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Abstract—Random noise attenuation in seismic data requires
employing leading-edge methods to attain reliable denoised data.
Efficient noise removal, effective signal preservation and recovery,
reasonable processing time with a minimum signal distortion and
seismic event deterioration are properties of a desired noise sup-
pression algorithm. There are various noise attenuation methods
available that more or less have these properties. We aim to obtain
more effective denoised seismic data by assuming 3-D seismic data
as a tensor in order three and increasing its dimension to 4-D seismic
data by employing continuous wavelet transform (CWT). First,
we map 3-D block seismic data to smaller blocks to estimate the
low-rank component. The CWT of the tensor is calculated along
the third dimension to extract the singular values and their related
left/right vectors in the wavelet domain. Afterward, the effective
low-rank component is extracted using optimized coefficients for
each singular value. Thresholding is applied in the wavelet domain
along the third dimension to calculate effective coefficients. Two
synthetic and field data examples are considered for performance
evaluation of the proposed method, and the results were compared
with the competitive random noise suppression methods, such as
the tensor optimum shrinkage singular value decomposition, the
iterative block tensor singular value thresholding, and the block
matching 4-D algorithms. Qualitative and quantitative comparison
of the proposed method with other methods indicates that the
proposed method efficiently eliminates random noise from seismic
data.

Index Terms—Continuous wavelet transform (CWT), low-rank
matrix, optimal shrinkage, singular value decomposition, seismic
random noise.

I. INTRODUCTION

RANDOM noise attenuation of acquired seismic data is
continuously under research to attain techniques with

higher efficiency. Besides difficulties in designing efficient fil-
ters, the nature of random noise in seismic data widely differs
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in source and characteristics, which require complex diffusion
filter design for efficient noise attenuation methods [1]. Charac-
teristics of seismic random noise have been thoroughly reviewed
in various studies [2]. These characteristics are statistical
parameters, geological environment that the seismic data were
acquired on and other parameters that depict the nature of
seismic noise [3]. Several studies stated that the seismic random
noise in different environments, such as desert, hilly, and grass-
land areas, exhibits diverse characteristics [4]–[6]. For instance,
the more geological complex media, the less linearity behavior
in the random noise. In addition, as the nature of seismic random
noise, they are generally considered as stationary series in short
length windows, which imposes application of adaptive and
amplitude preserving methods [7]. By revealing the importance
of signal preservation by filtering seismic data, conventional
noise removal techniques are known to be less effective and
impressive for complete preservation and/or recovery of the
seismic signal. Hence, diverse methods utilizing miscellaneous
concepts were introduced. Some techniques consider the random
noise attenuation as a model selection procedure employing the
elimination among a set of various models [8]. This group of
methods benefits from automatic threshold definition, but they
require making the best approximate model, resembling prop-
erties of noise [9]. It was disclosed that this procedure performs
effectively on seismic data contaminated by random noise in
minor to moderate levels. Still, it loses out in handling highly
contaminated seismic data [10]. Nevertheless, this problem was
resolved by implementing the wave-separation technique. Using
this technique entails acquiring seismic data in three compo-
nents, which is rather impressive but infeasible in common
reflection seismic acquisition practice [11]. Another impressive
method is the anisotropic nonlinear diffusion filter, which en-
hances seismic signal while preserving details of seismic events
and controls resolution. Notwithstanding, its performance dwin-
dles in dealing with seismic data acquired from subsurface com-
plex geological structure [12]. This obstacle was later partially
resolved by the introduction of low-rank estimation methods,
block matching 3-D and block matching 4-D (BM4D) methods,
iterative block tensor singular value thresholding (IBTSVT),
adaptive fission particle filtering, time-frequency peak filtering
(TFPF), hyperbolic trace-, amplitude preserving-, adaptive win-
dow length-, multiple directional-, and optimal spatiotemporal
TFPF methods [13]–[15]. Other recently introduced techniques,
such as smooth patch ordering-based nonlocal means, frac-
tal conservation law, and bidimensional EMD are still under
investigation for proper noise removal in seismic data [16]–[18].
Among these numerous noise suppression methods, BM4D and
IBTSVT methods found wide practical applications in seismic
random noise attenuation [19], [20]. It was also shown that
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the combination of the sparse decomposition and the low-rank
matrix could effectively be used in heavy noise-contaminated
data [21]. The low-rank estimation methods prerequisites the
Hankel matrix to be low-rank in the f − x domain. To achieve
this goal, the optimal shrinkage of singular values known as
the tensor optimum shrinkage singular value decomposition
(t-OSSVD) method was recently introduced [22]. The t-OSSVD
method optimally recovers the low-rank matrices from noisy
data and sufficiently suppresses random noise. The sparsity in
the t-OSSVD could be used to provide an appropriate balance
in essential characteristics of any desired filtering, the noise
removal, and feature preservation [23]. Therefore, we will in-
troduce a novel strategy to obtain the more effective denoised
seismic data. We divide 3-D seismic data into smaller blocks and
also improve its performance in random noise attenuation by
employing the concept of continuous wavelet transform (CWT)
through the extraction of singular values using the optimum
shrinkage technique in a new 4-D seismic data (X, Y, t, F) in
which X, Y, t, and F imply the X-line, in-line, time samples,
and frequency dimensions. The capabilities of the proposed
method then would be evaluated through the application on
synthetic and real field seismic data examples. The results will
be compared with the results of the t-OSSVD, IBTSVT, and
the BM4D methods. Qualitative and quantitative comparison
between results will demonstrate the capabilities of the proposed
method against other competitive techniques and worthwhile
improvement to the t-OSSVD method.

