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Special section: Conventional and unconventional hydrocarbon reservoirs

Multiple seismic attributes fusion approach with support vector regression
and forward simulation for sand body prediction and sedimentary facies
interpretation — A case of the X gas field in Xihu Sag

Yuming Liu', Pengfei Xie', Dongping Duan?, Yuanrong Yao®, Peipei Liu', Wenjun Li?, Bo Chen?, Wei

Wang?, and Jiagen Hou'

Abstract

Marine exploration and production play a vital role in petroleum industries. It is difficult to acquire sufficient
well data in marine settings, so seismic data become the most important interpretation data in research. In
general, the seismic data in marine exploration have low quality because of the deep depth from the surface.
To partly address this, the support vector regression (SVR) algorithm is proposed to fuse multiple seismic attrib-
utes for sand thickness prediction. First, we use forward modeling to establish virtual wells for improving the
training data set. Second, we select the optimal attributes by correlation analysis. Third, we apply the SVR
algorithm to learn the relationship between seismic attributes and sand thickness. Fourth, we use the SVR model
to predict the sand thickness between wells by calculating a fused attribute. The results indicate that the fusion
attribute with SVR has a higher correlation coefficient with sand thickness than the original attributes by stat-
istical method. The approach can be widely used for improving the seismic interpretation quality of the research

area with few wells.

Introduction

With the development of petroleum exploration and
development, marine hydrocarbon shows great poten-
tial. Marine seismic data play an important role in
marine hydrocarbon characterization (Du, 2018; Bran-
kovic et al., 2021; Zhang and Zhang, 2021), but the qual-
ity of the data is affected by the depth, weather
conditions at sea, geologic features, and seismic acquis-
ition (Bredesen et al., 2020; Chan et al., 2021; Qi et al.,
2021). The processing methods of seismic data can im-
prove the quality of seismic data for characterizing the
subsurface geologic distribution. The sand bodies distri-
bution controls the distribution of oil and gas, so an ap-
propriate processing method is important for seismic
interpretation (Ruig and Hubbard, 2006).

In general, researchers combine well logs and seis-
mic data to predict the subsurface distribution. The
dense well spacing and high-quality seismic data are
useful for prediction, but some fields are drilled with
sparse well spacing and seismic data in deep depth
(Gassaway and Richgels, 1984; Anifowose et al,

2016). To solve the problem, different kinds of methods
have been proposed (Wankui et al., 2006; Li et al., 2017;
Ghaderpour, 2019). The statistical methods based on
the amplitude and frequency of seismic data are a con-
ventional way to predict the reservoir distribution. The
key point of statistical methods is the mapping relation-
ship between seismic attributes and sand thickness.
With the mapping, the sand thickness can be calculated
based on seismic attributes. Statistical methods rely on
several wells, whereby more wells enables more reli-
able mapping relation with low uncertainty. The marine
oilfields often have no sufficient wells for statistical
analysis. Seismic inversion is proposed to predict an
acoustic impedance (Al) attribute according to well
logs and seismic data (Armitage and Stright, 2010;
Bakke et al., 2013; Bhattacharya et al., 2016). The attrib-
ute directly shows the spatial sand distribution, so geol-
ogists can calculate the sand thickness. Forward
simulation also is an approach to predicting the sand
bodies distribution (Ostrander, 1984; Ahmad and Row-
ell, 2012; Chen, 2015; Yue et al., 2019; Luanxiao et al.,
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2021). The workflow of forward simulation assumes a
sand bodies model and then the seismic response can
be calculated by the sand bodies model and seismic
convolution theory. Finally, the calculated seismic re-
sponse is revised until the differences between the
seismic response and the real seismic data reach con-
vergence. However, the sand bodies have extensive
heterogeneity and the sand bodies features are not
easily characterized by low-resolution seismic data.
In particular, the inversion method and forward simu-
lation often produce a high uncertainty interpretation.
Based on the statistical interpretation methods, re-
searchers use a machine-learning algorithm to examine
the relation between sand thickness and seismic attrib-
utes. A machine-learning algorithm, support vector ma-
chine (SVM) that can get the nonlinear relationship
between data by kernel function, is applied to fit with
well data. Initially proposed by Cortes and Vapnik
(1995), SVM has been widely applied to oil and gas char-
acterization of reservoirs, lithofacies recognition, and
reservoir parameter prediction (Dong et al., 2014; Wang
et al., 2014). The SVM can build an optimal classifica-
tion model, but the deviation of the model will be large
in continuous variables.

