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Abstract. Seismic reflection data are used by geologists to identify the best site for oil and gas explorations. The
raw seismic image cannot be directly used for explorations because the noises may hinder the primary reflections
and result in misinterpretations. In the proposed research work, the denoising method with adaptive dictionary
learning is attempted to attenuate the coherent and random noises which affect the seismic reflections. In this
method, Karhunen Loeve Transform (KLT) is combined with K-means Singular Value Decomposition (KSVD) to
improve the Signal to Noise Ratio (SNR) of the seismic data. The combination of fixed transform using KLT and
learning-based dictionary using KSVD remove the redundant data while retaining the necessary data for further
interpretations. KLT is applied on the whole seismic image to decorrelate the coefficients and retain the primary
reflections. The horizontal events in the seismic image are preserved as they represent the eigen images with large
energy. The KSVD is applied to the KLT resultant data, which denoises the patch of data while simultaneously
updating the dictionary. The noise is eliminated using local sparsity of the image where mutually overlapping
small image blocks are learned to yield the self-adaptive redundant dictionary. It is then used to obtain the sparse
representation of the image blocks by eliminating noise. The algorithm is tested for both synthetic and field
seismic images, and the results indicate a better reduction of random and coherent noise with the acceptable execution time compared to other denoising algorithms used. The KLT combined with KSVD method
decorrelate the seismic data from noise by preserving the primary reflections and discarding the redundant noise.
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1. Introduction
Extraction of nonrenewable resources from the earth by
exploration and production companies involves several
stages. The reflection method is one of the most successful
seismic methods for identifying the reservoirs favorable to
the accumulation of oil and gas. The seismic data contains
information on seismic source, its signal propagation path
and presence of noise at the recording site. Since the waves
are propagating through the earth’s sub layers, there might
be the possibility for geometrically distorted data and the
subsequent noise generation which may corrupt the seismic
data. Many a times the primary reflections are not recognized due to the noise that could be coherent, random or
having multiple reflections. Seismic noise present in the
raw seismic data complicates the geophysical analysis and
may create fake discontinuities resulting in wrong interpretations due to low Signal to Noise Ratio (SNR).

