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ARTICLE INFO ABSTRACT
Keywords: Shallow hydrocarbon accumulation (SHA) and predrilling volume prediction are important components of
Shallow hydrocarbon accumulation offshore oil and gas exploration. However, SHA prediction is complex and involves geological and technical

Quantitative prediction
Machine learning

Ensemble neural network
Source-fault-sand evaluation

uncertainties. Despite advances in available technology, reliable and convenient methods for predicting SHA are
urgently needed by oil companies to avoid costly drilling mistakes. This study proposes a novel method for SHA
prediction by combining source-fault-sand (S-F-S4) evaluation and ensemble neural network (ENN) algorithms.

First, twelve main controlling factors affecting SHA, which predominantly included geological parameters
related to source rocks (S), fault zones (F) and sandstone reservoirs (Sq), were screened and quantified. Second,
the six principal components obtained after the dimensionality reduction of the main control factors were
selected as the model inputs. Then, using the BP neural network (BPNN), bagged neural network ensemble
(Bagged-NNE) and boosted neural network ensemble (Boosted-NNE) algorithms, three different SHA prediction
models with hydrocarbon column height (HCH) as the output were constructed. These models were applied to
the K gasfield in the Xihu Depression, East China Sea Basin, to evaluate and optimize the model performance.
Finally, the variable importance and the possible uncertainties in SHA prediction were discussed. The results
show that the Boosted-NNE model is superior to the Bagged-NNE and BPNN models in SHA prediction. Moreover,
the geological reserves of sandstone reservoirs calculated using the predicted HCH are close to the existing
evaluation, which proves the effectiveness of the model output. In terms of variable importance, the synthetic
parameters Fj, Fy, Fs and F4 obtained after dimensionality reduction are the four top principal components
contributing to the model output. Under single-factor control, the HCH is positively correlated with the hy-
drocarbon expulsion rate, shale gouge ratio, sandstone thickness, porosity and permeability, but the relationship
between the HCH and other controlling factors tends to be complicated. In addition, the model accuracy is
affected by the uncertainties arising from the quantification and screening of the main controlling factors, as well
as the dataset size and the machine learning algorithm selection. This contribution provides a reliable method for
SHA prediction and corresponding predrilling volume evaluation, which can help avoid costly drilling mistakes

and advance intelligent exploration techniques.
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1. Introduction

In the 21st century, despite the active discovery of unconventional
resources worldwide, conventional resources have remained an essen-
tial part of the energy supply because they are easier to exploit [1-5]. In
2013, conventional oil and gas reserves in China, the world’s largest
energy consumer, accounted for 25% of China’s total fossil energy
(Fig. 1) [6]. In 2021, the U.S. Geological Survey (USGS) estimated that
China’s undiscovered, technically recoverable conventional oil re-
sources, i.e., 13.4 billion barrels and 244.4 trillion cubic feet of natural
gas reserves, were spread across nine geological provinces [7]. With
China’s onshore exploration entering a highly mature stage, offshore
shallow hydrocarbon accumulation (SHA) has gradually become the
focus of China’s conventional hydrocarbon exploration to ensure energy
security [8]. During the “13th Five-Year Plan” period (2016-2020), the
Chinese government vigorously promoted offshore SHA exploration and
successfully discovered 26 large-medium oil-gas fields in the Bohai Bay
Basin, East China Sea Basin, Pearl River Mouth Basin, etc. [9]. Typically,
these types of oil-gas fields have mostly been discovered in shallow
buried reservoirs that are vertically away from source rocks (Fig. 2a),
where fault zones behave as vertical seepage conduits [8,10-12]. In the
process of vertical migration along faults, hydrocarbons tend to diverge
laterally into adjacent sandstone reservoirs and are eventually captured
by different fault-bounded traps (Fig. 2b) [8,13,14]. However, hetero-
geneous source rocks (S), fault zones (F), sandstone reservoirs (S4) and
their diverse configurations make SHA and its corresponding volume
challenging to predict, posing potential risks for future offshore drilling
and exploration. Thus, reliable and convenient methods for predicting
SHA remain the goal pursued by China’s oil explorers and companies to
avoid costly drilling mistakes.

