional
seislet thresholding will be deteriorated.

Dip separation using adaptive empirical mode decomposition
based dip filter

The special property of empirical mode decomposition (EMD) based dip filter (Chen
and Ma, 2014) is adaptivity. In order to separate a seismic profile to obtain several dip
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(a) (b)

(c)

Figure 1: (a) Synthetic data. (b) True local slope. (c) True seislet domain.

components, the only parameter to define is the number of dip components. A brief
review about EMD based dip filter is shown in Appendix A. It is worth mentioning
that the total number of decomposed intrinsic mode functions IMFs (N) of EMD is
usually limited to be less than 10 and the detectable dip components usually lay in
the first 5 or 6 IMFs. The horizontal components lay in the residual for an incomplete
EMD (stop the decomposition after obtaining the first several IMFs).

In the following sections, I will use the EMD based dip filter to decompose the
synthetic and field data examples into 5 dip components. Note that the number of
dip components is not limited to 5. As one can see, the EMD based dip filter can
act as a data-driven dip components separator, without any parameters to be defined
except for the separation number N .

Other structural filtering approaches that require a precise slope estimation will
perform better when the dip estimation is applied on dip-separated profiles than the
traditional implementation. The slope estimation after dip separation will be obvi-
ously superior than that without dip separation. One can use the slope estimation
shown in Figure 8 as an example. The slope estimations in the separated dip compo-
nents are more precise than that of the original profile in the dip conflicting area. The
separated slope is smoother while the original slope is highly non-stationary when the
events cross each other. The dip estimation error will transform into large filtering
damages in any structural filtering approaches. Other structural filtering approaches
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(a) (b)

(c)

(d) (e)

(f)

Figure 2: Smoothed local slope maps using different smoothing radii (SR) and the
corresponding seislet domain. (a) Local slope map with SR = 50. (b) Seislet domain
using local slope shown in (a). (c) Local slope map with SR = 100. (d) Seislet
domain using local slope shown in (c). (e) Local slope map with SR = 250. (f)
Seislet domain using local slope shown in (e).
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Figure 3: Seislet domain coefficients decreasing diagrams, compared with the curvelet
domain coefficients decreasing diagram.

that do not rely on the slope estimation will also benefit a lot because a reduced
number of slope components will result in a much easier parameterization, such as
choosing the prediction length in the prediction filtering (Chen and Ma, 2014) and
choosing the minimum rank in the multichannel singular spectrum analysis (MSSA)
(Oropeza and Sacchi, 2011).

Multi-step random noise attenuation

In order to overcome the problem of plane-wave destruction in estimating conflicting
dips that is involved in traditional seislet thresholding, I propose a new multi-step
processing algorithm. I first use an adaptive empirical mode decomposition (EMD)
based dip filter to separate the seismic data into several dip bands (5 or 6). Next, I
apply seislet thresholding to each separated dip component to remove random noise.
Finally I combine all the denoised data to form the final denoised data. In the step
of denoising each dip component using the seislet transform, I first apply plane-wave
destruction to each separated dip component to calculate the local slopes, and then
apply the forward seislet transform, soft thresholding, and the inverse seislet transform
on each dip component. Because of the dip separation, there are no dip conflicts in the
data, thus plane-wave destruction can obtain more precise dip estimation, which will
result in better compression by the seislet transform and better thresholding-based
denoising performance than the alternatives. Figure 4 shows the detailed workflow
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chart of the proposed dip-separated denoising framework. In Table 1, I give a detailed
explanation for the meanings of different abbreviations.

  

Input

DipC 1 DipC 2 DipC n DipC N

Seis 1 Dip 1 Seis 2 Dip 2 Seis N Dip N

TSeis 1

DC 1

Output

DC 2

TSeis 2 TSeis N

DC N

Seis n Dip n

TSeis n

DC n

Inverse seislet transform Inverse seislet transform

PWD PWDSeislet transformSeislet transform

EMD based dip filter

Combine

Thresholding Thresholding Thresholding Thresholding

Figure 4: Workflow chart of the proposed dip-separated denoising framework.