In this paper, we apply the SVR algorithm with for-
ward simulation to the X gas field in Xihu Sag on the
continental shelf of the East China Sea. Based on the
well log and seismic data, the nonlinear mapping rela-
tion between the optimized seismic attributes and sand
thickness is established by the SVR model. The SVR
model can predict the spatial distribution of sand
bodies at the target stratum. The predicted sand thick-
ness distribution provides a beneficial basis for improv-
ing the gas field development plan.

This paper is organized as follows. The “Geologic set-
ting” section presents the geologic setting of the work
area, including the introduction of data and the location
of the study area. In the “Principles” section, the princi-
ple of the method with SVR and the fusion method is ex-
plained. This is followed by the “Optimal attribute
selection” section with an optimal attribute selection us-
ing correlation analysis. In the “Attribute fusion” section,
the details of attribute fusion are shown, including an ex-
tension of the training set by forward modeling and
attribute fusion result analysis. The “Sand prediction
and sedimentary interpretation” section predicts the dis-
tribution of sand thickness and sedimentary facies based
on well logs. In the “Discussion” section, we compare the
proposed method with the general interpretation method

and application based on SVM. Finally,
the “Conclusion” section summarizes
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Figure 1. (a) Location and tectonic divisions of Xihu Sag. The X gas field is
located in the red rectangle. (b) Structural features of the study area and position
of wells. (¢) Structural cross section of the Xihu Sag (section A-B is shown in [a]).
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bearing bed. There are a total of 12 sand
groups in the Huagang Formation. The
main gas-bearing beds in the X gas field
are the H5 and H6 sand groups of the
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Huagang Formation. The H5 and H6 sand groups are
divided into four subzones Hba, H5b, H6a, and H6b.
The subzone thickness is relatively stable in the Hb5
and H6 sand groups, whereas the formation thickness
changed little. The main gas-producing beds in the X gas
field are Hba, H5b, and H6a, and the burial depth of
these beds exceeds 3000 m.

In this study, the H5 sand group is selected for exam-
ple. There is an anticline in the middle of the target stra-
tum, and a total of 11 normal faults with a small fault
distance are developed on the east side of the study
area. The thickness of the H5 sand group is 40-50 m.
The sand groups presented an aggradational stable dis-
tribution.

The seismic data of the X gas field are poststack
seismic data. The phase of poststack seismic data is
approximately zero. The vertical sample interval is
2 ms. The spacing of inline and crossline is 25 m.
The frequency spectrum of the seismic data (Figure 2)
shows that the effective frequency bandwidth of
the seismic data in the H5 is wide, where the minimum
frequency is 10 Hz and the maximum frequency is
55 Hz (Table 1). The dominant frequency is 28 Hz
and the tuning thickness is 28 m. Thus, the seismic
data can only reach the recognition requirement of
subzones.

Principles
SVR

Support vector regression (SVR) is a very important
branch of SVM application. Compared with linear re-
gression, SVR combines with SVM and regression to
solve nonlinear regression problems (Cortes and Vap-
nik, 1995). Linear regression is suitable for big data,
which needs a large number of statistical samples.
Due to the few wells in the marine field, linear regres-
sion is not available.