In shallow oil-gas systems, various source—fault-sand (S-F-S4) con-
figurations constitute the basic geological framework for SHA. Specif-
ically, source rocks control the material conditions of SHA depending on
their geochemical features [14,15] and hydrocarbon expulsion charac-
teristics [16,17]. According to petrophysical properties, faults and
sandstones can behave as vertical and lateral conduits (or barriers),
respectively, or can be combined into different fault-bounded traps
capable of capturing and storing shallow hydrocarbons [18-20]. At
present, there are many methods that can independently evaluate the
hydrocarbon generation/expulsion of source rocks [16,17,21], the
transport (or sealing) capacity of faults [12,22-27], and the transport (or
storage) capacity of sandstones [20,28-31]. By constructing linear
models, expert scoring methods [32], analytic hierarchy processes [33]
and multiple regression methods [34] have been applied to realize hy-
drocarbon accumulation prediction by combining multiple geological
factors. However, due to the strong geological heterogeneity and the
multifactor joint contribution, the hydrocarbon accumulation process is
actually complicated and shows an uncertain nonlinear relationship
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with geological elements. To this end, some scholars recently proposed
nonlinear models based on major geological elements to predict the
plane favorable zone of hydrocarbon accumulation [35,36]. Neverthe-
less, highly uncertain hydrocarbon migration progress within S-F-Sq
configurations, which is the key issue for SHA prediction, is not
accounted for in these models. In addition, these studies only focus on
the location of hydrocarbon accumulation without revealing the corre-
sponding oil-gas volume, which is crucial for determining whether
offshore shallow oil-gas reservoirs are economically recoverable. Thus,
existing methods also induce a high risk of offshore shallow hydrocar-
bon exploration in practical applications.

With the rapid development of artificial intelligence (AI), evaluation
(or prediction) models based on machine learning (ML) algorithms are
widely used in transportation, healthcare, electricity and other fields,
and have made positive significance [37-40]. The application of ML in
the oil-gas industry is also increasing rapidly, involving geological
feature identification (or classification), oil-gas content evaluation, and
production prediction [41,42]. In previous studies, several ML tech-
niques have been introduced to solve classification and regression
problems in petroleum engineering and geology. Among them, decision
tree (DT), random forest (RF), support vector machine (SVM) and arti-
ficial neural network (ANN) are commonly used due to their remarkable
performance. The DT and RF techniques outperform other ML algo-
rithms in solving classification problems, and have been applied in li-
thology identification [43,44], reservoir classification [45], and fault
sealing evaluation [46]. The SVM technique presents unique advantages
in dealing with nonlinear, high-dimensional, and potentially sparse
datasets. This technique has been applied to forecast reservoir properties
(e.g., porosity and permeability) [47-51], petroleum properties (e.g.,
interfacial tension) [52] and resource potential [53]. The ANN is the
most popular ML model widely used for complex regression and opti-
mization problems [42,54]. By simulating the basic principles of the
biological nervous system and network topology, ANN can establish a
mathematical model capable of nonlinear representation and logical
operation [55-57], thereby solving complicated geological problems
that cannot be addressed by traditional methods. The most widely used
ANN model is the multi-layer neural network using the backpropagation
algorithm, also known as BP neural network (BPNN). BPNN has the
advantages of excellent fault tolerance, spontaneous learning and
adaptability [58,59]. It has been proven to perform well in predicting
total organic carbon (TOC) [60], reservoir properties [61], CO;
geological storage [62], etc. Nevertheless, the single BPNN model also
faces the challenges of slow convergence, low generalization, and un-
stable output. To this end, ensemble learning algorithms have been
proposed to improve the prediction performance by integrating multiple
basic (or weak) models [63-65]. Two popular methods for constructing
ensembles are bagging (bootstrap aggregating) [66] and boosting [67].
Bagging only generates different bootstrap samples from the original
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Fig. 2. (a) Conceptual model showing typical shallow hydrocarbon accumulation in offshore areas within China. (b) A schematic diagram of different fault-bounded

hydrocarbon traps. HCH = hydrocarbon column height, WOC = water—oil contact.

