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to sparsity-optimized harmonic noise separation
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ABSTRACT

Coherent noise separation stands as a crucial step in seis-
mic data processing. The morphological component analysis
(MCA)-based separation method, which treats coherent noise
and signal as distinct components and represents them
sparsely with dictionaries, has been widely adopted for noise
suppression. Typically, constructing effective fixed diction-
aries for MCA-based methods involves necessary expert
knowledge to meticulously select appropriate transform
basis functions from an extensive dictionary library and
fine-tune their parameters. To reduce time consumption and
ensure optimal dictionary construction, we introduce an adap-
tive framework for identifying optimal dictionaries used in
MCA-based coherent noise separation. Initially, we define
a fixed dictionary library comprising dictionaries constructed
using various transform basis functions with their correspond-
ing parameters. Subsequently, we formulate a relative sparsity
minimization problem (RSMP) to identify the optimal fixed
dictionaries that minimize relative sparsity within this prede-
fined library. Finally, we design a genetic algorithm to solve
RSMP. The identified dictionaries are then applied to MCA-
based coherent noise separation. Synthetic and field data
examples demonstrate the effectiveness of our method.

INTRODUCTION

Coherent noise in seismic data obscures signal, leading to a sub-
stantial reduction in the signal-to-noise ratio (S/N) and presenting
considerable challenges for seismic inversion and imaging. There-
fore, effective separation of coherent noise is a crucial step in
seismic data processing.

Sparse representation methods, which assume that seismic data can
be sparsely represented in appropriate transform domains, have been
widely used for coherent noise separation. These methods are gener-
ally divided into two groups. The first group focuses on determining
the sparse representation of either signal or coherent noise in a seismic
data set using a single dictionary, with the other component being
derived through subtraction. In this group, fixed dictionaries con-
structed using transform basis functions with their corresponding
parameters (Richter et al., 2022) are widely used. Examples are
the Radon transform (Trad et al., 2003; Fan et al., 2015), the Fourier
transform (Yilmaz, 1987; Mostafa, 2012; Felix and Sacchi, 2021), the
wavelet transform (Deighan and Watts, 1997; Yu and Garossino,
2005; Almeida et al., 2015), and the chirplet transform (Gregoire
et al., 2009; Bomann and Ma, 2015; Laurent et al., 2015). Recog-
nizing that coherent noise exhibits distinct morphological features
compared with signal, the second group uses morphological compo-
nent analysis (MCA) (Starck et al., 2004). This approach uses multi-
ple dictionaries to sparsely represent signal and coherent noise
separately, effectively leveraging their unique morphological features.

Assuming that each seismic datum is a linear combination of sig-
nal and coherent noise, the effectiveness of MCA-based separation
relies on the fidelity of the dictionaries used. Each dictionary is tail-
ored to represent one specific component of the data sparsely. Fol-
lowing this principle, various fixed dictionaries, constructed using
distinct transform basis functions, have been introduced. For in-
stance, Wang et al. (2010) use the local discrete cosine transform
(LDCT) and the stationary symlet wavelet transform (SWT) to re-
present ground roll and reflections separately. Xu et al. (2013) use
the stationary Coiflet wavelet transform for reflection representation
and the discrete cosine transform (DCT) for monochromatic noise
representation. Chen et al. (2017) use two tunable Q-factor wavelet
transforms (TQWTs) with low and high Q-values to represent ground
roll and body waves, respectively. Chen et al. (2018) use the continu-
ous wavelet transform (CWT) and the DCT for the sparse represen-
tation of signal and DAS coupling noise, respectively. Liu et al.
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(2022a) use the chirplet transform for harmonic noise representation
and the CWT for reflection representation. In the 7-p domain, Liu
et al. (2022b) apply a 2D stationary SWT to represent multiple re-
flection refractions and a shearlet transform to represent reflections.
Hu et al. (2024) use the TQWT to represent signal while representing
wind turbine noise by the DCT. Learned dictionaries have also been
used in MCA-based coherent noise separation. Liu et al. (2021) use
K-singular value decomposition to construct dictionaries for signal
and footprint, respectively. A notable distinction exists between fixed
and learned dictionaries. Atoms in a fixed dictionary, computed using
a specific transform basis function and parameters, remain unchanged
when applied to data. In contrast, atoms in a learned dictionary are
dynamically adapted to better fit the data and are continually updated
during the learning process. Although a learned dictionary offers
adaptability in representing various components, a fixed dictionary
provides a straightforward and rapid separation solution, as it elim-
inates the need to calculate and update atoms individually.

Currently, in MCA-based coherent noise separation, the tradi-
tional approach to constructing fixed dictionaries begins with the
selection of appropriate transform basis functions from an extensive
library, usually based on observations or feature analysis of the
components to be separated. This is followed by necessary expert
knowledge to fine-tune the parameters of the chosen basis functions
until the dictionaries reach the desired level of effectiveness. How-
ever, this process is time consuming and does not ensure the optimal
construction of dictionaries. To streamline the construction of fixed
dictionaries and guarantee their optimality, we introduce a frame-
work for the adaptive identification of optimal dictionaries used in
MCA-based coherent noise separation.

According to MCA theory, relative sparsity can serve as a metric
for assessing a dictionary’s efficacy, where a highly effective dic-
tionary yields a very small relative sparsity value (Starck et al.,
2004). Therefore, in the proposed identification framework, we
present a relative sparsity function as the metric to evaluate a fixed
dictionary’s efficacy in representing signal or coherent noise. Based
on this metric, we formalize the task of identifying the optimal fixed
dictionary for representing signal or coherent noise as a relative
sparsity minimization problem (RSMP) constrained within a de-
fined solution space. We propose the concept of a fixed dictionary
library and use it as the solution space for the RSMP. The fixed
dictionary library is defined as a collection of distinct dictionaries
with each constructed using different transform basis functions and
parameters. Dictionaries that share the same transform basis func-
tion but differ in parameters form subsets within the library. Each
subset is distinguished by its unique basis function. A genetic algo-
rithm (GA) (Eldos, 2008; Auger and Hansen, 2016) is used to solve
the RSMP within each subset, allowing for the identification of the
optimal dictionary for that subset. Subsequently, we compare the
relative sparsity values of these subset-specific optimal dictionaries.
The dictionary that achieves the lowest relative sparsity value,
whether for representing either signal or coherent noise, is then
applied to the MCA-based coherent noise separation.

To evaluate the proposed framework, we apply it to the MCA-
based harmonic noise separation problem. Harmonic noise, com-
monly encountered in seismic data sets acquired by vibroseis sys-
tems (Lebedev and Beresnev, 2004), typically features linear
frequency modulation across a broad range and has higher energy
than the signal from deep layers (Butler and Russell, 2003). These
features enable harmonic noise to severely obscure the signal, pos-
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ing significant challenges for subsequent seismic data processing.
Therefore, harmonic noise separation is necessary.

Various filtering methods have been proposed to separate harmonic
noise. Li et al. (1995) propose phase-shift filtering, which requires
estimating the frequencies of harmonic noise in each data set.
Meunier and Bianchi (2002) introduce a harmonic reduction method
that does not require frequency estimation, though it demands large
amounts of uncorrelated data. Sicking et al. (2009) use a strategy to
predict and subtract harmonic noise based on the ground force signal.
In the absence of the ground force signal, Wang et al. (2012) develop a
trace-by-trace filter to remove cross-harmonic noise in slip-sweep vi-
broseis data. This method, however, adds computational burden due
to the need to estimate a weighted phase-shift operator between traces
from successive shots. Karsh and Dondurur (2018) use iterative mean
filtering, which risks losing wavefield details (Gonzalez and Woods,
2018). Denisov et al. (2021) propose an optimal recursive filtering
method that requires optimization during each recursion. In contrast,
the MCA-based harmonic noise separation does not require frequency
estimation or parameter optimization during the separation process.
Nevertheless, it requires the preconstruction of two well-suited dic-
tionaries to represent the signal and harmonic noise, respectively.