*For correspondence

There are two types of seismic noises, one being
coherent and the other being incoherent. Coherent noise
may provide coherent energy and resembles the signal
leading to misinterpretations. The ground roll noise in land
seismic surveys and multiple reflections in marine seismic
surveys are the two main types of coherent noises that hide
the reflections of the seismic data. Ground roll noise is of
low frequency, low velocity, and high amplitude [1] and
may completely hide the primary reflections and reduce the
quality of the data. Multiple reflections are the seismic
events that have repeatedly occurred. The incoherent noise
is random on all traces [2] such as noise generated by nearsurface scatterers, wind, rain, humans, and machines. This
noise does not have any coherence with its adjacent traces,
and hence the attenuation of random noise is more comfortable compared to ground roll noise.
Hence the main objective of seismic data processing is to
improve the seismic resolution and SNR for better information about the geographical structure. This leads to the
need for novel denoising algorithm to attenuate the
unwanted reflection signals while preserving the primary
details in the seismic data.
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1.1 Related work
Various methods have been proposed on suppression of
ground roll noise, random noise, and multiple reflections to
ease the geophysical processing. Chakraborty and Okaya [3]
proposed a spectral decomposition technique called Short
Time Fourier Transform (STFT) to denoise the seismic data
which is of non-stationary. It utilized the high-resolution
property of time-frequency transform to distinguish between
primary features and random noise. The fixed window size
used in STFT showed less resolution in frequency. Deighan
and Watts [4] applied wavelet transform to suppress the
ground roll noise which provided useful time-frequency
analysis with variable window size. Cao and Chen [5]; Goudarzi and Ali Riahi [6] applied second-generation wavelet
transform to eliminate random noise from the seismic data.
The wavelet-based approach removed the noise contaminating the seismic data by preserving the characteristics of the
seismic data regardless of the frequency content which may
miss some directional details. Oliveira et al [7] attempted to
attenuate ground roll noise with curvelet transform where the
original seismic data is decomposed by curvelet transform in
scales and angular domains. The curvelet denoising efficiently
separated the ground roll noise in angle sections.
Decomposition based approaches decomposed the noisy
seismic data into different components, and then the principal
components were selected to represent the noise-free data.
Gómez Londoño et al [8] suppressed the ground roll noise
using KLT algorithm without affecting the primary reflections. The algorithm increased the coherence of seismic
events compared to conventional methods of suppression.
The authors concluded that KLT recovered the amplitude of
deep reflections providing the more approximated real geological structure. Montagne and Vasconcelos [9] attenuated
coherent noise with negligible distortions of reflection signals
using KLT. The minimum energy criterion was adopted to
select the noise affected region from the seismic data, and
then KLT was applied. Bekara and Van der Baan [10] analyzed the quickly varying seismic events with local Singular
Value Decomposition (SVD), which cannot be retrieved by
the global SVD efficiently. Li et al [11] tried to eliminate the
random noise partly using local SVD and surface waves using
wavelet transform. Errors are expected to increase if the
surface events are closer to each other. Leite et al [12] analyzed the suppression of seismic noise by combining the
advantage of wavelet transform with KLT. Porsani et al
[13, 14] applied SVD on the image, which preserved the
character and frequency content of the horizontal reflections.
Elad and Aharon [15] studied image denoising via sparse
and redundant representations over learned dictionaries. The
learning-based dictionaries were becoming more popular in
seismic data processing because of their better performance
in adaptive learning of the basis vectors for sparse representation of seismic data. The Dictionary Learning (DL)
methods train the bases using the raw data, and the trained
bases are used to represent the original data. In KSVD, the
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noise is eliminated using local sparsity of the image where
mutually overlapping small image blocks are learned to yield
the self-adaptive redundant dictionary. It is then used to
obtain the sparse representation of the image blocks by
eliminating noise. Kaplan et al [16] performed denoising in
the transform domain by a sparse representation of seismic
data with a data-driven sparse-coding algorithm to adaptively
learn basic functions. Jeričevic [17] analyzed the surface
multiple attenuations using eigenvalue decomposition, and a
flexible dictionary was proposed by Rubinstein et al [18] for
sparse representation of the seismic image. Based on a
variation sparse-representation model, Beckouche and Ma
[19] proposed a denoising approach by adaptively learning
dictionaries from noisy seismic data. Zhu et al [20] applied
the dictionary learning method to seismic denoising by
learning only a sparse matrix based on some prior knowledge
of the data instead of the entire dictionary. Chen et al [21] and
Chen et al [22] proposed a double sparsity dictionary by
combining the learning-based dictionary, and fixed basis
transforms. The DL methods were found to be denoising the
data effectively with better results than a fixed transform
because a priori information is utilized.
In this article, an enhanced denoising method is proposed
to show better performance in terms of noise reduction in
raw seismic data. This method involves the combination of
Karuhnen Loeve Transform (KLT) with K-SVD, to attenuate the noises and to preserve the desired characteristics of
the seismic images. Using this algorithm, one can find a
reversible transformation that removes the redundancy by
decorrelating the data from noise.

2. KLT based KSVD algorithm for seismic
denoising
The presence of coherent and random noises in seismic data
reduces the possibility of revealing the real sub-surface
structures from seismic imaging and they may hide useful
reflections. The effect of the noises is minimized using
KLT based KSVD Algorithm. The block diagram of the
proposed KLT based KSVD method is given in figure 1.
The input seismic data is applied with KLT where data is
analyzed, and the covariance matrix is obtained from the
dot products of all pairs of input data. The most significant
eigenvectors are inversely transformed to obtain an estimate of the seismic data. The reconstructed seismic data is
further processed using KSVD algorithm, an adaptive dictionary learning algorithm to retain the most significant
eigenvectors that result effective denoising of seismic data.

