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The use of seismic attributes for hydrocarbon exploration is well established, and the integration of multiple
attributes by supervised machine learning is increasingly being applied as an effective method for attribute
optimization. However, this method relies upon a dense array of wells to be employed as a training dataset,
which limits its application to fields with sparse boreholes, especially offshore. To address this limitation, this
study proposes a novel method of seismic attribute integration driven by forward seismic modeling, enabling the
integration of multiple attributes by supervised learning in fields with a limited number of wells. This proposed
method consists of two main tasks: (i) establishing a forward geological (lithological) model on a well-correlation
section by forward seismic modeling, based on seismic data and wells from the study area; (ii) fusing multiple
seismic attributes by supervised machine learning, employing the forward geological model and its synthetic
seismic reflection as the training dataset. This method is applied and tested on a real-world case study from the
East China Sea region. In this case study, seismic surface attributes of root-mean-square amplitude, max peak
amplitude and sweetness are selected and then integrated using the proposed method. The integrated seismic
attribute shows significant advantages for the detection of channel belts. Notably, it results in markedly
improved correlation between seismic attribute and sand thickness, with the correlation coefficient increasing
from 0.586 to 0.849, compared to the original seismic attribute.

1. Introduction

The use of seismic attributes for hydrocarbon exploration and
reservoir characterization is well established, with extensively docu-
mented applications to the identification of thin beds, faults, and hy-
drocarbon sweet spots (Chopra and Marfurt, 2005; Hosseinyar et al.,
2019; McArdle et al., 2014). Extensive research has been devoted to the
improvement of the resolution and reliability of seismic attributes,
which falls in two different strands: (i) derivation of new attributes by
means of dedicated algorithms (Chopra and Marfurt, 2005; Hart, 2008;
Zhang et al., 2014), and (ii) development of new workflows and
multivariable algorithms for utilizing multiple existing attributes (Li
et al., 2019a; McArdle et al., 2014; Yue et al., 2019). More than one

hundred of seismic attributes have been developed in the past forty
years, but only a few attributes have been developed in recent years that
show significant advantages in the identification of thin beds and sweet
spots, compared to established ones (Chopra and Marfurt, 2005; Li et al.,
2020; Mahob and Castagna, 2003; Shao et al., 2021). On the other hand,
a series of case studies has shown that the integration of multiple
existing seismic attributes with new comprehensive workflows holds
promise as a predictive approach (La Marca and Bedle, 2022; Naseer and
Asim, 2017; Wang et al., 2017). Therefore, research on improved
attribute integration has received special attention, and recent work on
the integration of multiple seismic attributes by machine learning with a
supervised algorithm has particularly improved seismic interpretation
(Anifowose et al., 2019; Li et al., 2020, 2021; Sediek et al., 2022; Yue
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et al., 2019; Zheng et al., 2022a, 2022b). However, this type of method
requires a large amount of well-log data to be used as a training dataset,
from which the algorithm can learn. Such methods are therefore only
suitable for areas in which dense arrays of wells are present, which
greatly limits its application and popularization.

Forward seismic modeling is a forward modeling technique applied
to simulate the seismic reflection of geological models, by means of
different synthetic algorithms (Hilterman, 1975; Tomasso et al., 2010),
which has been widely applied in the identification of sequence strati-
graphic features, structural features, thin beds and sedimentary facies
(Armitage and Stright, 2010; Bakke et al., 2013; Eichelberger et al.,
2017; Tomasso et al., 2010; Yue et al., 2019). It is generally argued,
however, that forward seismic modeling should be based on real-world
geological observations for it to act as a sound basis for guiding seismic
interpretation (Bakke et al., 2013; Hilterman, 1975; Li et al., 2019b;
Stright et al., 2014). Therefore, the outputs of forward seismic modeling
based on well and seismic data may provide a training dataset for
seismic interpretation in areas with limited wells (Bakke et al., 2013;
Eichelberger et al., 2017; Tomasso et al., 2010; Yue et al., 2019), by
enabling the integration of multiple seismic attributes with supervised
machine learning.