Therefore, we apply our proposed framework to identify effective
fixed dictionaries for MCA-based harmonic noise separation adap-
tively. In the proposed framework, we establish a fixed dictionary
library comprising TQWTs, asymmetric Gaussian chirplet transforms
(AGCTs), and LDCTs. These dictionary types have been commonly
used in seismic noise separation and are all likely to be effective
in representing signal and harmonic noise. The TQWT, with a
low Q-value, is suitable for sparsely representing low-oscillation
body waves, whereas a high Q-value TQWT aptly captures high-os-
cillation surface waves, a type of coherent noise (Selesnick, 2011;
Chen et al., 2017; Hu et al., 2024). The AGCT effectively represents
seismic waves across various time-frequency distributions (BoSmann
and Ma, 2015, 2016). In addition, the LDCT has been used to re-
present surface waves and wind turbine noise — a form of coherent
noise containing bode waves (Wang et al., 2010; Chen et al., 2018;
Hu et al., 2024). The LDCT offers a representation of the wavefield
based on its stationarity. Considering that the signal in this study
mainly consists of body waves and harmonic noise represents coher-
ent noise, we use the TQWT, the AGCT, and the LDCT as initial
dictionary types. Using synthetic and field data examples, we dem-
onstrate the adaptability of the proposed framework in identifying
optimal fixed dictionaries for signal or harmonic noise within the
given library. A comparison with the high-energy noise attenuation
method (Yu and Garossino, 2005) highlights the superior perfor-
mance of the MCA using identified fixed dictionaries in effectively
separating harmonic noise and preserving signal integrity.

First, we describe the fundamental theory of MCA-based coher-
ent noise separation. This is followed by an outline of the adaptive
dictionary identification framework. Next, we present examples of
harmonic noise separation using synthetic and field data. Finally,
the paper discusses the results and concludes with final remarks.

MCA-BASED COHERENT NOISE SEPARATION

The problem of coherent noise separation is resolved in a sepa-
ration framework where each seismic datum s is modeled as a linear
superposition of the signal s, and the coherent noise s, that is,

S =8, +S,. (1)
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Adaptive framework for noise separation

The task involves separation of s,-type signal and s,,-type coher-
ent noise from s. The MCA (Starck et al., 2004) addresses this by
leveraging the distinct morphological features of signal and coher-
ent noise. It recovers signal and coherent noise by their sparse rep-
resentations. Let D; and D, be the dictionary for signal and coherent
noise, respectively, and X, p and x,, p, denote the representation co-
efficients of s; and s, with respect to D, and D, respectively. The
relationship between the dimensions of a dictionary and its corre-
sponding representation coefficients depends on the dictionary type
used. The coherent noise separation problem can then be formulated
as an MCA-based separation problem, expressed as

{xp,-X,p,} =arg_min A[[x.p[|; +[[Xup, )

5.0 Xn.Dy,

1
+ 5 ||S - DSXS,DS - ann,D,, ‘ |%’ (2)

where x{ , and x; p, -are the optimal sparse representation coefficients
of s and Sps respectively, with respect to D, and D,,. In addition, 4 is a
Lagrange multiplier. Here, §, = Dx{p and S, = D,x; p represent
the recovered signal and coherent noise, respectively. Equation 2 can
be solved by the block coordinate relaxation algorithm (Bruce et al.,
2006). The quality of the recovered signal and coherent noise depends
on the effectiveness of preconstructed dictionaries D, and D,,.

According to MCA theory, each effective dictionary is designed
to sparsely represent a specific component type while being ineffi-
cient at sparsely representing others. Thus, the relative sparsity is a
possible measure of a dictionary’s efficacy (Starck et al., 2004). For
a dictionary D, representing signal, a relative sparsity value L, p,
can be calculated by

Ikl
e 1%5p,|

3

’
1

where X7, and X, p, are the optimal sparse representation coeffi-
cients of s, and s,, respectively, with respect to D,. The smallest
L;yp, is achieved when D, most effectively represents the signal,
necessitating the minimization of |x{p ||, while maximizing
[I;,p, Il;- A similar metric can be formulated to assess the efficacy
of D,, the dictionary representing coherent noise.

The fixed dictionary, comprising a series of atoms derived from a
transform basis function and specific parameters, provides a quick
and straightforward MCA-based separation. There is a wide variety
of available transform basis functions, and their parameters span a
broad range, presenting a challenge in identifying the optimal com-
bination for fixed dictionaries. The traditional fixed dictionary con-
struction approach involves necessary expert knowledge to conduct
many experiments. This way can be time consuming and does not
guarantee the creation of optimal dictionaries. To address these lim-
itations, we propose a framework aimed at adaptively constructing
optimal dictionaries for representing signal and coherent noise.
The MCA-based separation method is applicable to 1D, 2D, and
higher-dimensional data. In this paper, to concisely demonstrate
the proposed method, we use a seismic trace with a dimension of
N as s in equation 1. In this case, the dimensions of Dy, D,,
X{p,. and X, , depend on preconstructed dictionary types. For a
specific example, if Dy is an N X M matrix, X{p, has a dimension
of M. The proposed framework and its implementation are further
outlined in the subsequent section.

V163

ADAPTIVE DICTIONARY IDENTIFICATION
FRAMEWORK

To identify the optimal fixed dictionaries representing signal s;
and coherent noise s, in equation 2, respectively, we establish a
fixed dictionary library. In this library, dictionaries are constructed
using a variety of transform basis functions and their respective
parameters. By using this predefined fixed dictionary library as
the solution space and using a relative sparsity function as the ob-
jective, we define the task of identifying the optimal fixed dictionary
as an RSMP constrained within the solution space.

To address this constrained RSMP, we propose a strategy that
first partitions the library into subsets. Each subset comprises dic-
tionaries that share a transform basis function but differ in param-
eters. We then design a GA to solve the RSMP within each subset,
thereby determining the optimal dictionary specific to that subset.
Among these subset-specific optimal dictionaries, we select the
one that achieves the lowest relative sparsity to represent either
the signal or the coherent noise.

In summary, the proposed framework for adaptive fixed diction-
ary identification comprises three main parts: a fixed dictionary
library, the RSMP, and GA designed to solve the RSMP. Each
of these parts is elaborated in the subsequent three sections.

Fixed dictionary library

Let Q be a fixed dictionary library constructed with K different
transform basis functions g, g», ..., gg. Taking the transform basis
function g; as an example, let ®; be the index consisting of specific
parameter values of g;. The combination of varied parameter values

generates multiple parameter indices mgl), mﬁz), ..., which are essen-

tial for constructing diverse dictionaries D, (m(ll)), D, ((0(12)), e
Thus, g; and its optional parameters can be expressed as a set of
dictionaries {D, (®;):®; € {mﬁ”,mﬁ”, ...}1}eq.

The same expressions can be written for any other transform
basis functions and their respective parameter indices. Let ®;,i €
{1,2, ..., K} be the index consisting of specific parameter values
of the ith basis function g; € {9, 9, - ... 9k} Accordingly, the
fixed dictionary library Q can be expressed as a set comprising
K fixed dictionary subsets:

Q={D,(0):0 {0 o .. 1K, 4)

Each subset can independently be used for identifying a subset-
specific optimal dictionary, and these subset-specific optimal dic-
tionaries are then compared to determine the optimal dictionary
in Q. Notably, the transform basis functions and parameters used
to build the library should be comprehensively sufficient to ensure
that the library contains effective dictionaries for representing signal
and coherent noise.