In this paper, I choose the threshold value by a simple percentile strategy. I do
not chose the exact threshold value. Instead, I choose a percentage of low amplitude
coefficients to remove. For example, if I choose 10%, I preserve the 90% largest
coefficients. Then, when tuning the parameters, I can only tune the percentage,
which is convenient to implement in practice.

In order to numerically measure the denoising performance for the synthetic data,
I utilize signal-to-noise ratio (SNR) (Hennenfent and Herrmann, 2006; Liu et al., 2009;
Chen and Fomel, 2015), as shown below :

SNR = 10 log10

‖s‖2
2

‖s− ŝ‖2
2

, (13)

where s is the noise-free signal and ŝ is the denoised signal. For the field data example,
as I do not know the exact answer, I cannot judge by numerical measurement. Instead,
I only evaluate by visual observation, which is still effective.
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Abbreviations Meanings
PWD plane-wave destruction
DipC Dip component after EMD based dip filter
Seis Seislet domain without thresholding
Dip Local slope map using plane-wave destruction

TSeis Thresholded seislet domain
DC Denoised component after thresholding in the seislet domain
N Number of dip components after EMD based dip filter

Table 1: Explanation of abbreviations shown in Figure 4.

EXAMPLE

In this section, I give two synthetic and one field data examples to demonstrate the
implementation procedures and the denoising performances of the proposed random
noise attenuation approach.

Synthetic example

I first use a synthetic example with linear events to demonstrate the performance
of the proposed approach. The synthetic data is composed of four linear events with
different slopes. They cross each other and form four crossing points. I create this
synthetic data in order to decrease the performance of dip estimation using plane-wave
destruction as there are dip conflicts in those crossing points. After using the empirical
mode decomposition (EMD) based dip filter, the decomposed dip components are
shown in Figure 6.

After dip decomposition I remove the crossing points and the local dip conflicts
that affect performance of the seislet transform. Figure 7 shows the local slope maps
using plane-wave destruction algorithm on separated dip components and original
seismic profile. The reconstructed seismic data for each separated dip component
after thresholding are shown in Figure 8. Figure 9a is the summation of Figures 8a-
8e and thus the output using the proposed approach. Figure 9b is the denoised result
using conventional method. In order to demonstrate the superior performance of
the proposed over other widely used denoising approaches, I also show the denoised
results using the curvelet thresholding approach (Candès et al., 2006a,b) and the
f − x deconvolution method (Canales, 1984). In order to have a fair comparison, I
try different parameter combinations in order to obtain the best denoised results with
the least loss of useful energy for all the methods. The noise sections corresponding
to the proposed approach and the conventional approaches are shown in Figures 10a
and 10b. Because of dip conflicts, the seislet domain of the original seismic image
is not optimally sparse, and the threshold one use should be more conservative in
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order to avoid any possible damages to the signals. The resulted denoised image is a
bit noisier and the noise section has a lower amplitude level. Although the curvelet
transform has directional property, the compactly crossing events make thresholding
in the curvelet transform domain not easy to implement, thus one can only use a very
conservative threshold value to obtain the optimum denoised result that leaves the
least useful energy in the noise section. The noise section using curvelet thresholding
is relatively less noisier than other methods, which indicates that more noise are still
in the denoised result. The f − x deconvolution method can obtain a good denoising
performance but might cause some useful dipping energy lost due to the boundary
effects. However, using the proposed approach, I obtain an excellent result. The SNR
of original noise data is 3.685 dB. The SNR of the denoised data using conventional
seislet thresholding is 22.21 dB. The SNRs of the denoised data using the curvelet
thresholding and the f−x deconvolution are 21.07 dB and 20.98 dB, respectively. The
SNR of the denoised data using the proposed approach is 24.38 dB. The comparison
of SNRs also proves the better performance of the proposed approach than the other
approaches. In this example, I preserve 2% coefficients for all the dip components.
For the traditional seislet method, I choose a bit more coefficients, 3%, to perform
the denoising. For the curvelet method, I choose 6% coefficients to perform the
denoising.