The aim of this study is to develop a novel method for seismic-
attribute optimization that leverages forward seismic modeling and
machine learning algorithms. By achieving this aim, we will be able to:
(i) overcome inherent limitations in intelligent integration of multiple
seismic attributes with machine learning, i.e., its need for a dense well
dataset; and (ii) to broaden the scope of this approach to fields with
limited numbers of wells.

(a)
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2. Geological setting

The study area lies in the Xihu Sag, the East China Sea shelf basin.
The Xihu Sag is a Meso-Cenozoic sedimentary basin, which is bounded
to the west by the Central Uplift Group, to the east by the Taiwan-Sinzi
Fold Belt, to the north by the Fujiang Sag, and to the south by the Dia-
obei Sag (Fig. 1a) (Hao et al., 2018). The stratigraphic interval of interest
is part of the Huagang Formation (Paleogene, Cenozoic) (Fig. 1b), which
is interpreted as a fluvial succession deposited by braided rivers and
braided-river deltas (Xu et al., 2020; Zhou et al., 2020). This target in-
terval includes four reservoir zones, ranging in thickness from 35 m to
60 m (Fig. 1b). The depth of the interval ranges from 2900 m to 3500 m.

3. Dataset and methodology

This research develops a novel method for seismic-attribute optimi-
zation driven by forward seismic modeling, in which the selection of
seismic attributes and tools of the forward seismic modeling and spectral
decomposition were used. Hence, the integrated workflow, spectral
decomposition, forward seismic modeling, and selection of seismic at-
tributes are detailed in this section.

3.1. Dataset

There are 11 wells in the study area; W1, W2 and W3 are vertical
wells, whereas the others are deviated wells. These wells are concen-
trated around a drilling platform, and as such most of the field area is not
covered by drilled wells (Fig. 2a). Therefore, integration of multiple
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Fig. 1. (A) Tectonic framework of the East China Sea area (modified after Hao et al., 2018). The red box highlights the Xihu Sag. Abbreviation: ECSSB - the East
China Sea Shelf Basin, WDG - the West Depression Group, CUG - the Central Uplift Group, WDG - the East Depression Group. (b) Profile of well W1 in the Huagang
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Fig. 2. (A) Map showing the study area and the well location. (b) Normalized spectra of original, low-frequency and high-frequency spectral-decomposed
seismic data.

seismic attributes with supervised machine learning is difficult because bandwidth of 7-43 Hz and a dominant frequency of 25 Hz (Fig. 2b). The
the sparse wells cannot provide a significant supervised training dataset. inline and crossline spacings are 12.5 m and 25 m, respectively; the
All the wells have wireline logs, including gamma ray (GR), acoustic vertical sample interval is 2 ms. The seismic data were processed to a
(AQ), density (DEN), and deep and shallow laterologs (LLD and LLS). normal polarity display. The P-wave velocity of the study interval is
The study area is covered with a 3D seismic cube, with an effective between 3800 m/s and 4150 m/s, based on the statistics from the
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acoustic wireline logs.

3.2. Integrated workflow of the proposed method

To address the limitation of fusing multiple seismic attributes by
machine learning, this research develops a novel method for seismic-
attribute optimization that leverages forward seismic modeling and
machine learning algorithms. The integrated workflow for this proposed
method can be summarized into five main steps: i) spectral decompo-
sition, ii) forward seismic modeling of the real well-correlation section,
iii) generation of pseudo-wells, iv) training by machine learning with a
supervised algorithm, v) application of the trained model to the actual

Original

Well logs seismic data
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seismic data (Fig. 3).

