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ABSTRACT

Based on the phenomenon of low-frequency shadow beneath the
oil and gas reservoirs, there is much theoretical research and
practical production data. Therefore, accurate detection of the
low-frequency shadow in order to predict reservoir. The high-
precision detection time-frequency transform in this paper is
achieved by adding Levenberg-Marquardt reassignment
operators using S-transforms to adjust the window width
adaptively according to the characteristics of different signal
components. Finally, it optimizes the time-frequency
distribution. Simulation results show that this method has a
better time-frequency concentration than conventional methods.
Finally, an application of this method in detecting low-
frequency shadow verifies the effectiveness and feasibility,
which provides a high-precision tool and means for reservoir
prediction.
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1. INTRODUCTION

Hydrocarbon indicators widely have been studied by
Seismic low-frequency shadows [1]. A low-frequency shadow
(LFS) is a seismic reflection with a robust amplitude at low
frequencies without delay beneath a hydrocarbon-bearing
reservoir. Numerous LFSs examples of hydrocarbon indicators
have been reported [2].

The seismic attenuation mechanism alone cannot be
interpreted as a strong low-frequency amplitude anomaly zone
near reservoirs [3], [11], [4]. Physical processes increased the
strong amplitudes within the low-frequency anomalies. More
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than 10 causes that may lead to the generation of LFSs are listed
by Ebrom (2004) [5], such as seismic data processing-related
factors, attenuation and wave interferences. Quantifying the
effects of seismic attenuation and stretching of normal moveout
(NMO) on the generation of LFSs by numerical modelling of
LFSs are used by Carcione et al. (2018) [6].

Time-frequency transforms have been widely used in
seismic data processing and interpretations [7], [8]. The
characteristics  not effortlessly  observed in the time
representation or the frequency representation alone cannot be
revealed by spectral decomposition. Because of the Heisenberg
uncertainty principle and cross-terms, the conventional spectral
decompositions such as short-time Fourier transform (STFT)
and Wigner—Ville distribution (WVD) have some restrictions
[2].

This paper used the Levenberg-Marquardt reassignment
operators using S-transforms [12] spectrogram to overcome the
mentioned restrictions. The resolution of a time-frequency
representation using STFT is strongly dependent on the length
of the window function. A short window length will result in a
good time resolution, but a poor frequency resolution; a long
window length will result in a poor time resolution but a good
frequency resolution [9]. Therefore, a 2D deconvolution
operator can be used to generate a high time-frequency
representation of the signal with no cross-terms. The efficiency
of this method is evaluated by applying it on both synthetic and
real seismic data. The results of the synthetic example show that
the Levenberg-Marquardt reassignment operators using S-
transforms spectrogram has a fine resolution. Castagna et al.
(2003) [10] used spectral decomposition to detect the low-
frequency shadows associated with hydrocarbons. In fact, these
shadows are often related to additional energy occurring at low
frequencies rather than the preferential attenuation of higher
frequencies. One possible explanation is that locally converted
shear waves have travelled mostly as P-waves and thus arrive
slightly after the true primary event. We used the Levenberg-
Marquardt reassignment operators using S-transforms to
illuminate the low-frequency shadow corresponding to a gas
reservoir at one of the gas fields in the South West of Iran. The
results of the real data example show that the proposed analysis
has a much better resolution than the conventional spectral
decomposition and can potentially be wused to detect
hydrocarbons from a gas reservoir directly using low-frequency
shadows.

This study investigates the generation mechanism of the LFSs
based on a field case in the Ordos Basin, which is situated in the
Iran hydrocarbon fields. The paper is organized as follows.
Section 2 describes S- Transform, the Levenberg-Marquardt
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reassignment operators using S-transforms. Some parts of
the target horizon in the gas field show LFSs, but some parts do
not have any LFSs. In section 3 we apply the proposed method
on the synthetic model and real seismic LFSs of the study area
on the frequency-dependent reflection coefficients related to the
low-frequency shadows.
2. METHODOLOGY
2.1 S- Transform

Let define the S-transform as a particular case of the Short-

Time Fourier Transform (STFT) using the window
el
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We consider first the definition of the reassigned frequency
coordinates and we compute the reassignment operators
using S-transforms as:
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And
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Where Dg(t) = z—g (t)and the definition of the