2.1 Application of KLT on seismic data
The KLT [23] is applied to the whole image, which
decorrelates the coefficients using a linear combination and
thus removes the redundant data increasing the SNR of
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Figure 1. Block diagram of the proposed KLT based KSVD algorithm to attenuate random and coherent noise.

seismic data. The method uses principal component
analysis and exhibits excellent performance in the ability of
signal reconstruction.
Consider the seismic data as a matrix z,
Equation (1) expresses KLT as,
Y ¼ Aðz  mz Þ

ð1Þ

where Y is the transformed image, mz is the mean of z and
A is the matrix whose rows are formed from the eigen

vectors of the covariance matrix Cx of the input seismic
data.
The covariance matrix is ordered so that the first row of
A is the eigen vector corresponding to the largest eigen
value, and the last row is the eigen vector corresponding to
the smallest eigen value. To reconstruct the original vector
x from its corresponding y, a covariance matrix Cy of the
transformed image is estimated from the input seismic data
as given by Equation (2), and eigenvalue decomposition is
performed.
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Cy ¼ ACx AT

ð2Þ

where AT ¼ A1 .
Finally, the eigenvalues are sorted in descending order,
and the smaller eigenvalues are eliminated to remove a
portion of the noise. The character and amplitude of the
horizontal events are preserved as they are represented by
the first eigen images which have large energy. Thus the
KLT analyses the data using linear combinations.

elements as well as the basic elements themselves.
Dictionary is an overcomplete basis that is composed of
basic elements called atoms. It is the form of K-Means
clustering that updates the atoms in the dictionary to better
fit the data by finding the sparse coding for it. The Dictionary is initialized randomly, and it has to sparsify the
representation of the given problem. Hence the dictionary is
updated using Orthogonal Matching Pursuit (OMP), which
provides the sparse representation for the seismic data.
• Sparse Coding:

2.2 Application of KSVD on KLT processed
seismic data
KSVD is applied on the KLT resultant seismic image,
consisting of N overlapping patches. The flow diagram of
the method is shown in figure 2.
KSVD is a dictionary learning algorithm [24] that uses
sparse coding representation via a singular value decomposition approach. The sparse representation of the input
seismic data is in the form of a linear combination of basic

The sparse codes are obtained for the entire data Y
concerning the basis dictionary D, as shown in figure 3 with
every column in D is the prototype atom or signal. The
vector X is generated randomly with few non zero values in
random positions and random values. The signals are
generated as a linear combination of few atoms from the
dictionary.
The seismic data is sparsely represented as given in
Equation (3),
Y ﬃ DX

ð3Þ

D 2 Rnk , where k [ n. k is the number of dictionary
vectors, n is the dimensionality of the sparse coding Y 2 Rn
is a data that can be represented as sparse linear combinations of columns of D and Y 2 Rk is a vector that contains the representation coefficients of Y.
OMP [25] is a greedy algorithm that selects one atom at a
time, and the atoms are selected, which has the highest
correlation with the signal. The flow diagram of OMP
method is given in figure 4. OMP updates the coefficients
of the selected atoms at each iteration such that the
resulting residual is orthogonal to the subspace spanned by
the selected atoms and the error is minimized in representation. The recalculation of residual is repeated until the
maximum count of vectors is reached. The method finds the
sparse codes for all possible signals. The significant
advantage of OMP in recovering and approximating the
signal is its simplicity and fast implementation.
• Dictionary learning of seismic data
The dictionary is adaptively learned by the following
steps.
• Replace the unused atom with a minimally represented
signal.
• Identify the signal that uses the non zero entries in the
rows of X
• Remove the atom from the dictionary
• Find the error Matrix of these signals.
• Minimize the error matrix with SVD.

Figure 2. Flow diagram of KSVD method.