The first two steps are detailed in following sections 3.3 and 3.4. The
synthetic seismic model in the second step is produced using parameters
of the study area, including the lithological model, acoustic impedance
features and seismic wavelets, and in such way that it becomes com-
parable to the real seismic data. Therefore, this forward seismic model
provides a suitable training dataset for supervised machine learning. In
the third step (Figs. 3c), 100 equally spaced pseudo-wells were extracted
from this forward seismic model. Then, machine learning was performed
on the dataset of 100 pseudo-wells (Fig. 3d), with common supervised
algorithms for relatively small training datasets, including support
vector regression (SVR), random forest (RF), genetic neural network
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Fig. 3. Integrated workflow diagram outlining the methodology of seismic attribute integration driven by forward seismic modeling and machine learning. There are
five steps: a) spectral decomposition, b) forward seismic modeling, c) generation of pseudo-wells, d) training by machine learning, e) application of the trained model

to the actual seismic data.
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(GNN). Technical aspects of these algorithms were explained in our
earlier related articles (Li et al., 2019a, 2021). Machine learning with all
the three algorithms produced similar results. This article focuses on
results produced by machine learning with a SVR algorithm, in which a
radial basis function kernel was used, setting the machine learning as
explained in detail by Li et al. (2021). At last, the trained SVR model was
applied to integrate the seismic attributes over the study area (Fig. 3e),
as conditioned on the 11 wells, to predict sand thicknesses.

3.3. Spectral decomposition

Spectral decomposition is a kind of segregation technique in the
frequency domain, which can decompose the seismic amplitude cube
into its constituent frequency volumes (Castagna and Sun, 2006; Naseer
and Asim, 2017; Partyka et al., 1999). Each frequency cube can benefit
the analyses of seismic reflections and reservoir characterization. There
are several common techniques for spectral decomposition, in which the
continuous wavelet transform (CWT) has been a popular tool (Castagna
and Sun, 2006; Partyka et al., 1999; Postnikov et al., 2016; Sinha et al.,
2005). The time window of the CWT can adapt to frequency variations in
seismic signal. With decreases in frequency, the time window increases
and the resolution decreases, i.e. smaller time windows and higher
resolutions correspond to the highest frequency data. Thus, the
time-variant window can highlight detailed information on varied fre-
quencies (Bitrus et al., 2016; Li et al., 2019a; Postnikov et al., 2016).
This tool of CWT is proved to be robust and effective, and has been
applied extensively (de Matos et al., 2011; Li et al., 2019b; Naseer and
Asim, 2017; Sinha et al., 2005; Zeng, 2017). The original seismic data
were decomposed into a relatively low- and high-frequency seismic
cubes using the CWT technique and the Marr wavelet (as the mother
wavelet). It is important to ensure that the original seismic data have a
relatively-narrow effective bandwidth, so that it was merely decom-
posed into two seismic bands. The low- and high-frequency spec-
tral-decomposed seismic data have a dominant frequency of 19 Hz and
35 Hz, respectively (Fig. 1c). Compared to the low-frequency seismic
data, both original and high-frequency seismic data have their own
advantages: the former have more information and a higher
signal-to-noise ratio, whereas the latter have higher resolution (Armit-
age and Stright, 2010; Li et al., 2019b; Naseer and Asim, 2017; Tomasso
et al., 2010). Therefore, both types of seismic data were employed for
establishing the geological forward model.

3.4. Methods of forward seismic modeling
(1) Conceptual geological model

Two simple, conceptual geological models were designed as shown
in Fig. 4; these consist of a sandstone wedge in a mudstone background
(Fig. 4a), and of a mudstone wedge interbedded with two tabular
sandstones, in a mudstone background (Fig. 4b), respectively. According
to the scale of channel belts and mudstone interlayer the study area, the
thickness of both the sandstone and interbedded mudstone wedges
varies between 0 m and 50 m. The two tabular sandbodies in Fig. 3b
have a thickness of 25 m, equal to the average thickness of channel-belt
sandbodies.