training set for training different components. Boosting builds an
ensemble by integrating multiple serially trained components, where
each weak component can adaptively adjust the training set based on the
performance of previously added components. Both bagging and
boosting techniques can divide difficult prediction tasks into some
relatively easy prediction subtasks and produce consistent prediction
results for the original data [65]. Thus, ensemble learning tends to be an
effective way to improve the prediction accuracy of complex regression
problems in petroleum geology, especially for SHA prediction with a
limited number of instances, high-dimensional feature sets, and highly
complex trends.

The objective of this study is to introduce a reliable method for SHA
prediction based on source-fault-sand (S-F-Sq) evaluation and ensemble
neural network (ENN), which can help petroleum explorers or com-
panies avoid costly drilling mistakes caused by uncertain shallow hy-
drocarbon accumulation within offshore reservoirs. In this investigation,
an SHA prediction model based on a BPNN is first established on the
basis of the systematic quantification of geological parameters related to
S-F-Sq. Then, the bagged neural network ensemble (Bagged-NNE) and
boosted neural network ensemble (Boosted-NNE) algorithms are used to
improve the model performance. Finally, the optimal ensemble model is
adopted to predict the SHA and hydrocarbon column height (HCH).
Compared with previous reports, the innovations of this paper can
address the following problems: (1) optimizing the quantitative char-
acterization of geological factors controlling SHA, including sour-
ce-fault-sand (S-F-Sq)-related geological and fluid characteristics, (2)
constructing a fast and reliable model for SHA and its volume prediction
to meet the decision-making requirements of offshore hydrocarbon
exploration, and (3) providing an idea for transforming digital oil fields
into intelligent oil fields by combining quantitative geological evalua-
tion with an ensemble neural network. This contribution provides an
efficient and rapid way to achieve quantitative prediction of SHA and
the HCH, thereby reducing the risk of offshore hydrocarbon exploration
and avoiding costly drilling mistakes.

2. Materials and methods
2.1. Data preprocessing

The data for this study were collected from the SINOPEC Shanghai
Offshore Oil & Gas Company and China National Offshore Oil Corpo-
ration (CNOOC) Research Institute. These data consist of the 3D seismic
volume after poststack geostatistical inversion, as well as logging, oil-
—gas testing, production and experimental analysis data of 22 drilling
wells. These data were utilized to quantitatively characterize six sets of
geological factors that control SHA associated with S-F-Sq, including
hydrocarbon charging conditions, fault zone characteristics, sandstone
reservoir characteristics, fault-sand intersection geometry, trap char-
acteristics, and fluid properties. All of these input parameters were
standardized before being input to the model. Moreover, the HCH was
used as a quantitative indicator (output variable) to represent the
disparity of the hydrocarbon accumulation volume in different traps.
The quantification procedure of the geological parameters is as follows.

2.1.1. Hydrocarbon charging condition assessment

Source rock is an essential material basis for SHAs in petroliferous
basins. Theoretically, only source rocks of sufficient geological and
geochemical quality can support hydrocarbon expulsion. For a set of
source rocks, the hydrocarbon expulsion capacity tends to decrease from
the center of the basin or depression to the shallow buried marginal area.
Thus, only the faults connected with source rocks with hydrocarbon
expulsion ability can provide vertical hydrocarbon charging for SHA. In
this study, four parameters, namely, the hydrocarbon expulsion rate
(HER), charging duration (CD), fault-source contact thickness (FSCT)
and vertical charging distance (VCD), were quantified to evaluate the
hydrocarbon supply conditions of source rocks. The HER is the
comprehensive reflection of source rock thickness, organic matter type,
maturity, total organic carbon content (TOC), etc., and typically reflects
the hydrocarbon quantities produced by source rock per unit area
(square kilometers) in each million years. Since HER values vary with
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Fig. 3. Evaluation methods for parameters related to hydrocarbon charging conditions. (a) Combination of basin simulation with fluid inclusion homogenization
temperature analysis to determine the charging duration (CD) and corresponding hydrocarbon expulsion rate (HER). (b) Use of the source-fault-sand configuration
to determine the fault-source contact thickness (FSCT) and vertical charging distance (VCD).

