


f-k interpolation and de-noising

criteria, let’s assume that we have been able to identify L slopes with
the peak values as p1, p2, . . . , pL.

Building a mask function after identifying dominant dips
After identifying the dominant dips of function M(P), we deploy straight
lines along the correspondent angles of the dominant dips in the f-k do-
main. The goal here is to transfer the dominant dips p1, p2, . . . , pL into
a 2D mask function with the size of the original data in the f-k domain.
Initiating H matrix with zeros, the expression

H(ωn,k = p j.ωn −b
p j +1

2
c) = 1, { n = 1,2, . . . ,Nω ,

j = 1,2, . . . ,L.
(2)

deploys values of 1 along the desired angles in the f-k domain. Con-
volving H with a 1D box car function, B(1,Lb), gives

W(ω,k) = H(ω,k)∗B, (3)

where Lb is the length of box function and ∗ represents convolution.
Expression 3 widens the mask function along the wavenumber axis.
This helps to take into account the uncertainties involved in the pre-
diction of dominant dips. The designed mask function can serve to
eliminate the unwanted artifacts (which fall under the zero values of
the mask function) and preserve the original signal.

Least-squares de-noising and interpolation using the mask func-
tion
The mask function, ∆(ω,k), is one for the signal portion of noisy data
and zero for elsewhere in the f-k domain. The mask function can be de-
ployed inside a least-squares fitting algorithm for optimal interpolation
or de-noising of the data. A stable and unique solution can be found
by minimizing the following cost function (Tikhonov and Goncharsky,
1987)

J = ||d−TFH WD||22 + µ
2||D||22 . (4)

where FH is the inverse Fourier transform and T is the sampling ma-
trix which maps the fully sampled desired seismic data to the available
samples. For de-noising problems, the sampling matrix is equal to the
identity matrix T = I. The minimum of the cost function J can be com-
puted using the method of conjugate gradients (Hestenes and Stiefel,
1952). For de-noising purposes one iteration of conjugate gradients
suffices. In the case of data interpolation one needs to allow more,
typically 8-10, iterations of conjugate gradients.

EXAMPLES

Synthetic de-noising example
In order to examine the performance of the IDDD method, a synthetic
seismic section with 3 linear events was created. Figures 2a and 2b
show the original synthetic data in the t-x and f-k domains, respec-
tively. The original data was contaminated with random noise, with
Signal to Noise Ratio (SNR) equal to one, to obtain the noisy data
in Figure 3a. Figure 3b shows the de-noised data using the IDDD
method. Figures 3c and 3d show the f-k panel of data in Figures 3a
and 3b, respectively. Figure 4 shows the plot of M(p) function com-
puted from Figure 3c for the dip range −8 ≤ p ≤ 8. One can clearly
detect that there are distinctive peaks in Figure 4 that indicate the dip
information of three linear events in the original data. Figure 5 shows
the mask function built using the three dominant dips in Figure 4. It
is clear that this mask function accurately matches with the f-k panel
of the original data in Figure 2b. Figure 6a shows the de-noised data
using Canales (1984) f-x de-noising method. Figure 6b shows the f-
k panel of Figure 6a. In contrast, the Canales f-x de-noising method
is separately applied to each frequency. Therefore, in the presence of
strong noise, it actually struggles to de-noise most of the frequencies.
This shortcoming of the Canales f-x de-noising method is effectively
overcome by using all frequencies to find the dominant dips in the data.
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Figure 2: Synthetic seismic section with three liear events a) Original
data. b) The f-k panel of (a).

Figure 3: a) Noisy data obtained from original data in Figure 2a
by adding random noise (SNR=1). b) De-noised data using IDDD
method. c) and d) are the f-k panel of (a) and (b), respectively.
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Figure 4: The distribution of energy for dip range −8 ≤ p ≤ 8, com-
puted from f-k domain of noisy data (Figure 3b).
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Figure 5: The f-k domain mask function obtained from the dominant
dips in Figure 4.
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Figure 6: a) De-noised data using Canales f-x method. b) The f-k panel
of (a).

Synthetic interpolation example
The IDDD method can be used, without any changes, to interpolate
seismic data. Figure 7a shows a section of seismic data after randomly
eliminating almost 75% of the traces. Figure 7c shows the f-k rep-
resentation of the section with missing traces. Figure 7b shows the
reconstructed data using the IDDD method. Figure 7d shows the f-k
representation of the reconstructed data in Figure 7b. Despite the high
percentage of missing traces, the dominant dips of the original data
have been successfully restored.
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Figure 7: a) Data with missing traces. b) Reconstructed data using
IDDD method. c) and d) are the f-k panel of (a) and (b), respectively.