II. PROPOSED METHOD

Noise-free seismic data exhibit low-rank characteristic, which
is an ideal property both in the original and transformed domains
of data for ideal application of further signal analysis [24].
Two major categories of methods for random noise removal
are matrix rank reduction and low-rank and sparse components
decomposition. The proposed strategy here is based on the
latter category of noise suppression methods. In this article, we
decompose the 3-D seismic data into a concatenation of blocks
of the same size, then we extract low-rank component of each
block by minimizing the tubal rank of each block tensor by
optimal reweighting of the singular vectors of the measurement
matrix.

A. Tensor Singular Value Decomposition (t-SVD)

Considering the last developed and efficient RPCA, the seis-
mic data matrix when defined by χ ∈ Rn1×n2 and it has geo-
metric repetitive structures, it would be decomposed to sparse
component, S, and a low-rank component L which defines [25]

χ = L+ S. (1)

Through modeling this equation as a convex optimization
problem it reads

min
L,S
‖L‖∗ + λ‖S‖1,1,2 (2)

where the nuclear norm is defined by ‖L‖∗, the ‖S‖1,1,2, is
defined as

∑
i,j ‖S(i, j, :)‖F , and the parameter λ is calculated

by λ = 1/
√

max(n1, n2).
Considering the 3-D matrix of seismic data, it is problematic

to define a fixed definition for its rank number, however, through
dividing the 3-D seismic data into equal size blocks, the low-rank

component of each block could be defined by employing the
rank-based theory [26]. Through this definition, Lp and Sp are
low-rank component and sparse component of a 3-D seismic
data, χ ∈ Rn1×n2×n3 , respectively. The tensor robust principal
component uses the t-SVD method, which reads

χ = u ∗ s ∗ νT (3)

where u illustrates the orthogonal 3-D matrix of size
n1 × n1 × n3 and ν depicts also the orthogonal 3-D matrix but
with the n2 × n2 × n3. The parameter s is a f-diagonal 3-D
matrix with the same size of χ. Through concatenating the low-
rank components for the entire 3-D small blocks, the principal
components of the multiway data would be defined [27]. Based
on this methodology, we propose a novel sparse and low-rank
extraction method in the CWT domain.

B. Sparse and Low-Rank Component Extraction

The most efficient and distinguishable representation in trans-
formed domain commonly is obtained via sparse transform [28].
Therefore, the sparse transform-based random noise attenuation
methods are widely used in the literature of the seismic data
processing methods [29]–[32]. Hence, the proposed methodol-
ogy is based on the optimal weighting coefficients of wavelet
transform by squeezing normal vectors and singular values of
the wavelet transform. By considering the CWT of the signal
x(t) as [33]

Wx(a, b) =
1√
a

∫
x(t)Ψ∗

(
t− b

a

)
dt. (4)