Relative sparsity minimization problem

In this section, we propose a search strategy aimed at identifying
the optimal dictionary among €2 (equation 4). We use the pursuit of
the optimal dictionary for signal representation as an illustrative ex-
ample, with similar progress applicable to the pursuit of the optimal
fixed dictionary for representing coherent noise.

The first step is to find the subset-specific optimal dictionary in
Q. Taking the ith subset {D, (®;):®; € {mgl), 0)52), ...}l EeQas
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an example, D, (®;) is the fixed dictionary constructed using a
transform basis function g; and an index ®;. Identifying the sub-
set-specific optimal dictionary D, (w;) consists of finding the
optimal parameter index of the ith subset ®;

Following the idea of using the relative sparsity as a metric for a
dictionary’s efficacy (Starck et al., 2004), a relative sparsity func-
tion Lyp, (®;) is used to evaluate the quality of any index ®; for

signal representation and is applied on

x;p, (@)l
Ls,D ((Ol) =

=, 5
) =T @il ©
where X, (®;) and x;, D, (®;) are the optimal sparse representation
coefﬁ01ents of signal and Coherent noise, respectively, with respect to
the fixed dictionary D, (®;). The smaller the value of L;p, (@), the
more effective D, (®;) is in representing the signal. Based on this
metric (equation 5), the optimal parameter index ®; can be expressed
as the solution to the following constrained RSMP with

o} (6)

o; =argminL,p _(®;), subject to; e{u) (o(

®;

After obtaining K optimal parameter indices {®} }X | by solving the
RSMPs constrained within K subsets of €2, we have subset-specific
optimal dictionaries {D, (®})}X ;. The second step is to select the
signal-representation dictionary D* € {D, (®})}X | by the following
condition:

D*:L,p = min{L,p, (0})}5,. @)

As shown in equation 7, the key to identifying D* is to solve each
RSMP. Take the RSMP presented in equation 6 as an example. It can
be viewed as a parameter optimization problem. The grid search
algorithm (Sundhararajan et al., 1998) and GA (Goldberg, 1989)

/ Input data / /Given dictionary library Q/
l (1) IR
s

{{Dg‘(ml):ml €{m; ,u)

D, (mw):m,e{m‘” RS
1

(1)
o)

5

A signal-predominated trace
A coherent noise-predominated trace

., (@) 0 € {0

| |
[ !

Designed GA Designed GA
for constructing signal dictionary for constructing noise dictionary

v v

Optimal dictionaries in subsets Optimal dictionaries in subsets
representing signal representing coherent noise

The overall optimal dictionary The overall optimal dictionary

D:L . :min{LLng(cof)},E“_2 X} D:L . :miﬂ{L,,_n,'((Dj)},Eu,:, K}
[ T [
| MCA-based coherent noise separation |
Figure 1. Main flow of the adaptive dictionary identification

framework.
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are two main techniques used to solve geophysical parameter opti-
mization problems, such as residual statics corrections and inversion
(Nikravesh et al., 2003; Pierini et al., 2019). Let G, P, and F be the
total iteration number, parameter index number per iteration, and rel-
ative sparsity evaluation complexity, respectively. The time complex-
ity of the GA is expressed as O(PGF). Let Pn and V be the total
number of parameters and discretized values per parameter range,
respectively. The time complexity of traditional grid search algorithm
is expressed as O(V*"). Solving RSMP involves multiple types of
dictionaries with various parameters and extensive parameter spaces.
In this case, O(PGF) is lower than O(V?™"). Therefore, we design a
GA to solve RSMP. Based on a fixed dictionary library, the con-
strained RSMP and the designed GA, the main flow of the proposed
identification framework is summarized in Figure 1. The GA de-
signed to identify the fixed dictionary-representing signal is
depicted in the next section.

GA designed for RSMP solution

As shown in Figure 1, the GA for the RSMP solution requires a
fixed dictionary library, a trace with signal predominated and a trace
with coherent noise predominated, which are used to compute the
relative sparsity. When identifying the dictionary-representing
signal, the relative sparsity function L, p (+) is as shown in equa-
tion 5, asqumlng that the given hbrary is Q= {D, (0,):®; €
{u)( ) .}}K |, where @, consists of two parameters Q
and r. In thls case, the pseudocode of the GA used to solve the
RSMP within {D, (®,):®; € {ml b ")(1 ), ... }}1is shown in Algo-
rithm 1. There are four main steps in Algorithm 1: (1) initialization
(line 1): the designed GA starts with a population of randomly gen-
erated parameter indices; (2) selection (line 4): selecting some

[ORPNE)

Algorithm 1. GA used to solve the RSMP within {D, (@;):
0, €lw;’, 0,7, ...}}).

Input: Max iteration number G, transform basis function g;, total
parameter index number per iteration P, recombination rate o,
mutation rate o,, and iteration number ¢

Output: Optimal parameter index ®7.

1: nitialize parameter indices {®\’ """, @™ ... &=}
2: for q in range (G)
3:  calculate relative sparsity values
1 P
{Lyp, (@), ... Lyp, (@)}
4: for @’ (‘” in {0'"), .. e\t
5: if rand() < oy
6: ®\%") = recombination ({0\*", ..., @*""}, @'|?")
7: if rand() < o,
8: (o’(lq”) = mutation (m/(lq”))
9:  calculate relative sparsity values
.1 0P
{Lyp, (@), ... Lyp, (@)}
10: for @' in {@"\*", ...,(o’(lq’”lp)}
1 if 3o\ efoi. o} L (@)
> Ls.Dyl (m/(lq,l))
12: o) = reinsertion(®’\"" @!*")
13: g«<q+1
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parameter indices with larger relative sparsity values from the
indices generated in the previous iteration; (3) recombination
and mutation (lines 4-8): updating parameters in selected indices;
and (4) reinsertion (lines 10-12): replace the original indices with
better indices. In addition, after calculating the relative sparsity val-
ues, we reorder the corresponding indices in descending order ac-
cording to these values. We repeat the preceding steps until the GA
reaches the maximum number of iterations. Figure 2 shows specific
processes of recombination, mutation, and reinsertion in Algo-
rithm 1. Specifically, parameters in each index are generated sep-
arately, each of which is randomly sampled from its range. The
same expression can be written for the GA used to solve RSMPs
within other dictionary sets when identifying the dictionary repre-
senting signal or coherent noise.

In the next section, we present the evolution of minimum relative
sparsity values when solving the RSMP using the designed GA,
which shows the performance of the designed GA.

NUMERICAL EXPERIMENTS

To demonstrate the effectiveness of the proposed adaptive dic-
tionary identification framework, we apply it to the MCA-based
separation of harmonic noise. In this part, the high-energy noise
attenuation method with the Coiflet wavelet (Yu and Garossino,
2005) is used as the conventional method for comparison.