With a dichotomy problem taken for
example, a given data sample is classified
under a given decision boundary. When
the given decision boundary is
wx; + b = 0, the boundaries at two sides
(two dotted lines) are wx; + b =1 and
wx; +b = —1, respectively, where all
properties except b are identical. The
parameters w and b will be optimized
by the model training, where the param-

min [l o
st y;(wx; +b) >1, Vi

These formulas mean that the length of w is mini-
mum when all sample points (x, ¥) are beyond two
boundaries:

min} e
st. ly; — (wx; +b)| <e, Vi

In the formula of SVR, the boundary width is
controlled using the parameter e. Formula 2 aims to
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Figure 2. The spectrum of seismic data of H5 in the X gas
field.

Table 1. The parameters of the seismic data spectrum
of H5 in the X gas field.

Dominant frequency Effective bandwidth

28 Hz 10-55 Hz

“‘.‘ wx+b=1

eter w means a slope of the boundary
function or vector and b is the intercept.
The following information can be ob-
tained from Figure 3a: the distance be-
tween two boundaries is 2/||w| and
the parameter ||w|| is the length of the
vector w. The distances from the optimal
classification plane to two boundaries
are 1/||w||, and the SVM method aims
to obtain the minimum length of w,

which is expressed as boundaries.

B

-~ 7 - ~
wx+bh=-I+. wxtb=0 S wxth 'e\ wx+b=0

Figure 3. Diagrams of SVM and SVR. (a) Diagram of SVM. For a dichotomy
problem of lithology, circles are sand and forks are mud. The x- and y-axes re-
present two attributes of sand or mud. The dashed lines signify the boundary
between two kinds of data and the solid line represents the best interface (when
data have multiple dimensions, the interface will become a hyperplane). (b) Dia-
gram of SVR. The circle signifies a kind of data. The x- and y-axes represent two
attributes of data (e.g., seismic attribute and sand thickness). The dotted lines
signify the boundary of the data and the solid line represents the best regression
interface. In these diagrams, the parameter 2/w is the distance between two
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reach the minimum length of w when all sample points
are distributed within a fixed bandwidth. Different
from SVM classification, the sample points of SVR
are finally classified into one class in the SVR
(Figure 3b).

For the optimal classification planes by SVR, two or
multiple classes of sample points are not separated the
most as SVM does, but instead, the total deviation of all
sample points from the optimal classification plane is

the minimum. The minimum total deviation means that
all data points distribute on both sides of the plane
(three dimensions or more) or line (two dimensions),
which means that the SVR algorithm makes samples
with low-biased error (the bias comes from the ob-
served value and prediction value; the details are shown
in Kutner et al., 1996). In addition, SVR generates a low-
biased error for nonlinear model samples and multicol-
linear variables (multiple dimensional data, e.g., rocks

Wells

Forward simulation

Original seismic

Training data set
Sand thickness derived
from by well logs and

forward simulation

Figure 4. Workflow of multiple seismic attributes fusion based on SVR and for-
ward modeling for sand prediction. In brief, the method proposed has three
parts: (1) multiple attributes are extracted from original seismic data in wells
position. Well logs and seismic data can get the hypothetical lithologic model
by forward simulation. (2) The better attributes are optimized by correlation
analysis (rms: root-mean-square amplitude; APA: average peak amplitude; TA:
total amplitude; MTA: maximum trough amplitude; MPA: maximum peak ampli-
tude; and AE: average energy). (3) The better seismic attributes can be used as a
training data set and the sand thickness of wells can be the label. The SVR algo-
rithm will learn the mapping relation between the label data set and the training
data set. (4) The mapping relation of seismic attribute surface to sand thickness
is used to predict the sand thickness between wells.
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with porosity, spontaneous potential,
gamma-ray (GR) attributes, or more).
In this manuscript, the parameter details
of SVR are as follows.

The type of kernel function is a radial
basis function, the degree of the kernel
function is three, the kernel coefficient
is the reciprocal number of feature num-
bers, and the constant term is set as 0.0.
The tolerance and penalty coefficient
that we selected is the default value.

Multiple seismic attributes intelli-
gence fusion

Due to the few wells in the study area,
a forward simulation is applied to estab-
lish more wells for the SVR algorithm.
By the SVR algorithm, the relation be-
tween multiple seismic attributes and
sand thickness can be extracted and ap-
plied to predict the sand thickness.