Thus KLT based KSVD can train the denoising dictionary from the noisy seismic image. The methodology of
KLT based KSVD denoising is explained in the following
Algorithm.
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good replacement for the vector removed. This is replaced
with the vector that minimises the error left after using
other dictionary vectors for sparse coding. Thus the primary
features of the seismic data are retained while discarding
the redundant noisy data.

3. Results and discussions
3.1 Synthetic seismic data

Figure 3. Sparse representation of data with Dictionary.

To analyse the results obtained from KLT based KSVD
algorithm, a synthetic seismic data of flat events with 50
traces, and 401 time samples in each trace as in figure 5(a)
is generated with the prominent reflections at 50 ms, 150
ms and 300 ms using MATLAB tool (2009 version) with
the core-2 duo E7500 processor @ 2.93 GHz and 3 GB
RAM. The number of eigenvectors considered for KLT
based KSVD algorithm is ten, and the number of iterations
is taken as 20. The patch size is selected to be 8 9 8, so that
the local features are captured effectively, and the size of
the dictionary is 64 9 16942 pixels, which is calculated by
Equation (8).
Ds ¼ ð½n  n  ½ðNt  ðn  1ÞÞ  ðNs  ðn  1ÞÞÞ

ð8Þ

where, n corresponds to the patch size, Nt corresponds to
the number of traces and Ns corresponds to the number of
time samples.

Figure 4. Flow diagram of Orthogonal Matching Pursuit
method.

In every iteration, one of the basis vectors is removed
randomly and searched for the better option to replace it. If
the average of all errors is taken, the error will be in the
missing direction of the basis vector. All the error vectors
are collected into a matrix and the SVD is applied on that
matrix. SVD provides a set of orthogonal basis vectors
sorted in the order of decreasing ability to represent the
variance in the dataset. The column of U corresponding to
the largest eigen value of the covariance error matrix is a

3.1a Random noise attenuation: The seismic data is added
with the random noise of variance 0.01 as shown in figure 5(b). The added noise hinders the primary reflections
and makes the interpretation difficult. The KLT based
KSVD algorithm is applied to the noisy seismic data, and
the resultant output is compared with the previous techniques like KLT, Discrete Cosine Transform (DCT), and
Discrete Wavelet Transform (DWT). The algorithm is
checked for different values of eigen vectors and finalized
the value of eigen vectors to be 20 based on the SNR. For
20 iterations, the optimum SNR is achieved. It is evident
from figure 5(d) that most of the random noise is attenuated, and the redundant coefficients are suppressed compared to KLT, DCT, and DWT as shown in figures 5(c),
(e), and (f), respectively.
The denoising of the raw seismic data using the proposed
method is analysed with the random noise of variances 0.1
and 0.25 in figures 6 and 7. From figures 5, 6, and 7, it is
evident that the seismic signal dips are made more prominent using the proposed algorithm. Also, the results show
that the adaptive dictionary learning algorithm provides
better denoising even with the increased noise power.
3.1b Ground roll noise attenuation: The proposed method
is also attempted for the removal of ground roll noise from
the noisy seismic data, and it is given in figure 8(a). It is
seen from figure 8(c) that the ground roll noise is also
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Figure 5. (a) Synthetic seismic data. (b) Seismic Data with random noise of variance 0.01. (c) Denoised Seismic data using KLT.
(d) Denoised Seismic data using KLT based KSVD. (e) Denoised Seismic data using DCT. (f) Denoised Seismic data using DWT.
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Figure 6. (a) Seismic Data with random noise of variance 0.1. (b) Denoised Seismic data using KLT. (c) Denoised Seismic data using
KLT based KSVD.

Figure 7. (a) Seismic Data with random noise of variance 0.25. (b) Denoised Seismic data using KLT. (c) Denoised Seismic data using
KLT based KSVD.

filtered, and the primary reflections are effectively
recovered using the proposed algorithm compared to the
other algorithms, as given in figures 8(b), (d), and (e).