The complex conjugate of the mother wavelet is defined by
Ψ∗ and the parameters a and b represent the scale parameter
and the time shift of the mother wavelet, respectively. Bandpass
filters that are oscillatory in the time domain are mother wavelet
functions of interest. As a result, for large values of a, the basis
function becomes a stretched version of the mother wavelet,
i.e., a contracted version of the mother wavelet, which is a
short-duration, high-frequency function, is used as the basis
function for minor values of a. The wavelet’s translation is
defined by parameter b, which allows for time localization. Ψ(t)
is a bandpass signal that should decay quickly enough to provide
enough time resolution. For the development of the CWT, the
Morlet wavelet is a suitable example of a mother function. It is
characterized by [34], [35]

Ψ(t) =
[
e−i2πf0t − e−2π

2f2
0σ

2
]

e−
t2

2σ2 (5)

where σ is the duration of this wavelet signal. Another example
of mother wavelet is the Ricker wavelet that it is defined as [36]

Ψ(t) =

(
1− 1

2
ω2
pt

2

)
.e(−

1
2ω

2
pt

2). (6)

If the most energetic frequency is ωp (in radians per second),
it has a zero mean and is symmetric in the time domain.

The CWT of the seismic signal x(t) would be obtained
through correlation of the seismic signal with various scaled
and translated forms of the mother wavelet [37]. By definition,
the SVD of the matrix Wx(a, b) is known as the UΣV H ,
where U and V depict the right and the left vectors and the
diagonal matrix of singular values of CWT is defined by Σ. In
the t-SVD method, some of the data singular values shrink to
zero, while the others remain unchanged [38]. By considering
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the condition of η : [0,∞)→ [0,∞), there would be a singular
value shrinkage estimator for a matrix with the size of m× n
for any specific choice of scalar values, which is defined by the
following equation, known as the shrinking operator

X̂η =

m∑
i=1

η(yi)νiṽ
′
i (7)

where yi, νi, and ṽ′i are singular values, the left vector, and
transpose of the right vector, respectively. By considering the
general definition of a seismic signal, which is sum of noise free
dataS and random noiseW asχ = S +W , the signal is defined
as

S =
r∑

i=1

θiuiû
′
i (8)

where the effective-rank noise free data are depicted by r and
θi represents the singular value. The denoising problem in the
proposed method is formulated as a weighted approximation
problem as

wopt := argmin
‖w‖�0=r

∥∥∥∥∥
r∑

i=1

θiuiû
′
i −

∑
i

wiviṽ
′
i

∥∥∥∥∥
F

. (9)

The wopt
i represents the thresholding and shrinkage operator

on the singular values of χ. It should be noted that the optimiza-
tion problem in (7) seems to be unobservable since it depends
on an unknown matrix desired to be estimated; however, the
optimal solution itself is computable. No structure was assumed
to find the optimal solution except the low-rank characteristic
in the signal matrix. However, it is known that the exploitable
structure is present in the noise portion of the eigen-spectrum,
i.e., the min(m,n)− r singular values of χ. The advantage of
the proposed algorithm over the optimization problem in (7)
is that the presented algorithm uses an estimate of the rank of
the signal matrix as input data and will return the (re)weighted
approximation, which efficiently mitigates the effect of rank
overestimation. When σ1 > σ2 > . . . > σn represents the order
of the singular values of observed data, and w ∈ Rl the squared
error of the presented procedure would be defined by

SE(w) = ||S −
l∑

i=1

wiνiν
H
i ||2F . (10)

Consider the denoising optimization problem

wopt := argmin
w=[w1,w2, ...wr ]

T∈Rr
+

SE(w). (11)

An efficient approximate solution to (9) was presented as [39]

ŵopt
i,r̂ = −2 D̂(σ̂i; Σ̂r̂)

D̂′(σ̂i; Σ̂r̂)
(12)

where σ̂i is the ith large singular value corresponding to
the order of the effective rank and Σ̂r̂ = diag(σ̂r+1, . . .σ̂q) ∈
R(n−r̂)×(m−r̂). It was supposed that the observed data have
q singular values. D̂(σ̂i; Σ̂r̂) defines the D-transform and the
derivative of the D-transform is defined by D̂′(σ̂i; Σ̂r̂).

Algorithm 1: Proposed Method for Denoising 3-D Seismic
Data.