Following the main flow of the proposed dictionary identification
framework (Figure 1), we initially define a fixed dictionary library
comprising TQWTs, AGCTs, and LDCTs, which are shown in Ap-
pendix A, B, and C, respectively. Table 1 shows the parameter space
of the defined library for each data example. Based on Table 1, we
express the TQWT constructed by a parameter index (Q, r) as TQWT
(Q, r). Here, Q is a Q-value, and r is a redundancy factor. Similarly,
AGCT and LDCT are expressed as AGCT (a, f, f,7,6) and LDCT
(1, 1,), respectively. The parameters a, f3, f, 7, 0, 1,,, and 1, are the
bandwidth factor, the asymmetry factor, the central frequency, the
chirp rate, the phase, the blocking length, and the overlapping length,
respectively. In addition, in the GA, the maximum iteration number
(stopping criteria) and the parameter index number per iteration are set
to 150 and 100, respectively. Our computer processor is an Intel(R)
Core(TM) i5-8500 CPU with 3.00 GHz and 6 cores. In the following
data examples, the average runtime to obtain the optimized TQWT,
AGCT, and 1D LDCT representing signal or harmonic noise is 7.8,

New set of parameter indices Reinsertion

W, W, e

(9.0) s (@) . 7(9) (9.J)
W = WL, W) <L,y (W)

Mutation

v
(@) Bravencedng_,(Q —0001,r =0110) — (0000,0111)

i

Recombination
(@ Bnayencoding_(Q — 0100,r =1101) — (1000,1111)

(@) _Binaryencoting (sziowr:;l‘]10)"(00010110)

g;: @ basis function with two parameters of Qandr  G: max iteration number

w . aparameter index (Q,r) P: parameter index number per iteration

L, o, ()2 relative sparsity function

Figure 2. Main flow of the GA u%er‘d to 2ﬁolve the RSMP within a
dictionary set {D, (®,):®, € {®, ),m(l , ... }} when construct-
ing fixed dictionary for signal.

37.5, and 10.0 min, respectively. For data acquired in the same survey
area, we generally identify dictionaries once.

First synthetic data example

In this section, we use two synthetic data sets as examples
(Figure 3). The first data set (Figure 3a) comprises the synthetic sig-
nal and harmonic noise (Figure 3b and 3c), which are generated by a
sweep signal with frequencies increasing linearly from 10 to 40 Hz.
The second data set (Figure 3d) comprises the synthetic signal and
harmonic noise (Figure 3e and 3f), which are generated by a sweep
signal with frequencies increasing linearly from 10 to 60 Hz. Each

Table 1. The given dictionary library comprising TQWTs,
AGCTs, and the 1D LDCTs for 1D data with the length of
N.

Fixed Parameter index
dictionary Parameter Ranges ®
TQWT O-value O (1,6] ©, 1
Redundancy factor r  [1,20] —
AGCT Bandwidth factor a (0, 1073) (a,pB.f,7,0)
Asymmetry factor f# (—1,1) —
Central frequency f [0, 7] —
Chirp rate y [0, 7] —
Phase 0 [0, @] —
ID LDCT Blocking length 7,  (1,N) (Ip,1,)
Overlapping length  [1,1,) —
0
a) b) )

1 Trace no. 3011 Trace no. 3011 Trace no. 301

Time (s)

1 Trace no. 301 1 Trace no. 301 1 Trace no. 301

Time (s)

Figure 3. The first synthetic data example contaminated with har-
monic noise. The trace interval is 20 m. (a) The first data set with an
S/N of —8.05 dB; (b and c) signal and harmonic noise contained in
the first data set, respectively; (d) the second data set with an S/N of
—11.47 dB; and (e and f) signal and harmonic noise contained in the
second data set, respectively.
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data set has 301 traces and 3000 samples per trace. The time sampling
is 0.002 s, and the trace interval is 20 m. The first and second data sets
(Figure 3a and 3b) have S/Ns of —8.05 and —11.47 dB, respectively.

Dictionary identification for the first data set

We extract the 96th—607th samples of the 165th trace in Figure 3b
as signal trace (Figure 4a). The last 512 samples of the 75th trace in
Figure 3c are extracted as harmonic noise trace (Figure 4b). Their
time-frequency spectra are shown in Figure 4c and 4d, respectively.
Figure 5a-5c shows the evolution of minimum relative sparsity
values in the GA, which identifies the optimized TQWT, AGCT,
and 1D LDCT to represent a signal trace (Figure 4a). Figure 6a—6¢
shows the evolution of minimum relative sparsity values in the GA,
which identifies the optimized TQWT, AGCT, and 1D LDCT to re-
present a harmonic noise trace (Figure 4b), respectively. These mini-
mum relative sparsity values and corresponding index parameters are
shown in Figures 5d-5f and 6d-6f, respectively. After 50 iterations,
the minimum relative sparsity values and index parameters stabilize
at specific values. Table 2 shows these specific values. The optimized
TQWT (1.02, 16.15) leads to the smallest relative sparsity value
0.2869, in representing the signal trace. In representing the harmonic
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Figure 4. Traces used for fixed dictionary identification. (a) A sig-
nal trace extracted from the first data set: 96th—607th samples of the
165th trace in Figure 3b; (b) a harmonic noise trace extracted from
the first data set: the last 512 samples of the 75th trace in Figure 3c;
and (c and d) time-frequency spectra of (a and b), respectively.

noise trace, the optimized AGCT (8.94 X 1073, 0.83, 0.44,
—9.20 x 1073, 4.10) leads to the smallest relative sparsity value
0.4109. Figure 7a and 7b shows atoms of the TQWT (1.02,
16.15) and AGCT (8.94 x 1073, 0.83, 0.44, —9.20 x 1073, 4.10),
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Figure 5. Demonstration of the application of the designed GA
when constructing a fixed dictionary for signal in the first synthetic
data set. The ratio of the sparsity of the signal trace (Figure 4a) to
that of the harmonic noise trace (Figure 4b) is the relative sparsity
function. (a—c) Minimum relative sparsity values in iterations of the
GA applied on the TQWT, AGCT, and LDCT basis functions, re-
spectively; and (d—f) index parameters leading to these minimum
relative sparsity values shown in (a—c), respectively.

Table 2. Comparison of the optimized dictionaries representing signal and harmonic noise in the first synthetic data set (Figure 3a).

Dictionary TQWT AGCT LDCT
Optimized parameter index for signal (Figure 4a) (1.02, 16.15)  (9.96 x 1074,0.04,1.53,-5.39 x 1074,0.74) ~ (0.18, 0.03)
Relative sparsity value 0.2869 0.4823 0.5297
Optimized parameter index for harmonic noise (Figure 4b) (2.79, 3.13) (8.94 x 1075,0.83,0.44, -9.20 X 107°,4.10)  (1.02, 0.20)
Relative sparsity value 1.3339 0.4109 0.7212

The bold values represent the smallest relative sparsity value of the signal or coherent noise.
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respectively. Their time-frequency spectra are shown in Figure 7c and
7d. Comparing Figure 7c and 7d with Figure 4c and 4d reveals that
the TQWT and AGCT atoms (Figure 7a and 7b) display a time-fre-
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Figure 6. Demonstration of the application of the designed GA
when constructing a fixed dictionary for harmonic noise in the first
synthetic data set. The ratio of the sparsity of the harmonic noise
trace (Figure 4b) to that of the signal trace (Figure 4a) is the relative
sparsity function. (a—c) Minimum relative sparsity values in itera-
tions of the GA applied on the TQWT, AGCT, and LDCT basis
functions, respectively; and (d—f) index parameters leading to these
minimum relative sparsity values shown in (a—c), respectively.

quency energy distribution similar to that of the signal and harmonic
noise trace (Figure 4a and 4b). These findings suggest that the TQWT
(1.02, 16.15) and AGCT (8.94 x 107>, 0.83, 0.44, —9.20 x 107>,
4.10) match the signal and harmonic noise in the first data set, re-
spectively. Therefore, they are the first pair of identified dictionaries.