The sand thickness is mainly pre-
dicted in four steps (Figure 4) through
the multiple seismic attributes fusion ap-
proach based on the geologic model.
First, we establish the forward model
based on the original seismic data and
well logs. The virtual wells are inserted
in the forward model and the corre-
sponding well logs are generated. Sec-
ond, after the optimal seismic attribute
assessment, the maximum trough ampli-
tude with the highest correlation in the
target stratum is selected. The maxi-
mum trough amplitude attributes in
the upper and lower zones are selected
as surrounding rock attributes, and the
three attributes are input as the training
data set and test data set. Third, we ex-
tract the sand thickness values in actual
wells and virtual wells at the target stra-
tum in the study area. The sand thick-
ness is selected as labels of the
training set and test data set in machine
learning. In this process, the nonlinear
mapping between the surrounding rock
and the target stratum will be learned by
the SVR model. Fourth, this nonlinear
mapping relation is applied to fuse all
attributes for sand thickness prediction.



The fused attribute is a single map that can quantita-
tively characterize the sand thickness.

Optimal attribute selection
Principles of optimal selection

Seismic data are the response of the reservoir physi-
cal property, which includes a significant amount of in-
formation about the lithofacies and fluid. The changes
in the seismic waveform characterize the changes in the
physical properties (e.g., impedance). In general, geol-
ogists extract the horizontal attributes and analyze the
correlation between the horizontal attributes and sand
logging interpretation. A high correlation makes the
attribute available to predict the sand bodies. In the
attributes analytical process, multiple seismic attributes
are extracted and applied. We select the reservoir-re-
lated attributes from all seismic attributes.

There are three principles in the optimal selection of
seismic attributes: (1) select the attributes that have no
significant correlation, (2) select the attributes corre-
lated well with the target parameters, and (3) remove
attributes with noise information (seismic attributes
with low correlation coefficient) and ensure the mini-
mum loss of useful information.

Optimal selection of seismic attributes

Due to the low frequency of seismic data, we cannot
clearly recognize lithofacies in the section. We can pre-
dict the sand bodies distribution from statistical fea-
tures of seismic attributes. For example, the root-
mean-square value of amplitude attributes is usually
used to represent the sand thickness. Seismic attributes
have sensitivities to reservoir properties. Thus, the op-
timal selection of seismic attributes is of great signifi-
cance for guiding reservoir prediction.

In the formation Hba, 13 seismic surface attributes
are calculated by the software Petrel. The correlations

between seismic attribute values at six well points in
each subzone of the X gas field and the corresponding
sand thickness values are analyzed, and the Pearson
correlation coefficients are shown in Table 2. By
comparing the correlations between seismic attributes
and sand thickness, the seismic attributes with higher
correlation coefficients are optimally selected to pre-
dict the distribution of sand bodies. Four seismic attrib-
utes selected from 13 attributes, maximum trough
amplitude value, average trough amplitude value, total
absolute amplitude, and root-mean-square amplitude in
Hba showed high correlations (correlation coeffi-
cients >0.6).

Attribute fusion
Forward seismic simulation and establishment of
virtual wells

The few wells make the training data set of the SVR
method unconvincing, so the forward model is estab-
lished through the seismic forward simulation method.
In the forward model, we set some virtual wells to ex-
tract the properties as well logs, which increases the
number of training data sets.

In a forward simulation, we can calculate the seismic
data using a geologic lithofacies model, elastic param-
eters, and wavelet. Based on the statistical information
of well logs, the density and velocity of sand and mud
can be acquired. The Al parameters (the product of den-
sity and velocity) and the seismic wavelet are the base
of forward modeling. The final forward model is a new
seismic convolution model, specifically in the following
three steps.

Selection of Al and wavelet parameters

To decrease the difference between the original seis-
mic data and the forward model, the calculated Al
parameters of sand and mud are from the well logs

Table 2. The Pearson correlation coefficients between the seismic attributes and sand thickness of H5 in the X gas
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field.