Input: 3-D seismic data-plus-noise χ ∈ Rn1×n2×n3 ,
B=Block size, proper wavelet parameters, r = Estimate
of the effective rank of the low-rank signal matrix
L = X ∈ Rn1×n2×n3 = 0
Divide 3-D data to 3-D small blocks
For each block
For i = 1 to length (X-line)
For j = 1 to length (in-line) do
Convert to 4D ← CWT (B, [], 3)
Compute:
χ = u ∗ s ∗ νT
σ̂r̂ = diag(σ̂r+1, . . .σ̂q) ∈ R(n−r̂)×(m−r̂)

Estimate ŵopt
t,r̂ using (10)

Recover denoised section as S =
∑r

i=1 ŵ
opt
t,r̂ uiû

′
i

Apply inverse wavelet transform on S
Replace S in L as denoised 3D seismic data
End for
End for
End for
concatenation effective parts

C. Proposed Algorithm

Based on the abovementioned motivation, we decompose the
3-D seismic data into a concatenation of blocks of the same
size, then CWT is applied on the third dimensional and provides
a 4-D tensor. The low-rank component of each block is extracted
by minimizing the tubal rank of each block tensor by optimal
reweighting of the singular vectors of the measurement matrix.
Finally, the recovered 3-D seismic data are obtained by applying
the inverse CWT on the transformed dimensions of seismic data.
The proposed methodology is described as

III. EXAMPLES AND RESULTS

Two synthetic data and a field 3-D seismic data example were
considered to investigate the capabilities and deficiencies of the
proposed method. Results were compared with the competitive
t-OSSVD, BM4D, and IBTSVT methods. The performance of
the proposed method in suppressing random noise could be
evaluated using different qualitative and quantitative analyzing
tools. The average amplitude spectrum is the general qualitative
evaluation tool in random noise suppression. This evaluation
tool, however, requires predefinition of the noise-free signal.
The other evaluation tool is the signal-to-noise ratio (SNR),
SNR = 10 log(

psignal

pnoise
), where psignal and pnoise are the power of

the noise-free signal and the noise, respectively. Visual inspec-
tion of the residual section, which is the subtraction of the de-
noised signal from the original signal, could provide qualitative
information about the performance of the noise removal method
and possible distortion of the signal.

A. Synthetic 3-D Seismic Data

The synthetic data examples that were selected for investi-
gating the performance of the proposed method is illustrated in
Fig. 1(a). The modeled 3-D data cube contains a flat horizontal
event and a dipping event, both faulted by two vertical faults,
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Fig. 1. (a) Synthetic seismic data with faulted horizontal and dipping events
and (b) the data contaminated by random noise.

contaminated by random noise [see Fig. 1(b)]. The synthetic
seismic data contain 10 000 seismic traces distributed horizon-
tally with 170 time samples in the vertical direction. To simulate
the seismic signal, the source wavelet was a Ricker wavelet with
35 Hz dominant frequency and 2 ms sampling interval. The
seismic data shown in Fig. 1(b) are contaminated by −4 dB
white Gaussian noise. To fully consider the capabilities of the
proposed method, results were also compared by the t-OSSVD,
BM4D, and IBTSVT methods. In this article, the essential
parameters for comparison methods were selected so that to
have the best performance for each method. Since the synthetic
data contains two seismic events, thus the rank parameter for
low-rank component extraction was selected as 2. The Morlet
wavelet was selected for low-rank extraction, and the tensor
size was defined as 100× 100× 340. In the t-OSSVD method,
the value for the parameter aspect ratio was selected as 1. It
was shown in [22] that the t-OSSVD method exhibits the best
performance in random noise elimination when this parameter
is selected as 1. The tensor size for the t-OSSVD method was
selected as 100× 100× 340. The standard deviation in the
t-OSSVD and the proposed algorithms would be defined based
on the characteristics of seismic data. In the IBTSVT algorithm,
the seismic data will be initially divided into smaller blocks
and the algorithm would be applied separately on each block.
The size of each block was considered as 5× 5× 680. The
thresholding parameter in this data for the IBTSVT algorithm
was defined by τ = 680�√n1n2