Dictionary identification for the second data set

The 91st-602nd samples of the 165th trace in Figure 3e are ex-
tracted as a signal trace (Figure 8a). The last 512 samples of the 75th
trace in Figure 3f are extracted as a harmonic noise trace (Figure 8b).
Figure 8e and 8f shows the time-frequency spectra of the signal trace
(Figure 8a) and the harmonic noise trace (Figure 8b), respectively.
Table 3 shows the index parameters of optimized AGCT, TQWT,
and 1D LDCT, as well as relative sparsity values corresponding
to them. The optimized TQWT (1.19, 13.48) leads to the smallest
relative sparsity value of 0.2045 in representing a signal trace
(Figure 8a). The optimized AGCT (2.68x 107>, 0.31, 0.72,
—9.98 x 107>, 0.61) leads to the smallest relative sparsity value of
0.3054 in representing a harmonic noise trace (Figure 8b). Figure 8c
and 8d shows two atoms from the optimized TQWT and AGCT, re-
spectively. Comparing Figure 8e and 8g with Figure 8f and 8h reveals
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Figure 7. Demonstration of atoms in the optimized TQWT and
AGCT representing signal and harmonic noise in the first data
set (Figure 3a), respectively. (a) TQWT atom; (b) AGCT atom;
and (c and d) time-frequency spectra of atoms shown in (a and b),
respectively.

Table 3. Comparison of the optimized dictionaries representing signal and harmonic noise in the second synthetic data set (Figure 3d).

AGCT LDCT

Dictionary TQWT
Optimized parameter index for signal trace (Figure 8a) (1.19, 13.48)
Relative sparsity value 0.2045
Optimized parameter index for harmonic noise (2.12, 3.02)
trace (Figure 8b)

Relative sparsity value 1.5960

(9.99 x 1074,3.4 x 1073, 1.56, -5.49 x 107*,0.57)  (0.17, 0.04)
0.5344 0.5500
(2.68 x 107%,0.31, 0.72,-9.98 x 107>,0.61) (0.99, 0.25)

0.3054 0.6580

The bold values represent the smallest relative sparsity value of the signal or coherent noise.
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that the TQWT and AGCT atoms (Figure 8c and 8d) exhibit a time-
frequency energy distribution similar to that of the signal and
harmonic noise trace (Figure 8a and 8b). Therefore, the TQWT
(1.19, 13.48) and AGCT (2.68 x 1073, 0.31, 0.72, —9.98 x 107>,
0.61) are used as the second pair of identified dictionaries.

Separation results

Figure 9a shows the separated signal obtained by applying the
MCA using the first pair of dictionaries to the first data set (Fig-
ure 3a). Figure 9b shows the separated signal obtained by applying
the MCA using the second pair of dictionaries to the second data set
(Figure 3d). Figure 9c and 9d shows the separated signal obtained
by applying the conventional method to the first and the second data
set, respectively. The separated harmonic noise corresponding to
the separated signal in Figure 9a-9d are shown in Figure 9e—9h.
Figure 9a and 9b shows clearer signals than Figure 9c and 9d.
In addition, Figure 9g shows less harmonic noise than Figure 9e
around the position marked by a green arrow. Figure 9h shows
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Figure 8. Demonstration of signal trace and harmonic noise trace
contained in the second data set, as well as the atoms in the opti-
mized TQWT and AGCT representing them. (a) A signal trace ex-
tracted from the second data set: 91st—602nd samples of the 165th
trace in Figure 3e. (b) A harmonic noise trace extracted from the
second data set: the last 512 samples of the 75th trace in Figure 3f;
(c) TQWT atom; (d) AGCT atom; and (e-h) time-frequency spectra
of data shown in (a—d), respectively.

signal leakage marked by a yellow arrow, whereas Figure 9f shows
no visible signal leakage. Moreover, the S/Ns of the separated signal
from the proposed method (26.57 and 26.68 dB) are significantly
higher than those from the conventional method (10.21 and
11.35 dB). For further comparison, Figure 10a—10d shows the
135th trace of the original signal (four black curves), the separated
signal from the proposed method (two red curves), and the conven-
tional method (two purple curves), respectively. Figure 10e and 10f
shows the difference between the red curve and the black curve
in Figure 10a and 10b, respectively. Figure 10g and 10h shows
the difference between the purple curve and the black curve in
Figure 10c and 10d, respectively. Comparing Figure 10e and 10f
with Figure 10g and 10h, it is observed that the two red curves
are closer to the two black curves than the two purple curves. More
specifically, Figure 11a and 11b shows time-frequency spectra of
the 135th trace in the first and second data sets, respectively. Some
parts of harmonic noise energy are marked by two gray arrows, and
two red arrows mark some parts of signal energy. The time-fre-
quency spectra of the 135th trace in separation results from the pro-
posed method are shown in Figure 11c—11f. Figure 11g—11j shows
the time-frequency spectra of the 135th trace in separation results
from the conventional method. There is no visible remaining
harmonic noise in Figure 11c and 11d. Figure 11g and 11h shows
remaining harmonic noise marked by two gray arrows. Figure 11i
and 11j shows signal leakage marked by two red arrows, whereas
Figure 11e and 11f shows no visible signal leakage.

These results prove that the MCA using the identified diction-
aries has better performance in separating synthetic harmonic noise
and preserving synthetic signal than the conventional method. In
addition, the proposed identification framework flexibly finds the
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Figure 9. Separated results obtained by applying the proposed
method to the first and second data set (Figure 3a and 3d), respec-
tively. (a and e) Separated signal (26.57 dB) and harmonic noise
obtained by applying the proposed method to the first data set
(Figure 3a), respectively; (b and f) separated signal (26.68 dB)
and harmonic noise obtained by applying the proposed method
to the second data set (Figure 3d), respectively; (c and g) separated
signal (10.21 dB) and harmonic noise obtained by applying the
conventional method to the first data set (Figure 3a), respectively;
and (d and h) separated signal (11.35 dB) and harmonic noise
obtained by applying the conventional method to the second data
set (Figure 3d), respectively.
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dictionaries representing different signals and harmonic noise
among the given fixed dictionary library.

Second synthetic data example

In this section, to assess the impact of signal complexity and
noise intensity on the proposed method’s separation performance,
we use more complex signals and varying noise levels. Notably,
when noise has high energy and overlaps with signal within the
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Figure 10. Comparison of the 135th trace in the synthetic signal
(Figure 3b and 3e) and separated results from the proposed method
(Figure 9a-9%h). (a and b) Two black curves represent the original
signals, and two red curves represent separated signals from the pro-
posed method; (c and d) two black curves represent the original sig-
nals, and two purple curves represent separated signals from the
conventional method; and (e-h) the differences between the original
signal and the separated signal in (a—d), respectively.

given data set, we first apply the conventional method to obtain
signal-predominated and noise-predominated data, then use the pro-
posed framework for dictionary identification. The high-energy
noise attenuation method with the Coiflet wavelet is used as the
conventional method.

The synthetic signal and the synthetic harmonic noise are shown
in Figure 12a and 12b, respectively. The synthetic signal (Fig-
ure 12a) is generated by a two-layer geologic model described
by Hu et al. (2022). It consists of direct waves (indicated by a green
arrow) and refractions (indicated by two black arrows). The two-
layer geologic model uses 30 Hz-Ricker wavelet as an explosive
point source. The first layer has a velocity of 800 m/s and a thick-
ness of 80 m. The second layer has a velocity of 2500 m/s and a
thickness of 300 m. The layer density is computed by the Gardner
formula (Gardner et al., 1974). The synthetic harmonic noise (Fig-
ure 12b) is generated by the sweep signal with frequencies increas-
ing linearly from 10 to 30 Hz. Figure 12c and 12d shows two
contaminated data sets with S/Ns of —0.70 and —16.26 dB, respec-
tively, which are two different combinations of signal and harmonic
noise (Figure 12a and 12b). Each data set has 401 traces and 1001
samples per trace. The time sampling is 0.002 s and the trace
interval is 20 m.