Type of seismic attributes Rms MTA MPA TAA AA APA ATA AIP ARS AE ST
Root-mean-square amplitude (rms) 1 — — — — — — — — — —
Maximum trough amplitude (MTA) 0.621 1 — — — — — — — — —
Maximum peak amplitude (MPA) 0.813 0.862 1 — — — — — — — —
Total absolute amplitude (TAA) 0.866 0.672 0.655 1 — — — — — — —
Average amplitude (AA) 0.806 0.672 0.347 0.750 1 — — — — — —
Average peak amplitude (APA) 0.465 0.722 0.901 0.826 0.324 1 — — — — —
Average trough amplitude (ATA) 0.996 0.88 0.687 0.866 0.663 0.920 1 — — — —
Average instantaneous phase (AIP) 0.226 0436 0.322 0.312 0521 0.336 0.376 1 — — —
Average reflection strength (ARS) 0.684 0.322 0.421 0402 0543 0412 0.393 0.812 1 — —
Average energy (AE) 0.765 0.261 0.275 0.277 0.711 0283 0.287 0.751 0.942 1 —
Sand thickness (ST) 0.620 0.810 0.416 0.652 0.084 0537 0.620 0.125 0.237 0.065 1

The selected attributes are shown in bold.
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in the H5 sand group and are regarded as the corre-
sponding impedance parameters in the forward simula-
tion. The Al is the convolutional result of density
and velocity. Here, the mud density ranges from 2.4
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Figure 5. Statistical Ricker wavelet of the H5 sand group in
the X gas field.

Table 3. The parameters of the statistical Ricker
wavelet of H5 in the X gas field.

Length
128 ms 2 ms 25 Hz 0

Sample rate Central frequency Phase

to 2.65 g/cm’ and the velocity ranges from 2300
to 2350 m/s. The sand density ranges from 2.3 to
2.4 g/em® and the velocity ranges from 3050 to
3100 m/s. The wavelet also is an important parameter
in forward modeling. We calculate the average wavelet
in the seismic data of formation H5 as a modeling
parameter and the wavelet is shown in Figure 5 and
the parameters are shown in Table 3.

Forward response analysis of a conceptual model

The sand bodies pattern is the basement of the lith-
ofacies model and the seismic data are the response of
the lithofacies model. We calculate the conceptual
model and its seismic response for the foundation of
forward modeling. In a different sedimentary back-
ground, the conceptual model has a different pattern.
The core analysis (Figure 6) shows that the H5 forma-
tion is a shallow-water sedimentary system close to
land. Most of the sediments in the study area are fine
sandstone with a positive rhythm and gray mudstone.
The gray mudstone represents a sedimentary layer
above water and positive rhythm is an indication of a
channel or bar. The thick sand body that buries from
3226 to 3255 m with a box GR log is a typical bar. More
details of the sedimentary facies are not shown here;
the key point of our paper is the seismic processing
and interpretation method.

According to the analysis of sedimentary facies,
three conceptual modes with a special pattern and
the corresponding seismic response (Table 4) are

Table 4. Forward seismic response of different channel models.

Lithology model
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designed. The seismic response is calculated as follows.
(1) Forward seismic response of an isolated river chan-
nel in a single geologic era: this mode developed in a
channel belt. The seismic response shows that the sand
bodies’ thickness gradually reduces as the seismic am-
plitude weakens. When the seismic amplitude reaches
the minimum value, the sandstone turns into mud.
(2) The seismic response of the intersection channels
in a single geologic era: the seismic response shows that
the seismic amplitude gradually weakens as the sand
bodies’ thickness reduces. At the intersection where
the two channels meet, the sand thickness is thin
and the amplitude is weak. (3) Seismic response of
the intersection channels in the different geologic
era: this mode is a common phenomenon in the channel
sedimentary process. Two channels have different ele-
vations because of the different generation time and the
waveform in the intersection channel has a dislocation.