The IDDD method can also be utilized to de-alias seismic data in the
spatial direction. Figure 8a shows the section of seismic data after
interleaving 4 zero traces between each pair of traces in Figure 3a.
Figure 8c shows the f-k panel of data in Figure 8a. It is clear that the
regular interleaving of zero traces has produced replicas of the original
spectrum of data. Figure 8b and 8d show the interpolated data using
the proposed method in this paper and its f-k panel, respectively. Note
that in this example we have searched for the dominant dips in the
range −1 ≤ p ≤ 1.

Real data de-noising example
A real shot gather (Figure 9a) contaminated with random and coher-
ent (ground-roll) noise was selected to examine the performance of
IDDD method. Figure 9b shows the de-noised section using the IDDD
method. The aim was to keep the reflections and remove the ground-
roll and random noise. The dip range was set to the interval −0.5 ≤
p ≤ 0.5. This dip range guarantees the exclusion of ground-roll which
resides in high dip ranges. Figure 9c shows the results of ordinary f-k
dip filtering in the range −0.5 ≤ p ≤ 0.5. It is clear that the IDDD
method has produced a cleaner section with less spurious events than
the ordinary f-k dip filtering method.
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Figure 8: a) Data with missing traces. This section is obtained by
adding 4 zero traces between each of traces in Figure 2a. c) Recon-
structed data using IDDD method. b) and d) are the f-k panel of (a)
and (c), respectively.
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Figure 9: a) A real shot gather with random and coherent noise
(ground-roll). b) De-noised data using IDDD method. c) De-noised
data using traditional f-k dip filtering.

DISCUSSION

One of the common assumptions for designing interpolation or de-
noising methods is the linearity of seismic events (events with constant
dips) in the t-x domain. This assumption is usually validated for non-
linear seismic events by analyzing the data in small spatial windows.
The presence of linear events in the t-x domain implies the concen-
tration of energy, at a limited number of wavenumbers, at each given
frequency in the f-k domain. This is the cornerstone for most of the
de-noising (Canales, 1984; Soubaras, 1994; Trickett, 2003) methods
which aim to eliminate the noise by preserving the limited number of
wavenumbers with highest energies at each frequency. The same prin-
ciple is applied for interpolation methods (Spitz, 1991; Porsani, 1999;
Gulunay, 2003; Naghizadeh and Sacchi, 2007, 2009) except that infor-
mation is extracted from low frequencies. All of the aforementioned
methods tend to ignore another important property of linear events.
In the f-k domain linear events start from the origin (zero frequency
and zero wavenumber) and spread according to their associated dips.
This property states that one can look for a sparse number of dips by
summing over all frequencies in order to bring more resolution to the
de-noising and interpolation methods. The IDDD method amply ex-
ploits this property by summing along angular rays associated with a
range of dips.

The IDDD method not only allows extraction of information from low
to high frequencies but also from high to low frequencies. This, of
course, is feasible if the stringent condition of dealing with linear
events is satisfied. Also, the IDDD method offers more flexiblity in
choosing the band of frequencies to estimate the dominant dips. There-
fore, By using any band of frequencies, one can estimate the location
of a desired signal on other frequencies.

The IDDD method uses a least-squares fitting algorithm to directly
match the dominant dips in the f-k domain to the data in the t-x domain.
This leads to an amplitude-preserved and artifact-free de-noised, or
interpolated, seismic section. The direct mapping between the t-x and
f-k domains avoids introducing noisy features which are akin to f-x
methods. However, the strict condition of the linear events makes the
IDDD method intolerant to any curved or dispersed events. Therefore,
it is safer to apply the IDDD method on very small spatial and time
windows.

CONCLUSIONS

In this article, a new f-k domain interpolation and de-noising method
was introduced. In the first step, the proposed method entails an an-
gular search in the f-k domain to determine the dips with dominant
energy. Next, the identified dominant dips were used to design a mask
function in the f-k domain. Finally, a least-squares fitting routine was
deployed to map the Fourier coefficients under the mask function to
the data in t-x domain. The proposed method is considered as a gen-
eralization of the f-x and f-k interpolation methods in order to fully
exploit the information from all frequencies rather the just using the
low frequencies. The proposed method shows effective performances
on synthetic and real data examples.
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