Dictionary identification

To obtain two traces predominantly containing signal and har-
monic noise, we apply the conventional method to the 195th trace
in the second contaminated data set, as shown in Figure 13a.
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Figure 11. Comparison of time-frequency spectra of the 135th trace
in the first and second data set (Figure 3a and 3d) and separated
results (Figure 9a—9h). Some parts of harmonic noise energy are
marked by two gray arrows and some parts of signal energy are
marked by two red arrows in (a and b). (a and b) Time-frequency
spectra of original traces; (c—f) time-frequency spectra of the signal
and harmonic noise separated from original traces by the proposed
method, respectively; and (g—j) time-frequency spectra of the signal
and harmonic noise separated from original traces by the conven-
tional method, respectively.
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Figure 12. The second synthetic data example contaminated with
harmonic noise. The trace interval is 20 m. (a) Signal comprising
primaries (a green arrow), refractions (two black arrows), and re-
flection; (b) harmonic noise, (c) the first contaminated data set
(S/N = —0.70 dB) consisting of signal in (a) and harmonic noise in
(b), and (d) the second contaminated data set (S/N = —16.26 dB)
consisting of signal in (a) and harmonic noise in (b).
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Figure 13. Demonstration of the separated signal and harmonic
noise traces obtained by the conventional method, which are used
for dictionary identification. (a) The 195th trace in the second con-
taminated data set; (b and c) the separated signal and harmonic
noise obtained by applying the conventional method to the data
in (a); and (d and e) time-frequency spectra of the separated signal
and harmonic noise, respectively.

Hu et al.

Applying to other contaminated traces containing relatively complete
signals is also fine. The separated signal and harmonic noise from
the conventional method (Figure 13b and 13c) are used for dictionary
identification. Figure 14a—14c shows the evolution of minimum
relative sparsity values in the GA, which identifies the optimized
TQWT, AGCT, and 1D LDCT to represent the separated signal
(Figure 13b). Figure 15a—15c shows the evolution of minimum rel-
ative sparsity values in the GA, which identifies the optimized
TQWT, AGCT, and 1D LDCT to represent the separated harmonic
noise (Figure 13c). These minimum relative sparsity values and
corresponding index parameters are shown in Figure 14d—14f and
Figure 15d-15f. After 50 iterations, the minimum relative sparsity
values and index parameters stabilize at specific values. Table 4
shows these specific values. The optimized TQWT (1.01, 7.39) leads
to the smallest relative sparsity value, 0.3329, in representing the
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Figure 14. Demonstration of the application of the designed GA
when constructing a fixed dictionary for signal. The ratio of the
sparsity of the separated signal trace (Figure 13b) to that of the sep-
arated harmonic noise trace (Figure 13c) is the relative sparsity
function. (a—c) Minimum relative sparsity values in iterations of
the GA applied on the TQWT, AGCT, and LDCT basis functions,
respectively; and (d—f) index parameters leading to these minimum
relative sparsity values shown in (a—c), respectively.
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separated signal. In representing the separated harmonic noise, the
optimized AGCT (8.54 x 107>, 0.83, 0.44, —9.20 x 1073, 4.10) leads
to the smallest relative sparsity value, 0.4109. Therefore, the TQWT
(1.01, 7.39) and AGCT (8.54 x 107, 0.83, 0.44, —9.20 x 107>,
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Figure 15. Demonstration of the application of the designed GA
when constructing a fixed dictionary for harmonic noise. The ratio
of the sparsity of the harmonic noise trace (Figure 13c) to that of the
signal trace (Figure 13b) is the relative sparsity function. (a—c) Mini-
mum relative sparsity values in iterations of the GA applied on the
TQWT, AGCT, and LDCT basis functions, respectively; and (d—f)
index parameters leading to these minimum relative sparsity values
shown in (a—c), respectively.

4.10) are used as the dictionaries representing signal and harmonic
noise, respectively. The MCA using them is the proposed method.
Figure 16a and 16b shows an atom in the TQWT (1.02, 16.15)
and an atom in the AGCT (8.54 x 1073, 0.83, 0.44, —9.20 x 1075,
4.10), whose time-frequency spectra are shown in Figure 16¢ and
16d. Comparing Figure 16¢ and 16d with Figure 13d and 13e re-
veals that the TQWT atom and AGCT atom (Figure 16a and 16b)
display a time-frequency energy distribution similar to that of the
separated signal and harmonic noise (Figure 13b and 13c).

Separation results

Figure 17a and 17b shows the separated signal with S/Ns of
28.47 and 22.38 dB obtained by applying the proposed method
to the first and second contaminated data sets (Figure 12c¢ and
12d). Figure 17c and 17d shows the separated signal with S/Ns
0f 9.30 and 5.13 dB obtained by applying the conventional method
to the first and second contaminated data sets, respectively. The sep-
arated harmonic noise corresponding to the separated signal shown
in Figure 17a—17d is shown in Figure 17e—17h. The separated sig-
nal from the proposed method has a much higher S/N than that from
the conventional method. In addition, Figure 17a and 17b shows no
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Figure 16. Demonstration of two atoms in the TQWT representing
the signal and the AGCT representing harmonic noise. (a and b)
TQWT atom and AGCT atom, respectively; and (b and d) time-fre-
quency spectra of atoms shown in (a and b), respectively.

Table 4. Comparison of the optimized dictionaries representing signal and harmonic noise in two synthetic data sets (Figure 12¢

and 12d).

Dictionary TQWT AGCT LDCT
Optimized parameter index for signal (1.01, 7.39) (9.71 x 1075,0.84,0.14, —8.05 x 10_5,0.08) (0.34, 0.07)
trace (Figure 13b)

Relative sparsity value 0.3329 0.5155 0.7894
Optimized parameter index for harmonic (2.20, 3.54) (8.54 x 1075,0.83,0.44, —9.20 x 10‘5,4.10) (1.02, 0.20)
noise trace (Figure 13c)

Relative sparsity value 1.3679 0.4815 0.7212

The bold values represent the smallest relative sparsity value of the signal or coherent noise.
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visible signal damage but Figure 17d shows signal damage marked
by two black arrows. Figure 17e and 17f shows no visible signal
leakage but Figure 17g shows signal leakage marked by two green
arrows.

These results indicate that the MCA using the dictionaries iden-
tified by the proposed framework achieves better separation perfor-
mance than the conventional method. Furthermore, applying the
conventional method to contaminated traces is an effective way
to obtain the signal- or noise-predominated data used in our
framework.

Field data example

We exemplify the proposed approach using a shot data set dis-
played in Figure 18, where some parts of the signal are marked
by a yellow arrow and some parts of harmonic noise energy are
marked by two green arrows. The data set has 816 traces and
3000 samples per trace. The time sampling is 0.002 s, and the trace
interval is 20 m.