Seismic response characteristic analysis

The initial forward model is designed based on the
logging interpretation of well T3 and well X2. By com-
bining the well spacing, conceptual mode, and original
seismic response, the initial forward response is estab-
lished. In addition, the Al parameters of sand bodies be-
tween wells are the average impedance in formation
H5, ranging from 7000 to 10,000 g/cm®m/s. The wavelet
used in forward simulation is the statistical wavelet of
Hb5, with the dominant frequency of 28 Hz.

If the resolution is sufficient, the single sand body
can be recognized from the original seismic data. The
seismic data in the marine setting make it difficult to
recognize sand bodies clearly. In forward modeling,
we obtain the finer result in parts as follows:

1) Establish a lithologic model (Figure 7a).
2) Calculate the corresponding seismic response
(Figure 8a) based on the convolution mode.
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Figure 6. Lithologic features of well X3 in formation Hua-
gang 5, showing the log (GR and RT) and core description;
the well location is shown in Figure 1b.

Figure 7. Lithologic model of section T3-X2.
(a) Initial hypothesis model derived by the
seismic response. (b) Final lithologic model
for forward modeling of section T3-X2. The
yellow is the sand facies and gray represents

X2
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3) Compare the seismic response in the second step
with the actual seismic data (Figure 8b).

4) If the error is not able to reach the requirement, the
lithologic model is revised manually.

5) Run steps 2—4 to decrease the error between the for-
ward response and initial seismic data.

6) When the error reaches the requirement, stop the
forward simulation.

The final lithologic model and forward seismic
response are shown in Figures 7b and 8c. In visual,
the final seismic response (Figure 8c) is still different
from the original seismic data (Figure 8b), especially
the well T3 of H5. There are two reasons: (1) the origi-
nal seismic data are affected by the weather in marine
and acquisition technology, and different noises cause
significant difficulties in seismic data. (2) The lithologic
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Figure 8. (a) Initial forward seismic response: synthetic seismic response of Figure 7a and the forward seismic response calculated by
Figure 7a has a big bias with original poststack seismic data (b). (b) Original poststack seismic data of the study area: yellow lines are
well T3 and X2 and the blue lines draw the outline of seismic wiggle. (c¢) Final forward seismic response: the synthetic seismic response
of Figure 7b and the final forward seismic response fit original seismic data well. The blue lines draw the outline of seismic wiggle.
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model replies to the well-logging interpretation and has
the same resolution as wells. Even though the forward
response is different from the initial seismic response in
the position of the wells, the forward model with the
low error that meets the conditional wells can charac-
terize the sand bodies’ distribution accurately. Based on
the final lithology model generated by forward simula-
tion, we set 16 wells for extension of the training data
set in SVR.

The virtual wells (16 in total, as shown in Table 5)
with a spacing of 90 m are inserted in the forward
model, and the sand thickness values at the virtual well
points in the H5a and H5b are extracted as labels of
training data, as shown in Table 5.

Attributes fusion and result verification

Through the optimal attribute selection, the result
shows that the maximum trough amplitude and sand
thickness have the highest correlation coefficient, so
the maximum trough amplitude is used for predicting
the sand thickness. The 16 virtual wells are set as the
training data set and six actual wells are set as the test
data set. The test data set is used to certify the predic-
tion result.

After the operation using the SVR method, the multi-
ple seismic attributes fusion results (Figure 9) of forma-
tions Hba and Hbb are obtained. The sand thickness of
the test data set in formations H5a and H5b is shown in
Table 6; the difference between the fusion attribute and
sand thickness is small. It can be discovered through
the correlation analysis (Figure 10) that the multiple
seismic attributes fusion results have a high correlation
with the sand thickness and the square of correlation
coefficients is 0.9276 and 0.8597. Compared with the lin-
ear regression (Pearson correlation in Table 2), the cor-
relation coefficient is much higher (the highest value of
the Pearson correlation coefficient is 0.81, whereas the
square of the correlation coefficient is higher than
0.8597). Figure 10a and 10b shows a
low P-value (P < 0.01). It proves that

the multiple seismic attributes fusion a)

2.83 to 43.46 m, and the average thickness is 20.85 m.
The thick sand bodies concentrate in the southwest of
the study area, whereas the sand bodies in the northeast
are thinner than those in the southwest. In the middle,
thick sand bodies are locally developed with a short

Table 5. Sand thickness at well point.