. The process of denoising is
affected by modifying two parameters, namely block size and
thresholding parameter in this method. The block size should
not be very high, as this causes the low-rank component to
interact with the sparse section. The computational cost will
be raised if the block size is set too small due to the large
number of t-SVDs. It is difficult to figure out the thresholding
parameter τ . It can be chosen based on personal experience. The
parameters in the BM4D method were considered the same as
in the t-OSSVD algorithm. The only difference for the BM4D
method is the random noise’s nature, which was considered
the Gaussian noise. The number of iterations for all methods,
except for the BM4D, was considered as 14. Fig. 2(a)–Fig. 2(d)
shows the noise attenuation results of the proposed method,
t-OSSVD, IBTSVT, and BM4D, respectively. The IBTSVT
algorithm could not perform noise suppression as well as other
competitive methods. Visual inspection on the t-OSSVD and the
proposed method shows that both these methods are comparable
and better than the BM4D method. For better comparison of
capabilities of these methods, the residual cube, as the result of

Fig. 2. Noise attenuation from seismic data shown in Fig. 1 by the (a) proposed
method, (b) t-OSSVD, (c) IBTSVT, and (d) BM4D methods.

Fig. 3. The residual cube or the noise attenuated from seismic data shown in
Fig. 1 by the (a) proposed method, (b) t-OSSVD, (c) IBTSVT, and (d) BM4D
methods.

subtracting the noise suppressed cube from the original noisy
data, is illustrated in Fig. 3. As it could be seen, some of the
remaining seismic events are present in the residual cubes of
the IBTSVT and BM4D, which indicates the poor performance
of these two methods compared to the t-OSSVD and proposed
algorithms. Apparently, more random noise has been eliminated
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TABLE I
SNR OF THE DENOISED DATA FROM THE SELECTED NOISE SUPPRESSION

METHODS ON THE SYNTHETIC DATA SHOWN IN FIG. 1

Fig. 4. Investigation on robustness and performance of the proposed and other
competitive random noise suppression methods against different input SNR
values for the first synthetic data example. They all show linear behavior and
the proposed method give higher output SNR for all input SNR values.

Fig. 5. Average amplitude spectrum of noise-free data, noisy data, and de-
noised data obtained by the proposed method and other selected competitive
noise suppression methods for the first synthetic data example. The proposed
method and the t-OSSVD both give closer spectrum to that of noise-free data
rather than other noise attenuation algorithms.

by the proposed algorithm and the t-OSSVD method. However,
no distinct difference between the results of these two methods
could be defined by visual inspection. The SNR could provide
a better quantitative comparison between all these noise sup-
pression algorithms. The result of this comparison is presented
in Table I. While IBTSVT and BM4D exhibit low SNR, the
proposed method gives higher SNR compared to t-OSSVD.
Besides evaluating the amount of random noise eliminated by
each method, each noise suppression method’s performance and
robustness should also be tested against diverse SNR for the in-
put data. Fig. 4 shows the results of this experiment. All methods
exhibit linear behavior for different input SNR values and predict
output SNR. This evaluation reveals that the proposed method
gives a higher SNR for all various input values. The performance
of these methods could be investigated more by comparing the
average amplitude spectrum for denoised seismic data provided
by each method with the average amplitude spectrum of the
original noise-free data. Fig. 5 shows the results. The IBTSVT

Fig. 6. (a) Noise free synthetic data of the second data example and (b) same
data contaminated by −4 dB random noise.

Fig. 7. Noise attenuation from seismic data shown in Fig. 6 by the (a) proposed
method, (b) t-OSSVD, (c) IBTSVT, and (d) BM4D methods.

method could not recover the original amplitude of the seismic
signals, while the BM4D shows a higher amplitude for seismic
data at the two ends of the spectrum. Again, here the proposed
method and the t-OSSVD exhibit comparable performance.
Therefore, it can be concluded that the proposed method has
acceptable performance in noise suppression of seismic data.
A more complex model was used to simulate synthetic seismic
data to better evaluate the method’s capabilities. Fig. 6(a) shows
the data, which contains horizontal, dipping, and dome shape
seismic events. Fig. 6(a) shows noise-free data and Fig. 6(b)
shows the data contaminated by −4 dB random noise. The
parameters of the noise suppression methods are the same as
those used in the previous example. However, since the second
synthetic data example contains three seismic events, the low-
rank parameter order should be considered 3. The thresholding
parameter was defined by τ = 800�√n1n2

. Fig. 7(a)–Fig. 7(d)
shows noise attenuation results. The IBTSVT and the BM4D
could not provide high-quality results like the proposed method
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Fig. 8. Residual cube or the noise attenuated from seismic data shown in Fig. 6
by the (a) proposed method, (b) t-OSSVD, (c) IBTSVT, and (d) BM4D methods.