I then use a second synthetic example with curved events to further confirm the
superior performance of the proposed approach, as shown in Figures 11 and 12. This
example is composed with three curved events with spatially variable slope. The clean
and noisy data are shown in Figures 11a and 11d, respectively. Figures 11b, 11c, 11e,
and 11f show the denoised performances using the proposed method, traditional seislet
method, curvelet method, and f − x deconvolution method, respectively. Figures
12a, 12b, 12c, and 12d show their corresponding removed noise sections. It is obvious
that the proposed approach can obtain the cleanest denoised data while the other
three methods cause a bit more random noise left in the denoised images. The SNR
improvements using four different approaches are 10.18 dB, 9.54 dB, 9.27 dB, and
7.98 dB, respectively. In this example, I preserve 3% coefficients for all the dip
components, preserve 5 % coefficients for the traditional seislet method, and 8% for
the curvelet method.

Field data example

The field data example is shown in Figure 13. There is a salt dome in the down
middle part of the image. Because of random noise, the useful seismic reflections are
not very clear. Because of the salt dome, there exists dip conflicts near the flanks of
the salt dome, which will cause bad compression performance for the seislet transform.
I first use the EMD based dip filter to separate the profile into five dip components.
Then I apply seislet thresholding on each of the five separated dip components and
finally add all the denoised components together. The denoised image using the
proposed approach is shown in Figure 13b. As a reference, the denoised result
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(a)

(b)

Figure 5: First synthetic example. (a) Clean data. (b) Noisy data.
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(a) (b) (c)

(d) (e)

Figure 6: Separated dip components using EMD based dip filter for synthetic data.
(a) First dip component. (b) Second dip component. (c) Third dip component. (d)
Fourth dip component. (e) Last dip component.

(a) (b) (c)

(d) (e) (f)

Figure 7: Local slope comparison for synthetic data. (a) First local slope map. (b)
Second local slope map. (c) Third local slope map. (d) Fourth local slope map. (e)
Fifth local slope map. (f) Local slope map before dip separation.
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(a) (b) (c)

(d) (e)

Figure 8: (a) Denoised first dip component. (b) Denoised second dip component. (c)
Denoised third dip component. (d) Denoised fourth dip component. (e) Denoised
fifth dip component.

using conventional one-step seislet transform is shown in Figure 13c. The denoised
images using curvelet thresholding and f − x deconvolution are shown in Figures
13d and 13e, respectively. The noise sections using four different approaches are
shown in Figure 14. While the f −x deconvolution method fails to obtain acceptable
result, the other three methods obtain much better performance in that seldom useful
energy is damaged during the processing. However, it is obvious that the proposed
approach remove the most random noise while preserving the useful signals. In this
example, I preserve 10% coefficients in the seislet domain for each dip component,
14% coefficients in the seislet domain for the original image, and 20% coefficients
in the curvelet domain. The comparisons of zoomed sections show more obvious
advantage of the proposed approach in preserving more useful energy and enhancing
weak signals that were smeared in traditional seislet method.

The main cost in the proposed approach is the computation in the sifting process
of empirical mode decomposition (Huang et al., 1998), which might require a large
CPU cost. EMD process does not require a large memory cost since it is a recursive
process and the memory required is in linear relation with the data size. The 3D
version of the proposed approach may require a combination of 2D EMD along each
frequency slice and a 3D version of seislet transform. Currently the proposed method
is not applicable to 4D or 5D, since there are no 3D and 4D versions of EMD, or 4D
and 5D versions of seislet transform.
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(a) (b)

(c) (d)

Figure 9: Denoised results for the first synthetic data. (a) Denoised result using
the proposed method (summation of (a)-(e) in Figure 8). (b) Denoised result using
the conventional seislet thresholding method. (c) Denoised result using the curvelet
thresholding method. (d) Denoised result using the f − x deconvolution method.
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(a) (b)