The density and acoustic velocity of sandstone is 2.43 g/cm® and
3954 m/s, respectively; those of mudstone are 2.61 g/cm> and 4056 m/
s, respectively. These values were set based on the statistics from the
density and sonic wireline logs (Fig. 1b). Both geological models were
convolved to synthesize their seismic-reflection expression, using the
statistical wavelets extracted from the original and high-frequency
decomposed seismic data (Fig. 4), whose length is 128 ms with a
dominant frequency of 25 Hz. Also, a 90° phase shift was applied, in
order to obtain a better match between the seismic waveforms and the
geobody (Zeng and Backus, 2005).
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Fig. 4. Conceptual geological models and their synthetic seismic reflections
based on forward modeling. The reflections are synthetized using the statistical
wavelet extracted from the original seismic data, and are shown in a 90°-phase
display. (a) Simple sandstone wedge model. (b) Interbedded sandstone and
mudstone wedge model. The velocities of sandstone and mudstone is 3954 m/s
and 4056 m/s, respectively; the densities of sandstone and mudstone is 2.43 g/
em® and 2.61 g/cm?®, respectively. Forward modeling is based on concept of
“wave front sweep velocity” (Hilterman, 1975), and was carried out in Geo-
Graphix Seismic Modeling.

(2) Forward seismic modeling of well-correlation section

Seismic modeling of the well-correlation section was undertaken in
three steps (Fig. 5). First, an initial lithological model was established
based on GR logs, and controlled the 90°-phase waveforms of the orig-
inal and high-frequency seismic data. As shown in Fig. 4, the 90°-phase
waveforms are broadly associated with channel sandbodies. For the
initial model, channel bodies intersected by the wells were identified
using GR logs at first, and such identified channel bodies were then
extended to the area between wells based on waveform features of the
original and high-frequency seismic data. This geological model was
then transformed into an acoustic impedance model using wireline logs
of acoustic impedance (density and acoustic). Second, the resulting
acoustic impedance model was convolved to obtain a synthetic seismic-
reflection model using the statistical wavelet of the original seismic data.
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Fig. 5. Workflow diagram outlining the forward seismic modeling of a well-
correlation section. There are three main steps, including establishment of an
initial lithological model, convolution of the acoustic-impedance model, and
iterative adjustment of the synthetic seismic reflections.
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Finally, this synthetic seismic model was compared visually to the actual
seismic profile on the same well-correlation section. The initial
geological model was then adjusted iteratively until the synthetic
seismic reflection profile became comparable to the real seismic profile
along the well-correlation panel.

3.5. Selection of seismic attributes

The selection of seismic attributes is summarized into three steps.
First, 16 types of surface attributes that are commonly used to identify
channel sandbodies were calculated in the original seismic data, for each
reservoir zone. Second, correlations between surface attributes and sand
thickness interpreted from well logs were analyzed. For instance, it was
observed that in reservoir zone 2 eight types of seismic attributes show
relatively higher Pearson’s correlation coefficients (no less than 0.45)
with sand thickness (Table 1). These attributes were therefore selected
preliminarily. Third, cluster analysis was carried out, and only one kind
of attribute would be selected from each cluster to reduce redundant
seismic information (see below for details). Similarly, the same types of
attributes were selected from the low- and high-frequency spectral-
decomposed seismic data.

4. Results
4.1. Seismic attributes

Eight types of seismic attributes were selected preliminarily, ac-
cording to their correlation with sand thickness interpreted by well logs
(Table 1). These attributes were analyzed using a hierarchical cluster
algorithm, and were divided into three clusters (Fig. 6). The cluster 1
consists of seismic attributes MPA, APA MA and TA (Table 1; red color in
Fig. 6); the cluster 2 includes attributes of RMS, TAA and AAA (Table 1;
blue color in Fig. 6); the cluster 3 is the sweetness attribute. A single

Table 1

Seismic attributes and their Pearson’s correlation coefficient with sand thick-
ness. R indicates the Pearson’s correlation coefficient. Attributes are ranked in
order of decreasing strength in correlation. Correlations are considered statis-
tically significant for P-values less than 0.01.