Dictionary identification

We extract 200th—711th samples of the 101st trace (the first black
arrow in Figure 18) as a signal-predominated trace (Figure 19a).
The last 512 samples of the 184th trace (the second black arrow
in Figure 18) are extracted as the harmonic-noise-predominated
trace (Figure 19b). Their time-frequency spectra are shown in Fig-
ure 19¢ and 19d. Figure 20a—20c shows the evolution of minimum

Figure 17. Separation results: two black arrows @)
mark the signal damage, and two green arrows o
mark the signal leakage. (a and b) The separated
signal with S/Ns of 28.47 dB and 22.38 dB ob-
tained by applying the proposed method to the first
and second contaminated data sets, respectively;
(c and d) the separated signal with S/Ns of 9.30
and 5.13 dB obtained by applying the conven-
tional method to the first and second contaminated
data sets, respectively; and (e-h) the separated har-
monic noise corresponding to the separated signal = »-
shown in (a—d), respectively. e)

Time (s)

Time (s)

1 Trace no.

relative sparsity values in the GA, which identifies parameter
indices of the optimized TQWT, AGCT, and 1D LDCT representing
field signal (Figure 19a). Figure 21a—21c shows the evolution of
minimum relative sparsity values in the GA, which identifies
parameter indices of the optimized TQWT, AGCT, and 1D LDCT
representing field harmonic noise (Figure 19b). These minimum
relative sparsity values and corresponding index parameters are
shown in Figure 20d-20f and Figure 21d-21f. After 75 iterations,

Trace no. 81,5

Figure 18. Two-shot data sets contaminated with the harmonic
noise, respectively, where some parts of the signal are marked by
a yellow arrow and some parts of harmonic noise are marked by two
green arrows. The trace interval is 20 m. The 101st trace, marked by
the first black arrow, mainly contains a signal above 3 s. The 184th
trace, marked by the second black arrow, mainly contains harmonic
noise below 3 s.

b) ¢)

401 1 Trace no. 401

Time (s)

401 1 Trace no. 401

Time (s)

Table 5. Comparison of the optimized dictionaries representing field signal and harmonic noise in the field data set (Figure 18).

Dictionary TQWT AGCT LDCT
Optimized parameter index for signal (2.36, 3.16) (9.74 x 1074, 0.042,0.33, —9.80 x 10_4,0.60) (0.19, 0.03)
trace (Figure 19a)

Relative sparsity value 0.4810 0.5083 0.6551
Optimized parameter index for harmonic (2.6, 6.04) (1.82 % 1074,0.11,0.84, —2.58 x 1074, 0.14) (1.01, 0.25)
noise trace (Figure 19b)

Relative sparsity value 0.9321 0.4173 0.9444

The bold values represent the smallest relative sparsity value of the signal or coherent noise.
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the minimum relative sparsity values and index parameters stabilize
at specific values. Table 5 shows these specific values. The opti-
mized TQWT (2.36, 3.16) leads to the smallest relative sparsity
value, 0.4810, in representing the signal-predominated trace. In rep-
resenting the harmonic-noise-predominated trace, the optimized
AGCT (1.82 x 1074, 0.11, 0.84, —2.58 x 1074, 0.14) leads to the
smallest relative sparsity value, 0.4173. Therefore, the TQWT
(2.36, 3.16) and AGCT (1.82x 1074, 0.11, 0.84, —2.58 x 107%,
0.14) are the identified dictionaries representing signal and har-
monic noise, respectively. The MCA using them is the proposed
method.

Two atoms of the TQWT (2.36, 3.16) and the AGCT (1.82 x 1074,
0.11, 0.84, —2.58 x 107, 0.14) are shown in Figure 22a and 22b.
Their time-frequency spectra are shown in Figure 22c¢ and 22d.
Comparing Figure 22c and 22d with Figure 19c and 19d reveals that
the TQWT and AGCT atom (Figure 22a and 22b) display a time-
frequency energy distribution similar to that of the signal- and har-
monic-noise-predominated trace (Figure 19a and 19b). These results
suggest that the TQWT (2.36, 3.16) and the AGCT (1.82 x 107,
0.11, 0.84, —2.58 x 1074, 0.14) match field signal and harmonic
noise, respectively.

Separation results

Figure 23a and 23c shows the separated signal and separated
harmonic noise from the proposed method. Figure 23b and 23d
shows the separated signal and separated harmonic noise from
the conventional method. Figure 23a shows a clearer signal than
Figure 23b, especially in a green rectangle. In addition, Figure 23b
shows remaining harmonic noise marked by two black arrows.
Figure 23c exhibits no visible signal leakage, whereas two green
arrows in Figure 23d mark signal leakage. For further comparison,

a) 0.04 ; Afieltf—signal-predomina?d trace i . . .
8 0.02 - 4
< -0.02 \ q

_0’040 0.‘1 0.‘2 0‘.3 0.‘4 O.‘S 0.‘6 0?7 0.‘8 0?9 1‘

b) 1 x107* A‘field ----- i “ L i !rlace ; ; .
g 05T | \ MM‘ \ | \ ( \‘ |
T
< s Ll | —

_10 D.‘1 0,‘2 0‘3 O.‘4 0,‘5 O.‘6 O.I7 O.‘B 0.‘9 1‘

Time (s)
c) d)

Frequency (Hz)
5
8
| -

0.5 10 0.5 1
Time (s) Time (s)

Figure 19. Traces used for fixed dictionary identification. (a) A sig-
nal-predominated trace: 200th—711th samples of the 101st trace
marked by a black arrow in the original data set (Figure 18);
(b) a harmonic-noise-predominated trace: the last 512 samples of
the 184th trace marked by a green arrow in the original data set
(Figure 18); and (c and d) time-frequency spectra of (a and b),
respectively.

Figure 24 shows the magnified view of local data at the position
marked by a green rectangle in Figure 23a. Figure 24a shows
the original data set. Figure 24b and 24d shows separated signal
and harmonic noise from the proposed method. The separated sig-
nal and harmonic noise from the conventional method are shown in
Figure 24c and 24e, respectively. There remains harmonic noise in
Figure 24c (a green arrow) and signal leakage in Figure 24e (a black
arrow). For a detailed comparison, the 671st trace in the original
data set (Figure 18) and the separated signal from the proposed
and the conventional method (Figure 23a and 23b) are shown in
Figure 25a-25c. Figure 25d and 25e shows the 671st trace in sep-
arated harmonic noise from the proposed and the conventional
method (Figure 23c and 23d). Their time-frequency spectra are
shown in Figure 25f-25j, respectively. Figure 25b exhibits a much
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Figure 20. Demonstration of the application of the designed GA
when constructing a fixed dictionary for field signal. The ratio
of the sparsity of signal-predominated trace (Figure 19a) to that
of harmonic-noise-predominated data (Figure 19b) is the relative
sparsity function. (a—c) The minimum relative sparsity values in
iterations of the GA applied on the TQWT, AGCT, and LDCT basis
functions, respectively; and (d—f) parameters leading to these mini-
mum relative sparsity values shown in (a—c), respectively.
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clearer signal than Figure 25¢, whereas Figure 25d shows more har-
monic noise than Figure 25e. Correspondingly, Figure 25h shows
remaining harmonic noise marked by a gray arrow. These results
indicate that the proposed method is more effective than the conven-
tional method in separating field harmonic noise. Furthermore, the
proposed framework contributes to the identification of effective
dictionaries representing signal and harmonic noise in the field
data set.

DISCUSSION

This study aims to develop and evaluate an adaptive identifica-
tion dictionary framework. The proposed method is applied to 1D
traces for MCA-based noise separation and identifies dictionaries
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Figure 21. Demonstration of the application of the designed GA
when constructing a fixed dictionary for field harmonic noise.
The ratio of the sparsity of harmonic-noise-predominated data (Fig-
ure 19b) to that of signal-predominated trace (Figure 19a) is the
relative sparsity function. (a—c) Minimum relative sparsity values
in iterations of the GA applied on the TQWT, AGCT, and LDCT
basis functions, respectively; and (d—f) parameters leading to these
minimum relative sparsity values shown in (a—c), respectively.
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from a library that includes AGCTs, TQWTs, and 1D LDCTs. As
shown by synthetic and field data examples, the effectiveness of
our approach is highlighted by its robustness across diverse noise
levels, ranging from —16.26 to —0.70 dB, and its performance with
noise across different frequency ranges, specifically from 10
to 80 Hz.