(c) (d)

Figure 10: Denoised results for the first synthetic data. (a) Denoised result using
the proposed method (summation of (a)-(e) in Figure 8). (b) Denoised result using
the conventional seislet thresholding method. (c) Denoised result using the curvelet
thresholding method. (d) Denoised result using the f − x deconvolution method.
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(a) (b) (c)

(d) (e) (f)

Figure 11: Second synthetic example. (a) Clean data. (b) Denoised data using
the proposed approach. (c) Denoised data using the traditional seislet thresholding
approach. (d) Noisy data. (e) Denoised data using the curvelet transform. (f)
Denoised data using f − x deconvolution.
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(a) (b)

(c) (d)

Figure 12: Removed noise sections for the second synthetic example. (a) Noise section
using the proposed method. (b) Noise section using the conventional seislet thresh-
olding method. (c) Noise section using the curvelet thresholding approach. (d) Noise
section using f − x deconvolution.
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(a) (b)

(c) (d)

(e)

Figure 13: (a) Field data. (b) Denoised data using the proposed approach. (c)
Denoised data using the traditional seislet thresholding approach. (d) Denoised data
using the curvelet transform. (e) Denoised data using f − x deconvolution.
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(a) (b)

(c) (d)

Figure 14: Removed noise sections for field data. (a) Noise section using the proposed
method. (b) Noise section using the conventional seislet thresholding method. (c)
Noise section using the curvelet thresholding approach. (d) Noise section using f −x
deconvolution.
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(a) (b)

(c) (d)

Figure 15: Zoomed denoised results for field data (corresponding to the frame boxes
A & B in Figure 13). (a) & (c) correspond to the proposed method. (b) & (d)
correspond to the conventional seislet thresholding method.
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CONCLUSION

I have proposed a novel dip-separated structural filtering approach that cascades a
new empirical mode decomposition based adaptive dip filter and one structural fil-
tering approach. The seislet thresholding is used as a simple example for structural
filtering. The principle idea of the proposed approach is to adaptively separate com-
plicated seismic profiles that contain dip conflicts into separated profiles that contain
no dip conflicts. The dip separation is achieved by the empirical mode decomposi-
tion based dip filter. Because of the dip decomposition, plane-wave destruction can
obtain more precise slope estimation on each dip component and can help to obtain
better compression performance for the seislet transform than the traditional imple-
mentation. Synthetic and field data examples show that the proposed approachcan
help remove more random noise while preserving the energy of useful signals.
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APPENDIX A: REVIEW OF EMD BASED DIP FILTER

The empirical mode decomposition (EMD) based dip filter is implemented in f -x
domain. As EMD (Huang et al., 1998; Chen et al., 2015; Gan et al., 2015b) can
empirically decompose a 1 D signal into different components that corresponds to
different oscillating frequency, one can apply EMD to each frequency slice in f -x
domain and gather the same oscillating components for each frequency slice for sep-
arated f -x domain profile. One then can get different separated seismic sections by
transforming the separated f -x data back to t-x domain. As the different oscillat-
ing components in each frequency slice of f -x domain correspond to different dip
components, the separating process acts as an adaptive dip filter.

The formulation of the EMD based dip filter was given by Chen and Ma (2014):

u(f, h) =
N∑

n=1

dn(f, h), (14)

where N is the number of dip components or the number of EMD decomposed
components. n denotes index, f denotes frequency, and h denotes spatial trace index.
The decomposition is done in each frequency slice in the frequency-space domain via
EMD. The details of EMD can be found in Huang et al. (1998).
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Equation 14 is formulated in the frequency domain in its original form. In the
time-space domain, the EMD based dip filtering is simply

u =
N∑

n=1

dn, (15)

where u is the vectorized seismic data, dn is the nth dip component after using the
EMD based dip filter. It is obvious that the EMD based dip filter is a linear transform
and the summation of all the dip components is the original seismic image.
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