Levenberg-Marquardt reassignment operators

2.2 The Levenberg-Marquardt reassignment operators
using S-transforms

Starting from the Stockwellogram classical reassignment

operators, we have [12]:
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Therefore, the reassignment operator is an adaptive and
invertible TFD that enhances the readability of the wavelet-
based TF plane, utilizing frequency reassignment by
shrinking the spectrum along the frequency axis. For
nonlinear equations, Levenberg-Marquardt type algorithms
were shown to have a quadratic rate of convergence if an
appropriate error bound condition holds, see [14] -[17]. So,
The Levenberg-Marquardt algorithm is a classical method
for solving nonlinear systems of equations that can come
from various applications in engineering and economics.
In the next section, we have first tested the performance of

the Levenberg-Marquardt reassignment operators using
S-transforms on synthetic signals contaminated by random
noise. To investigate the generation mechanism of the LFSs
based on a field case, we have applied the proposed method
on it as trace by trace.
3. RESULTS

Here we consider a noisy synthetic signal that shows in fig
la. For the evolution of the Levenberg-Marquardt
reassignment operators using S-transforms, we have done a
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time-frequency map of it and the result has been compared
with STFT (Figure 1b, 1c). As shown in figure 1, The
Levenberg-Marquardt reassignment operators using S-
transforms has a loser Reni factor than STFT and it
demonstrates this transform has a good performance and is
useful for non-linear and non-stationary signals. Renyi
factor is another factor for more investigation of the
proposed method. The Renyi entropy of order « where

a>0and « =1 is defined as:

1

1_aiog[é;p?j

Here, X is a discrete random variable with possible

H, (x)=
(11)

outcomes in the set A= {Xl,X2 s Xg peeens ,Xn} and
corresponding probabilities p, [} Pr (X =X, ) for
1=1,2,3,...n. The logarithm is conventionally taken to
be base 2, especially in the context of information theory,
where bits are used. If the probabilities are p; = A then
all the Renyi entropies of the distribution are equal to

H, (x)=log". Ingeneral, for all discrete random

variables X , H, (X) is a non-increasing function in¢r .

The Renyi entropies for STFT and the proposed method
are 8.9 and 6.16.
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Figure 1. (a) Synthetic signal and (b), (c) time-frequency
maps of the synthetic signal based on, STFT and proposed
methods.

In addition to synthetic signals, the STFT and the
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Levenberg-Marquardt reassignment operators
using S-transforms were all applied to real field
data from one of the Iran hydrocarbon fields [see
Figure 2].
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Figure 2. 2D real seismic data from an Iran hydrocarbon
field.

The spectral decomposition method is a common
time-frequency representation to find the low-
frequency shadows associated with hydrocarbon.
As it can be seen in Figure 3, the time-frequency
map results of all two methods are shown in a
position of the low-frequency shadow that the
hydrocarbon is sited, then the frequency slices of 30
Hz and 60 Hz were detected. The window duration
parameter for both methods is set to 0.001.
Additionally, the Levenberg-Marquardt
reassignment operators using S-transforms were
able to depict the frequencies better with higher
resolution. Thus, this method can be used to detect
hydrocarbon using low-frequency shadows. Based
on what is shown in Figure 3b, it was concluded that
STFT does not have the potential capability of
finding considerable frequency slices as the
produced map is not clear and also has low
resolution.
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Figure 3. Time-frequency map of the field data based on,
(a) STFT, (b) proposed methods,

4. CONCLUSIONS

We introduced a new higher resolution time-frequency
transform called the Levenberg-Marquardt reassignment
operators using S-transforms to detect low-frequency shadows
associated with hydrocarbons, useful for non-linear and non-
stationary signals. According to the consolidated mathematical
background of this STFT transform and to illustrate its potential
ability, we tested the proposed method with both synthetic and
real field data and compared it with the STFT method. It was
concluded that the Levenberg-Marquardt reassignment
operators using S-transforms can detect the signals® components
clearly and its noise background are commonly less than other
STFT state-of-the-art method.  The suggested method's
application to both synthetic and seismic data show encouraging
performance.
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