Names of R for P- Names of R for P-
seismic attribute vs value seismic attribute vs value
attributes sand attributes sand
thickness thickness
Max Peak 0.586 <0.01 Total Energy 0.387 <0.01
Amplitude
(MPA)
Average Peak 0.551 <0.01 Average —0.324 <0.01
Amplitude Peak
(APA) Frequency
Root-Mean- 0.548 <0.01 Maximum 0.331 <0.01
Square Trough
Amplitude Amplitude
(RMS)
Total 0.521 <0.01 Instant 0.304 <0.01
Amplitude Frequency
(TA) Slope
Mean 0.514 <0.01 Average -0.272 0.012
Amplitude Trough
(MA) Amplitude
Sweetness 0.491 <0.01 Reflection —0.154 0.018
Strength
Slope
Total 0.477 <0.01 Average -0.118 0.036
Absolute Instant
Amplitude Phrase
(TAA)
Average 0.446 <0.01 Average 0.052 0.034
Absolute Reflection
Amplitude Strength
(AAA)
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Fig. 6. Dendrogram of the seismic attributes using hierarchical cluster analysis.
Clusters 1, 2 and 3 are shown in colors of red, blue and green, respectively.
Codes of the seismic attributes are explained in Table 1.

attribute type was selected from each cluster to reduce redundancy in
seismic information. Thus, eventually, attributes MPA, RMS and
sweetness were selected based on their correlation with sand thickness
(Table 1). Attributes MPA, RMS and sweetness were additionally
extracted from the high- and low-frequency dataset. The MPA attributes
calculated from original and high-frequency seismic data in reservoir
zone 2 are shown in Fig. 7; high-value areas indicate the overall spatial
distribution of channel-belt sandbodies. Resolution of low-frequency
seismic attributes is too low to detect channel belts, so they are not
used in this study. Channel belts outlined by the high-frequency attri-
bute appear as slightly more continuous.

4.2. Forward seismic modeling
(1) Responses of the forward seismic model

The two conceptual forward models (Fig. 4) were convolved to
synthetic seismic reflections, using statistical wavelets extracted from
the original and high-frequency seismic data (Fig. 8). The synthetic re-
sults indicate that channel sandstones are associated with peak re-
flections, whereas the interbedded mudstone is expressed by a trough
reflection, in 90°-phase display. Also, synthetic seismic reflections based
on the high-frequency statistical wavelet show a higher resolution,
yielding a better match between the geobody and the seismic waveforms
(Fig. 8).

4.3. Forward seismic model of a well-correlation section

Generally, original seismic data have a higher signal-to-noise ratio
(Fig. 8a and b), whereas high-frequency spectral-decomposed seismic
data have higher resolution (Fig. 8c and d) (Armitage and Stright, 2010;
Li et al.,, 2019b; Naseer and Asim, 2017; Tomasso et al., 2010). As
detailed in section 2.4 (Fig. 5), an initial forward lithological model was
established (Fig. 9¢) based on features of well logs and seismic wave-
forms (Fig. 9a and b). This geological model was then convoluted using
the statistical wavelet of the original seismic data, producing a synthetic
seismic-reflection model (Fig. 9d). Commonly, the amplitude range in
the synthetic seismic profile is similar to that of the actual seismic data,
because the used seismic wavelet and acoustic impedance information
are based on actual seismic data and well logs. Nonetheless, the
amplitude range of the synthetic seismic profile was corrected to match
that of the related, actual seismic profile, according to recorded
maximum and minimum values. This synthetic model was then
compared to the original seismic data on the same well-correlation
section (comparison between Fig. 9a and d). As may be expected, sig-
nificant differences exist between the synthetic and real seismic profile
(blue arrows in Fig. 9). Hence, the initial forward geological model was
adjusted iteratively (Fig. 9e), until the differences between the synthetic
and real seismic profiles became negligible or were deemed acceptable
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(Fig. 9a and f).
4.4. Integrated seismic attributes derived from forward seismic modeling

As explained in section 3.2, a total of 100 pseudo-wells were placed
in the adjusted, synthetic seismic-reflection forward model (five wells
are displayed in Fig. 9e and f). Sand thickness and seismic attributes of
each reservoir zone were then calculated around the pseudo-wells. Af-
terwards, supervised machine learning with a SVR algorithm was per-
formed between sand thickness and seismic attributes (i.e., MPA, RMS
and sweetness attributes, see Fig. 6) of the pseudo-wells, and a trained
SVR model was produced. Notably, the actual wells were not used in the
supervised machine learning. Lastly, the trained SVR model was applied
to integrate the MPA, RMS and sweetness attributes observed over the
study area.