3.1c Multiple attenuation: A synthetic data with multiple
reflections are generated as in figure 9(a) to check the
effectiveness of the algorithm in the attenuation of
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Figure 8. (a) Seismic Data with coherent noise of variance 0.01. (b) Denoised Seismic data using KLT. (c) Denoised Seismic data
using KLT based KSVD. (d) Denoised Seismic data using DCT. (e) Denoised Seismic data using DWT.

multiples. Since the multiples travel more time through the
layers than the primaries, these can be attenuated by
applying Normal Move Out (NMO) on the Common MidPoint gather (CMP) before the application of the algorithm.
Figure 9(b) shows the output of the NMO corrected CMP
gather with the primary velocity. The proposed algorithm
utilizes the highest correlation of the primaries from trace
to trace in the gather, thus retaining only the required eigen
images and discarding the others. The synthetic data contains one multiple reflection and the primary velocity is
1500m/s, where the distance between the traces is 6.25 m
.The NMO correction is made with the primary velocity
and the proposed algorithm is applied on the resultant NMO
corrected CMP gather. Figure 6c clearly reveals that the

multiple noises are removed. Thus, the KLT based KSVD
algorithm provides a better ground roll noise, random noise
and multiple noise removal resulting in better seismic
interpretation.
3.1d Field Seismic data: Field Seismic data 1:
The field Seismic data 1 in figure 10(a) of size 2000 9 261
is obtained from UTAM seismic data library [26]. Field
seismic data 1 was recorded on the university of Utah
campus, where a hammer was used to strike the wall of the
underground steam-pipe tunnel. The shots of 1 to 6 and 20
to 25 have the interval of 4 m and the shots of 6 to 20 have
the dense intervals of 0.5 m. The interval of the receiver is
1m and the receiver line is located on the surface at a
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Figure 9. (a) Synthetic seismic data with multiple reflections. (b) NMO corrected CMP gather. (c) Denoised seismic data using KLT
based KSVD.

Figure 10. (a) Field seismic data1. (b) Denoised version of field Seismic data1.

Figure 11. (a) Field seismic data 2. (b) Denoised Field seismic data 2.
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Figure 12. (a) Comparison of KLT based KSVD with other transforms concerning MSE. (b) Comparison of KLT based KSVD with
other transforms concerning SNR.

distance of 35 m from the tunnel. The ground roll noise and
random noise are effectively attenuated, as mentioned in
the box in figure 10(b) which is the denoised output using
the proposed algorithm.

Field Seismic data 2:
The field seismic data 2 is acquired at North of Arizona
with 96 receivers at 1 m interval with 48 number of receiver
shots with the shot interval of 2 m. The number of samples
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Table 1. Execution times of seismic data for the patch size of 8 3 8.
Data

Size of the Seismic data (pixels)

Synthetic seismic data
Field seismic data1
Field seismic data2
Field seismic data3
Field seismic data4
Field seismic data5

401 9 50
2000 9 261
4000 9 96
4000 9 96
1751 9 92
2000 9 291

64
64
64
64
64
64

per trace in the seismic data are 4000. The data in
figure 11(a) is obtained from UTAM seismic data library with
96 numbers of receivers and 4000 number of samples/trace.
The size of the field seismic data 2 is 4000 9 96. The KLT
based KSVD denoised output is shown in figures 11(b).
The box mentioned in the figure 11(b) reveals that the
ground roll noise and random noise are effectively attenuated, but the faults are retained. The fault identification
helps to analyze further seismic interpretation processing.