TABLE II
SNR OF THE DENOISED DATA FROM THE SELECTED NOISE SUPPRESSION

METHODS ON THE SYNTHETIC DATA SHOWN IN FIG. 6

and conventional t-OSSVD methods. More random noise is still
present in Fig. 7(c), which is the result of IBTSVT. The result
of the BM4D method also is not comparable with denoised
seismic cubes with the t-OSSVD and proposed method. Visual
inspection of results with the t-OSSVD and the proposed method
reveals that noise suppression provides more clear data. Fig. 8
illustrates the residual cube for each method after the denois-
ing procedure. While the IBTSVT removed some reflection
signals, the BM4D could not clear noisy data as much as the
proposed method and the t-OSSVD approach. Table II shows
a quantitative comparison of results with the SNR values. The
proposed method has provided higher SNR than all competitive
methods, which depicts its capability and better performance
in suppressing random noise. Performance of the selected de-
noising methods for the second synthetic data example, which
is more geometrically complicated, against various input SNR
is shown in Fig. 9. The IBTSVT method still exhibits poor
performance in all input SNR, but the BM4D method behaves
differently in dealing with low-input SNR and high-input SNR
values. The BM4D method gives the highest SNR for large
input SNR values, while for most of the input SNR values in
the selected range, the proposed approach still gives higher
SNR. The average amplitude spectrum of noise-free data and
noisy data are illustrated with the average amplitude spectrum
of denoised data in Fig. 10. The BM4D method does not exhibit a
similar curve for the average amplitude as the noise-free data for

Fig. 9. Investigation on the robustness and the performance of the proposed
and other competitive random noise suppression methods against different input
SNR values for the second synthetic data example shown in Fig. 6. They all show
somehow linear behavior and the proposed method gives higher output SNR for
all input SNR values.

Fig. 10. Average amplitude spectrum of noise-free data, noisy data, denoised
data by the proposed method and denoised data by other selected competitive
noise suppression methods for the second synthetic data example. The proposed
method and the t-OSSVD both give closer spectrum to noise-free data rather
than other noise attenuation algorithms.

most of the frequencies in the spectrum. The IBTSVT method
also fails to provide average amplitudes as the noise-free data
accurately. The proposed approach and the t-OSSVD method
exhibit similar curves for the average amplitude as the noise-free
seismic data. Although applying the proposed approach on two
synthetic data examples confirms its reliable performance on
suppressing random noise in seismic data, it needs to be applied
on seismic field data and its performance should be evaluated in
handling random noise attenuation.

B. Application on Field Data Example

The selected field data for this study is a portion of a large 3-D
marine seismic data with 231× 311 seismic traces distributed
in in-line–X-line plane. The sampling rate is 4 ms and 100
time samples were selected in the vertical time direction (see
Fig. 11). The data contain both horizontal and dipping reflectors
folded and faulted due to the upward movement of a salt dome.
However, the salt dome itself is not shown in the selected portion
of the cube. The data do not have a high quality and suffers from
a considerable level of random noise. From the geometrical
point of view, it could also be considered semicomplicated
data. The proposed approach was applied to data and the three
other selected competitive methods. The best performance of
the proposed method was obtained with the rank value of 70 and
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Fig. 11. Field 3-D seismic data from marine data acquisition.

Fig. 12. Residual cube or the noise attenuated from seismic data shown in
Fig. 1 by the (a) proposed method, (b) t-OSSVD, (c) IBTSVT, and (d) BM4D
methods.

the Morlet wavelet for CWT analysis. The size of the selected
tensor for the proposed method was 231× 311× 220. In the
t-OSSVD algorithm, the aspect ratio parameter was selected as 1,
the balancing sparsity parameter considered as 0.1, and the size
of the tensor was 231× 311× 220. The best performance for the
IBTSVT method was obtained with the thresholding parameter
defined by τ = 210√