the geological evolution history, Petro-mod software provided by
Schlumberger was used to obtain the HER values during the major
charging period (Fig. 3a). The CD refers to the duration of large-scale
hydrocarbon charging, which can be determined by the fluid inclusion
homogenization temperature and the corresponding basin thermal
evolution history. The larger the CD value is, the longer the continuous
hydrocarbon charging. The FSCT is defined as the vertical contact
thickness between the fault zone and source rock, which physically
represents the fault-sand contact area per unit width (Fig. 3b). Faults
with larger FSCT values tend to receive more hydrocarbon supply when
the hydrocarbon expulsion rate remains constant. In addition, the VCD
represents the linear distance needed for hydrocarbons to migrate from
the source rock to the target sandstone reservoir (Fig. 3b). The larger the

VCD value is, the more material and dynamic support is needed for
vertical hydrocarbon charging. The VCD can be calculated by the
following equation:

VCD = VD x arcsin(FDA) @

where VCD is the vertical charging distance, m; VD is the vertical dis-
tance between the source rock and the target sandstone reservoir, m; and
FDA is the dip angle of the fault, °.

2.1.2. Quantification of fault zone conduits

As a complex three-dimensional geological body, faults can act as
either conduits or barriers for SHA. Unlike normally deposited strata,
fault rocks are formed by the mixing of host rocks that are fractured and
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dragged into the fault zones [68-71]. It is difficult to directly charac-
terize the physical properties of fault rock because the corresponding
cores are rarely captured during drilling. According to existing studies,
the main controlling factors of transport (or sealing) performance of
faults can be summarized as spatial width [72-75], mudstone content
[12,24,71] and stress conditions [12,25-27]. Thus, three parameters
affecting the petrophysical properties of fault rocks, namely, fault throw
(FT), shale gouge ratio (SGR) and normal stress to fault plane (NS), are
selected to characterize the fault transport capacity. The FD value is
usually positively correlated with the fault zone width [72,73] and
negatively correlated with the fault rock granularity [75]. The
increasing FD value often contributes to the widening of the fault zone
width and the reduction in the fault rock pore space. Moreover, the
mudstone content of fault rock is negatively correlated with its physical
properties, which can be quantitatively characterized by the shale gouge
ratio (SGR) (Fig. 4a) [24], as shown in Eq. (2).

SGR = >~ shale bed thickness  100%
fault throw
or
SGR — >~ [(Zone thickness) x (Zone shale fraction) ] « 100% )

fault throw

With respect to stress fields, the NS determines the tightness of the
fault surface and the compression deformation of the fault rock. The NS
is derived from both the overlying vertical stress and regional horizontal
tectonic stress (Fig. 4b) [25-27], which can be quantitatively calculated
by Eq. (3).

NS = H(p, — p,,)*0.009876cosa + Ssinfisina ©)

where NS is the normal stress to the fault plane, MPa; H is the burial
depth, m; pp and p, are the densities of overburden sediments and for-
mation water, g/cm®, respectively; « is the fault dip angle, °; & is the
principal tectonic stress, MPa; and f is the intersection angle between
the principal tectonic stress and fault strike,°.

2.1.3. Quantification of sandstone reservoir

Sandstone can act as a lateral conduit while providing storage space
for hydrocarbon accumulation. For the SHA, the lateral hydrocarbon
diversion at the fault-sand contact site determines whether the sand-
stone reservoir is charged. In sandstone control, the thickness, porosity
and permeability properties affect the lateral fluid flow and redistribu-
tion. Generally, thick-bedded sandstone is more conducive to lateral
diversion than thin-bedded sandstone due to its larger contact cross-
sectional area with the fault zone (Fig. 5a). On the other hand, lateral
hydrocarbon diversion is more likely to occur when the physical prop-
erties of sandstone are superior to those of fault rocks, and sandstone
with larger porosity/permeability tends to be a preferential seepage
conduit (Fig. 5b). Meanwhile, sandstone with greater thickness/porosity
is capable of providing more storage space for SHA. Thus, sandstone
thickness (ST), porosity (POR) and permeability (PERM) were selected
as parameters to characterize the sandstone reservoir in this study.