3.2 Performance measures
The quality parameters like Mean square error (MSE) and
Signal to Noise Ratio (SNR) for the denoised seismic data
are analyzed to express the viability of the proposed
method.
3.2a Mean Square Error: Mean Square Error is the mean
of the squares of the difference between the raw seismic
data and the denoised data. It is the parameter which aids in
comparing the performance of the proposed method with
the earlier methods. Lower the parameter, higher the performance of the proposed method. It is given by Equation (9) as,
MSE ¼

1 Xm1 Xn1
½Y ði; jÞ; Z ði; jÞ2
i¼0
j¼0
mn

Size of the Dictionary (pixels)

ð9Þ

where m 9 n corresponds to the dimension of the seismic
dataset, Y ði; jÞ denotes the input Seismic data and Z ði; jÞ
denotes the denoised Seismic data.
3.2b Signal to Noise Ratio: Signal to Noise Ratio is the
measure of signal strength relative to the noise. It is the
quality parameter that helps to validate the proposed
method. It is given by Equation (10).
"
#
meanðZ Þ2
SNR ¼ 10 log
ð10Þ
MSE
where Z corresponds to the denoised seismic data and MSE
corresponds to Mean Square Error calculated using
Equation (9).
The quality measures calculated for KLT based KSVD is
compared with DCT, STFT, DWT, KSVD algorithms and
are shown in figure 12. Figure 12(a) reveals that the KLT

9
9
9
9
9
9

16942
506222
355377
355377
148240
566012

Execution time (seconds)
392.32
13324.80
1264.00
1264.00
1192.77
13525.00

based KSVD algorithm provides the minimum MSE
compared to other conventional algorithms. The algorithm
also provides a SNR of 22 dB as compared to 8 dB [27] and
17 dB [28] and thus the algorithm proves to be better than
the earlier denoising algorithms, as in figure 12(b). Performance analysis of the output obtained for various field
seismic data shows that the KLT based KSVD algorithm
performs well in the removal of ground noise, random
noise, and multiples. The SNR of the proposed algorithm
does not show improvement above the variance of 0.25 but
seems to be equally well compared to the traditional
algorithms. Table 1 shows the execution times of the proposed algorithm for various seismic data.
The execution times vary according to the size of data
and the size of chosen dictionary. For the data size of
401 9 50 pixels, the execution time of KSVD is less (350
seconds) than the proposed method, while the SNR is
reduced compared to KLT based KSVD. Hence, the algorithm is also comfortable in the practical analysis and
interpretation of data.

4. Conclusions
The paper demonstrated the novel denoising algorithm,
namely KLT with KSVD algorithm for the attenuation of
random noise and coherent noise affecting the seismic data.
The KLT based KSVD algorithm is found to be an effective
computation process for obtaining a better signal to noise
level during seismic data collection. The proposed algorithm has combined the fixed decomposition transform with
the adaptive dictionary learning algorithm and performed
seismic denoising by learning only a sparse matrix instead
of the entire dictionary. The method decorrelates the seismic data from noise by preserving the primary features of
the seismic data while discarding the redundant noisy data.
The noises are attenuated using local sparsity of the
image where mutually overlapping small image blocks are
learned to yield the self-adaptive redundant dictionary. The
dictionary is then used to obtain the sparse representation of
the image blocks by eliminating noise. The adaptive dictionary learning enables effective denoising of the raw
seismic data irrespective of its size. The nominal selection
of patch size enables the capture of local features, thus
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eliminating coherent noise commendably. The synthetic
seismic data is used to verify the algorithm in attenuating
both the coherent noise, random noise, and multiple
reflections.
The results revealed that the use of decomposition
approach preserved the primary features in the seismic data.
The application of the dictionary learning approach
(KSVD) combined with KLT, effectively attenuated the
noises. The algorithm is tested on synthetic seismic data
and validated using the quality measures namely Signal to
Noise Ratio and Mean Square Error. The algorithm provided a better SNR of 22 dB with minimum MSE compared
to the earlier approaches. The algorithm is also tested with
field seismic data where the analysis shows satisfactory
results in preserving the primary reflections. This algorithm is constructed for high-resolution calculations to
interpret the seismic data in shorter times comparatively.
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