Well Thickness Thickness
Well type name of Hba (m) of H5b (m)
Virtual well XN1 27.16 26.75
XN2 24.64 26.94
XN3 9.09 31.25
XN4 8.68 32.00
XN5 8.78 24.64
XN6 11.59 33.83
XN7 13.20 33.82
XN8 12.29 34.42
XN9 11.33 34.18
XN10 8.28 33.70
XN11 2.81 14.60
XN12 20.07 21.67
XN13 20.42 22.01
XN14 19.77 22.58
XN15 11.15 22.94
XN16 13.70 22.94
Actual well T3 27.40 26.20
X1 7.31 15.48
X2 2.83 22.83
X3 24.10 30.53
X4 43.33 27.37
X6 8.30 20.31
b)

method is more suitable to predict the
distribution of sand bodies in Hba
and H5b.

Sand prediction and sedimentary
interpretation

The fusion attribute has a high corre-
lation with sand thickness in wells, thus
it can be used to predict the sand thick-
ness distribution. Based on the sand
interpretation data of well logs, the dis-
tribution of sand thickness in Hba and
Hb5b can be characterized (Figure 11).

Legend

(o] wen
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From Figure 11a, the sand bodies show
a continuous and wide distribution and
the sand thickness is horizontally non-
uniform. The six wells all drill the sand
bodies, the sand thickness ranges from

Figure 9. Results of multiple seismic attributes fusion in the X gas field. (a) Pre-
diction result of H5a sand thickness by SVR. (b) Prediction result of H5b sand
thickness by SVR. The label of the data set is the sand thickness and the results of
SVR are attributed to be related to sand thickness.
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band distribution. From Figure 11b, the sand bodies
show a continuous and wide distribution and the sand
thickness is relatively horizontally uniform. The six
wells all drill the sand bodies, the sand thickness ranges
from 15.48 to 30.53 m, and the average thickness is
24.48 m. The thick sand bodies are distributed in the
middle, east, and north of the study area.

Based on the fusion seismic attribute and well-logging
interpretation, the composite channels boundary can be
predicted under the guidance of sedimentary knowledge.
Then, we can recognize the bars and overbanks base on
channels. The sedimentary interpretation shows that the
three channels of H5a meet from the northeast, north,

and northwest directions. Eighteen bars are identified

Table 6. Comparison table of the sand thickness and fusion attribute

of H5a and H5b in the X gas field.

Sand thickness

Fusion attribute Sand thickness Fusion attribute

Well of Hba (m) of Hba of H5b (m) of Hbb
T3 274 21.1 26.2 25.01
X1 7.31 13.71 15.48 18.1
X2 2.83 7.3 22.83 22.52
X3 24.1 22.12 30.53 30.61
X4 43.33 33.21 27.37 25.33
X6 8.3 16.51 20.31 24.02
a) b)
% 40 y=0.5468x + 8.6626 ‘E 40 ¥=0.7033x +7.5071
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Figure 10. Correlation analysis of the sand thickness of test wells and seismic
multiattributes fusion results in the X gas field. Sand thickness and fusion attrib-
ute of six actual wells are shown in Table 6. (a) Correlation of fusion attribute
with thickness in Hba. (b) Correlation of fusion attribute with thickness in H5b.

a)

Contour Well - Lo

b)

Contour

Well

Thickness (m)