Seismic attributes calculated from original and high-frequency
seismic data were used, respectively, because of their own advantages
as mentioned in section 3.5 (Armitage and Stright, 2010; Li et al., 2019b;
Naseer and Asim, 2017; Tomasso et al., 2010). The integrated attribute
using original MPA, RMS and sweetness attributes is shown in Fig. 10a,
and that using high-frequency MPA, RMS and sweetness attributes is

shown in Fig. 10b. The integrated attributes represent predicted sand
thickness based on training using the sand thickness of pseudo-wells.
Features of the integrated results are similar, showing similar channel
belts (Fig. 10a and b).

Channel belts mapped in the integrated attributes are more clearly
delineated than those recognized in the original attributes (Figs. 7 and
10). By combining the integrated attributes (Fig. 10b) and well logs
(Fig. 10d), the spatial distribution of architectural elements can be
reconstructed (Fig. 9c¢).

5. Discussion
5.1. Reliability and advantages

Wells that were not used in the supervised machine learning can be
utilized for cross-validation purposes, to evaluate the integrated seismic
attributes derived by forward seismic modeling. To this end, correlations
are evaluated between the sand thickness observed in actual wells and
both the integrated seismic attribute (Fig. 1la, corresponding to
Fig. 10a), and the original MPA attribute (Fig. 11b). The high correlation
exhibited by the integrated attribute highlights its predictive power
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geological model. Forward seismic modeling is based on the concept of ‘wave front sweep velocity’, and was carried out in GeoGraphix Seismic Modeling (LMKR).
Abbreviation: Al - acoustic impedance. Note: only five pseudo-wells are shown, by way of example.
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Fig. 10. Integrated attributes and predicted channel-belt sandbodies in reservoir zone 2. (a) Integrated attribute using the original MPA, RMS and sweetness at-
tributes, derived by forward seismic modeling. (b) Integrated attribute using the high-frequency MPA, RMS and sweetness attributes. The integrated attribute
represents a measure of predicted sand thickness. (c¢) Planform distribution of fluvial channel-belt sandbodies. (d) Well profiles of W1, W2, and W3, showing the

wireline log of GR and lithological section.

(Fig. 11a).

Overall, the integrated seismic attribute obtained using the proposed
method benefits from three significant advantages, compared to the
original seismic attributes (Figs. 7, 10 and 11), as follows. (i) The pro-
posed method results in improved correlation between seismic attribute
and sand thickness, with a higher correlation coefficient (0.849 vs.
0.586; Fig. 11a and b). (ii) Channel belts can be more readily traced
using the integrated attribute, than either using the original or high-
frequency MPA attributes (Figs. 7 and 10a). In particular, some of the
channel belts (indicated with arrows in Figs. 7 and 10a) are difficult to
identify in the original attributes, whereas they are mapped clearly using
the integrated attribute. (iii) The proposed method allows explicit pre-
diction of sand thickness.

5.2. Application prospects

The integration of multiple seismic attributes with machine learning
is an effective tool for attribute optimization, which has become
increasingly popular in recent years (Anifowose et al., 2019; Li et al.,
2020, 2021; Wang et al., 2020; Yue et al., 2019). However, application
of this kind of method commonly hinges upon the availability of a dense
array of wells that provide a training dataset for supervised machine
learning, which greatly limits its application to fields with limited well
control.