There are some aspects for further research. Because many other
types of dictionaries and coherent noise exist, the proposed method
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Figure 22. Demonstration of atoms in the optimized TQWT
and AGCT representing field signal and harmonic noise, respec-
tively. (a and b) TQWT atom and AGCT atom, respectively; and
(c and d) time-frequency spectra of atoms shown in (a and b),
respectively.

1 Trace no. 816 1 Trace no. 816

Time (s)
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R
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Figure 23. Separated results obtained by the proposed and conven-
tional methods to the contaminated data set (Figure 18). (a and
c) Separated signal and harmonic noise from the proposed method,
respectively. The green rectangle marks an area with a clearer signal
than in (b); and (b and d) the separated signal and harmonic noise
from the conventional method, respectively. The two black arrows
mark the areas with remaining harmonic noise, whereas two green
arrows mark the areas with signal leakage.
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Figure 24. The magnified view of the local data set at the position
marked by a green rectangle in Figure 23a. (a) Original data set;
(b and d) separated signal and harmonic noise from the proposed
method, respectively; and (c and e) separated signal and harmonic
noise from the conventional method, respectively. The remained a
green arrow marks harmonic noise, and a black arrow marks the
signal leakage.

can offer potential improvements in the separation of other coherent
noise using the library with more dictionary types. In addition, the
MCA-based coherent noise separation can handle 2D or higher-di-
mensional data sets. By using higher-dimensional dictionaries to a
library, this method can be integrated into higher-dimensional seis-
mic data processing workflows. Furthermore, in the cases where
signal and coherent noise in different data vary greatly, using the
proposed framework to re-identify the fixed dictionary based on lo-
cal data would be beneficial.

However, the computational demand increases with the dimen-
sionality of data and dictionaries, as well as with the number of
re-identifications, which potentially limits the applicability of the
proposed method in real-time processing scenarios. Thus, solving
the RSMP more efficiently by leveraging existing parameter opti-
mization methods, such as particle swarm optimization (Nuha et al.,
2021), is an important direction for future work.
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Figure 25. Comparison of the 671st trace of the original data
set (Figure 18) and the separated results (Figure 23a-23d). (a—c)
Original trace, the separated signal from the proposed and the con-
ventional method, respectively; (d and e) the separated harmonic
noise from the proposed and the conventional method, respectively;
(f—j) time-frequency spectra of the traces shown in (a—e), respec-
tively. (f) Some parts of the harmonic noise energy are marked
by a gray arrow, whereas a red arrow marks the signal energy;
and (h) the remained a gray arrow marks harmonic noise energy.

CONCLUSION

We propose an innovative adaptive framework to construct effec-
tive fixed dictionaries for MCA-based coherent noise separation.
The proposed framework consolidates diverse transform basis func-
tions and parameters into a fixed dictionary library. By using a pre-
defined fixed dictionary library as the solution space and a relative



Downloaded 11/13/25 to 142.244.191.169. Redistribution subject to SEG license or copyright; see Terms of Use at http://library.seg.org/page/policies/terms
DOI:10.1190/ge02024-0259.1

V176 Hu et al.

sparsity function as the objective function, we present a systematic
searching strategy to identify the fixed dictionaries representing sig-
nal and coherent noise, respectively. The proposed strategy entails
characterizing a constrained RSMP within the predefined library,
allowing individual optimization of the parameters of each type
of fixed dictionary. A specially designed GA facilitates this optimi-
zation process. Subsequently, from the optimal dictionaries con-
structed using optimal parameter indices and corresponding
transform basis functions, we select the dictionary with the lowest
relative sparsity to represent either signal or coherent noise. The
effectiveness of the proposed framework is demonstrated through
its application to the separation of harmonic noise. Separation re-
sults highlight the superior performance of the proposed method,
achieving enhanced coherent noise separation while effectively
preserving signal.
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APPENDIX A
TUNABLE Q-FACTOR WAVELET TRANSFORM

The TQWT is a discrete wavelet transform (Selesnick, 2011) us-
ing J filter banks to decompose 1D data. Many scholars have dem-
onstrated the effectiveness of TQWTs in representing seismic
waves with varying degrees of oscillation (Chen et al., 2017; Hu
etal., 2024). Each filter bank is calculated based on the TQWT basis
function, such as Gy(f) and Hy(f), which are expressed as

L fI<(1=by)n
Ho() = § 0(5%2F) (L=bor<ifl<bur. (A
0 byr<|fl<z

0 fl<(=b)x

Go(f) =3 0(5255) (L=br<lfi<bor. (A2)
1 by <|f|<x

where 0(f) = 0.5(1 + cos f)\/2—cos f,|f| <=, and by and b,
are two scaling parameters that are calculated by the following
equations:

b]zz/(Q+1)€(O,l], b2=1—b1/r€(0,1}, (A-3)

where Q is the Q-value affecting the oscillation degree of TQWT
atoms, and r is the redundancy factor. Furthermore, r is the total
number of wavelet coefficients divided by the length of the data
to which the TQWT is applied (Selesnick, 2011). Thus, the TQWT
basis function is calculated by Q and r. Here, J does not affect the
morphological feature of TQWT atoms. Thus, we set J to 10 and
only adjust Q and r. The term ® = (Q, r) is the parameter index.

APPENDIX B

ASYMMETRIC GAUSSIAN CHIRPLET
TRANSFORM

Among many versions of the chirplet transform (Baraniuk and
Jones, 1993; Mann and Haykin, 1995), which serve as extensions
of the short-time Fourier transform and the wavelet transform, the
six-parameter AGCT (Bomann and Ma, 2015) stands out due to its
flexibility in matching seismic waves. The AGCT basis function is
written as

AGCT(a,pB.f.y.0.79;1) = e~2(=F tanh(1—7))(1-79)*
cos(f(t =) +y(r —170)* + ), (B-1)

where ¢ is the time, AGCT (a, 8, f, 7. 0, 7y; f) is the function having
six parameters of the bandwidth factor a > 0, the asymmetry factor
p e (-1,1), the central frequency f € [0,2x), the chirp rate
y € [0,27), the phase 6 € [0,2x), and the time shift 7, > 0. Here,
7o does not affect the morphological feature of AGCT atoms. Thus,
we will only adjust the remaining five parameters. In this case,
® = (a,p, f,7,0) is the parameter index.

APPENDIX C
1D LOCAL DISCRETE COSINE TRANSFORM

The 1D DCT is derived from the discrete Fourier transform and is
orthogonal but not multiscale. The presentation Xpcr of a discrete
waveform s with the length of N after a 1D DCT is

n—1 -\ :
. ) 05+ jiz .
xper!i] :Ai;S[J]COST, i=0,---,N-1,
ﬁ i=0
A = . (C-1)
2 i>0

The 1D DCT can be used as an over-complete dictionary when
applied in blocks (Starck et al., 2004), namely 1D LDCT. The 1D
LDCT has two main parameters more than 1D DCT, the block
length [, € (1, N) and the overlap length [, € (1, N) (Starck et al.,
2004). For s, the kth block s;[i] is

seli] =slk(ly = 1,)+1i], i=0,1,....,0,—1. (C-2)

Then, DCT is applied to each block. Because the total number of
blocks is rounded to [(N — [,,)/ l(,l + 1, the representation of LDCT
is a set of representation {kaDCT}k(iVO_ 2/b] Here, o = (Iy,1,) is the
parameter index of 1D LDCT.
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