35
| 3

Figure 11. Sand thickness maps in the X gas field. The blank areas represent
thickness 0. (a) Predicted sand thickness map of H5a with fusion attribute by
SVR (Figure 9) and correlation coefficient in Figure 10. (b) Predicted sand thick-
ness map of H5b with fusion attribute by SVR (Figure 9) and correlation coef-
ficient in Figure 10. A high correlation coefficient makes the fusion attribute

become sand thickness directly.
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in the channels, which are mainly located
at the center of each channel, with a
length of 500-2000 m and a width of
200-1000 m. The dams show potato-like
or narrow banded distribution (Fig-
ure 12a—12c). The channels of H5b have
a similar shape as Hba. Sixteen bars are
identified in the river channels and are
mainly distributed at the center of each
river channel, with a length of 300-
1500 m and a width of 200-1000 m. Most
of them show narrow banded distribu-
tion (Figure 13a-13c).

Discussion

The method that we proposed helps
the low-frequency marine seismic inter-
pretation. When we cannot characterize
the reservoir feature by the original post-
stack data, we can fuse useful informa-
tion, such as statistical attributes and
sand thickness by well-log interpretation.
The machine-learning algorithm is a good
way to delve into the complicated map-
ping relation between training data and
labels. And we can predict the labels
of test data by the mapping relation.

Compared with the general seismic in-
terpretation, the proposed method com-
bines with the seismic attributes and
machine-learning algorithm. General
seismic interpretation selects the optimal
attribute that has the highest correlation
to sand thickness in wells. And then, the
optimal attribute can be used to charac-
terize the sand distribution. However, all
statistical attributes in marine seismic
data have no good correlation to sand
thickness by linear regression; it is not
available for seismic interpretation in
low-quality seismic data.

SVM has been applied to seismic inter-
pretation for many years and has a good
effect. However, the algorithm is limited
by the quantity of the data set, especially
in marine settings. The drilling cost in
marine exploration is too expensive, so
several wells are not sufficient to use
SVM for interpretation. The method that
we proposed adds some virtual wells by
seismic forward modeling. And SVR is
more appropriate for a few training data
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Figure 12. Sedimentary facies interpretation
of H6a based on the fused attribute in the X gas
field. (a) The interpretation section based on
the well logging of Hba, (b) the feature of
the sand bar of H5a based on the fusion attrib-
ute, and (c) sedimentary interpretation of Hba.

Figure 13. Sedimentary facies interpretation
of Hb6b based on the fused attribute in the X
gas field. (a) The interpretation section based
on the well logging of H5b, (b) the feature of
the sand bar of H5b based on the fusion attrib-
ute, and (c) sedimentary interpretation of H5b.
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sets than SVM. To solve the low-frequency seismic data
and few wells condition of marine settings, the proposed
method is better than general seismic interpretation and
other methods based on SVM.

Conclusion

The multiple seismic attributes fusion method with
SVR provides an important way to help the interpreta-
tion of marine oilfields with few wells and low-quality
seismic data. In this process, forward seismic simula-
tion creates a significant amount of effective wells to
improve the training data set of SVR. The SVR algorithm
extracts the nonlinear mapping relationship between
sand thickness and seismic attributes, which is then ap-
plied to predict the distribution of sand thickness. The
results show that sand thickness prediction has a high
correlation with the real sand thickness. The method is
reliable and can be applied to sand thickness prediction
and sedimentary interpretation. Compared with the
general seismic attributes interpretation, the method
acquires a new fusion attribute that has a higher corre-
lation with sand thickness. The SVR algorithm provides
a good way to extract useful information from seismic
attributes, whereas linear regression uses a single opti-
mal attribute for interpretation. Thus, the fused attrib-
ute provides more information than linear regression. In
particular, the attributes of shoulder beds are added to
the SVR learning process. Based on the fusion attribute
and wells interpretation, a convincing sedimentary fa-
cies interpretation can be acquired by researchers. It
is helpful to analyze the reservoir architecture and di-
rect the development plan. But in the forward simula-
tion, it requires much time to revise the lithologic
model. In the future, we have to improve the speed
of establishing the prior lithologic model. And the
processing method that can improve the quality of seis-
mic data may be an available way to improve the geo-
logic interpretation of the method.
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