Due to the high drilling costs, offshore oilfields are often character-
ized by a limited number of drilled wells, commonly centered around a
drilling planform (e.g., Fig. 2a). Therefore, established approaches to
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Fig. 11. Correlation analyses for zone 2 based on the

11 actual wells. (a) Relationship between observed
sand thickness and integrated seismic attribute
derived by forward seismic modeling. This integrated
attribute is based on original MAP, RMS and sweet-
ness attributes, corresponding to Fig. 10a. (b) Rela-
tionship between observed sand thickness and the
original MPA attribute, corresponding to Fig. 7a. R? is
the coefficient of determination; P-values report the
statistical significance of correlations. Notably, the
pseudo-wells were used in the supervised machine
learning, whereas the actual wells are not used in the
supervised machine learning.
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seismic attribute optimization with supervised machine learning are not
often applicable to offshore fields undergoing exploration or appraisal.
Nonetheless, high-quality seismic data are commonly available in
offshore fields, which hence represent an ideal setting for the application
of the proposed method based on the generation of a training dataset to
supervised machine learning using forward seismic modeling. Similarly,
the proposed method can be widely applied in onshore fields undergoing
exploration, and for which limited well data may exist.

5.3. Limitations

There are two main limitations in the use of the proposed method of
seismic attribute optimization based on forward seismic modeling,
related to the heterogeneity of the reservoirs and the complexity of the
seismic data.

The approach relies crucially on sufficient similarity between the
lithological model used for forward seismic modeling and the reservoir
being studied, in terms of geometry, scale, density and stacking patterns
of channel bodies (Stright et al., 2014; Tomasso et al., 2010). However,
establishing a lithological model that adheres closely to the actual stratal
architecture of the reservoir is not a trivial task, due to intrinsic reservoir
heterogeneity (Li et al., 2020; Miall, 2006; Rafieepour et al., 2020;
Zheng, 2018; Zheng et al., 2019). Therefore, the geological model used
for forward seismic modeling must be realistic and contain appropri-
ately simplified patterns. The bias in the forward geological model is
also a potential limitation, because a well-correlation section occurs
over a small area that may not be representative of the field as a whole.

The second main limitation is due to the used seismic wavelet and
the complexity of the seismic data. To some degree, seismic wavelets can
vary in space in the seismic data, but this information is not readily
obtained (Hilterman, 1975). Hence, for simplicity, a uniform statistical
wavelet extracted from the seismic data is used in the forward seismic
modeling.

Nonetheless, the geological model and its synthetic seismic-
reflection model are still reasonable and reliable, for the following
reasons. First, the simplified lithological model shown in Fig. e is
relatively high-resolution, compared to the low resolution of seismic
data (0.25 wavelength is equal to 48 m). (ii) The seismic wavelet is not
expected to change markedly in the same seismic dataset at comparable
depths, justifying the use of a statistical wavelet extracted from the
seismic data (Hilterman, 1975; Stright et al., 2014; Yue et al., 2019). (iii)
Forward seismic modeling is effectively a primary seismic interpretation
method, whose evaluation is rendered possible by using control wells to
calibrate predictions of channel-body presence using integrated seismic
attributes derived from forward seismic modeling.

6. Conclusions

1. A novel method of seismic attribute optimization supported by for-
ward seismic modeling is proposed, which enables the integration of

10

Sand thickness of actual-wells (m)

multiple attributes using supervised machine learning in fields with
limited well control and improves the interpretation of seismic at-
tributes. This method includes two main tasks: (i) forward seismic
modeling of a well-correlation panel informed by seismic data, and
(ii) fusing multiple seismic attributes by supervised machine learning
using the forward seismic model as a training dataset.

2. Application of this method to a dataset consisting of 11 wells and a
3D seismic cube demonstrates that this approach to seismic attribute
optimization is a new powerful predictive tool. Compared to the
original seismic attributes, the integrated attribute produced by the
proposed method allows direct prediction of sand thickness, returns
a higher correlation between attribute and sand thickness, and re-
sults in clearer imaging of the planform distribution of channel-belt
sandbodies.
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