n1×n2
and the block size was considered as

5× 5× 660. For the BM4D method, all the parameters were
selected the same as its previous application on synthetic data
examples. Fig. 12 shows a denoised seismic cube after applying
these methods. Initial inspection of the results shows a dramatic
change in data quality after applying the denoising procedure.
However, more visual inspection reveals that in some cases,
as in the BM4D result, this quality increases in data costs to
loss some parts of signal and deterioration in reflectors. The
t-OSSVD method removed some small amounts of the signal
and could not remove parasites from the seismic data, which
are obvious in all horizontal reflectors. The IBTSVT method
has preserved the seismic signal more than the BM4D and the
t-OSSVD methods, but it could not remove a sufficient amount
of random noise and does not provide higher quality in data
compared to other methods. Nevertheless, the proposed method
preserved the signals while removing sufficient random noise.
The result of the proposed method may suffer from parasites.
However, they did not deteriorate the geometry of the reflectors
in data. Fig. 13 shows the residual cube of the field data example
for all denoising methods applied on the original noisy data. As
it could be seen in Fig. 13, the BM4D and the t-OSSVD methods
have removed some parts of the signal, which are present in the

Fig. 13. Residual cube, which is the result of subtracting denoised data from
the original noisy data for the field seismic data example. Residual cubes of
(a) the proposed method, (b) the t-OSSVD noise suppression method, (c) the
IBTSVT noise removal method, and (d) the BM4D noise attenuation method.

Fig. 14. Average amplitude spectrum of noise-free data, noisy data, and
denoised data by the proposed method and denoised data by other selected
competitive noise suppression methods for the field seismic data example.

residual cubes. The IBTSVT method has not removed sufficient
noise compared to the proposed method. The residual cube of
the proposed method exhibits more suppressed random noise
compared to other residual cubes by other methods, which
depicts its better performance in the denoising procedure. A
comparison of the average amplitude spectrum of denoised data
by four methods with that of the original seismic data is shown in
Fig. 14. The BM4D and the IBTSVT methods could not provide
an average amplitude spectrum close to the original seismic data
as the t-OSSVD and the proposed methods. Nevertheless, the
average amplitude curves of the t-OSSVD and the proposed
methods coincide for some frequency ranges, but in most fre-
quency bands, the proposed method provides a better result,
except in higher frequency values, which is not in the range
for the desired signal. Since no noise-free data are available
for the field data example, thus results could not be compared
by means of the SNR criterion. We chose a 2-D section in the
in-line direction of number 5 to investigate the robustness of
the selected approaches with respect to variations in the shape
of seismic signals, which is illustrated in Fig. 15. Results of
denoising methods are also provided in Fig. 16 for this specific
area to showcase performance of denoising methods. As can be
observed, the T-OSSVD approach leaves a significant amount
of random noise in the data. The amplitudes of the reflectors
are likewise suppressed by the BM4D and IBSTVT approaches,
and it appears that the signal is partially erased by this method.
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Fig. 15. Vertical slice derived from real 3-D seismic data along the in-line
direction number 5 from Fig. 11.

Fig. 16. Denoising of a vertical section using (a) the proposed, (b) the
T-OSSVD, (c) the BM4D, and (d) the IBSTVT methods on 3-D real seismic
data (see Fig. 11) along in-line direction number 5.

As a result, the proposed technique can better attenuate random
noise while preserving the data signal.

IV. CONCLUSION

Application of the proposed method introduced here depicted
that this method could efficiently suppress random noise while
keeping the data’s signal content more effectively compared
to the other competitive methods. The algorithm of the pro-
posed method is straightforward in application and benefits from
automatic optimization in coefficients and parameters, which
will dramatically reduce the computation time. The proposed
method is not complicated in implementation and application
and thus could be applied easily on 3-D seismic data. The
SNR in denoised data obtained by the proposed method in two
synthetic data examples was higher than other methods. Besides
comparing residual data and average amplitude spectrum, the
visual inspection revealed a more effective noise elimination of
the proposed method. Investigation on residual data in the real
field seismic data example depicted that the proposed method
will not deteriorate the shape of the seismic signal. In contrast,
other methods, somehow, have changed the shape of the seismic
signal, and thus will result in false geological interpretation.
The BM4D and the IBTSVT methods changed the shape of
seismic events and thus will not provide reliable denoised data.
The t-OSSVD method, although it does not suffer from this
problem, but will not preserve signals as much as the proposed
method. So, the proposed method could be known as a cost and
time-effective random noise attenuation algorithm, specifically

for large 3-D seismic data, contaminated by high level of random
noise and acquired from complex subsurface media.
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