2.1.4. Quantification of fault-sand intersection geometry

Buoyancy-driven hydrocarbon migration makes fault-sand inter-
section geometries critical for SHA. In this study, the fault dip angle
(FDA), sandstone dip angle (SDA) and fault-sand intersection angle
(FSIA) are selected to characterize the geometric features of the
fault-sand configuration (Fig. 5¢). The FDA, distributed in the range of
0° to 90°, can control the hydrocarbon flow velocity by changing the
parallel fault buoyancy component. The SDA value is defined between
—90° and 90°, where the up-dip and down-dip sandstones correspond to
SDA values of 0-90° and — 90°-0°, respectively. Because the buoyancy
remains vertically upward, the up-dip sandstones are more prone to
lateral hydrocarbon divergence than the down-dip sandstones in the
fault-sand intersection site. The FSIA is measured from the fault hanging
wall along the dip direction and has a value of 0° ~ 360°, where a value
of 0° ~ 180° represents sandstone on the hanging wall, whereas a value
of 180° ~360° corresponds to sandstone on the footwall. Once the FDA,
SDA and FSIA are determined, the spatial geometric characteristics of
the fault-sand configuration can be accurately described.

2.1.5. Quantification of trap characteristics
Effective trapping conditions are the basis for capturing shallow oil
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Table 1

Hydrocarbons exhibit characteristics of different fault-bounded traps and their
assigned values (TT) in the K gasfield of the Xihu Depression, East China Sea
Basin.

Content Trap types of oil and gas reservoirs
Fault- Fault- Fault- Sandstone No
anticline block nose pinch-out trap
Number of
discovered 25 28 18 8 0
reservoirs
Cumulative oil-gas 507.70 47943 23881 346 0
show thickness (m)
Percentage of
hydrocarbon 40.28 38.03 18.95 2.74 0
accumulation (%)
Average
hydrocarbon- 21.15 1775 1404  4.94 0
bearing thickness
(m)
Assignment (TT) 1.00 0.84 0.66 0.23 0

and gas. The target traps in this study are typically fault-bounded traps,
which can be divided into four types: fault-anticline, fault-block, fault-
nose and sandstone pinch-out traps. Fault-anticlinal traps can capture
hydrocarbons that diverge laterally along sandstone by both anticlinal
structure and fault sealing. Thus, even if a fault is not capable of lateral
sealing, the anticlinal structure can still store hydrocarbons. In contrast,
fault-block and fault-nose traps rely entirely on fault lateral sealing to
capture hydrocarbons, which makes it difficult for weakly sealed traps to
accumulate hydrocarbons. Sandstone pinch-out traps mainly rely on
lithologic sealing to capture oil and gas. Only when the accumulated
hydrocarbon column reaches the spill point will hydrocarbon accumu-
lation be affected by the fault sealing ability. In this investigation, the
constraints of traps on SHA were quantified by counting the size of the
discovered oil-gas reservoirs in various traps (Fig. 6). Specifically, the
fault-anticline trap with the highest average hydrocarbon-bearing
thickness was assigned a trap type (TT) value of 1, representing the
most favorable trap type for SHA in terms of statistical hydrocarbon-
bearing thickness (Table 1). Other trap types were assigned TT values
depending on the ratio of their average hydrocarbon-bearing thickness
to the average hydrocarbon-bearing thickness of the fault-anticline trap.
For cases where no effective traps were developed, we assigned a TT
value of O, indicating that there is no condition for capturing

A
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hydrocarbons.

2.1.6. Quantification of fluid properties

The fluid properties within the source-fault-sand geological frame-
work, including pore fluid pressure (P), density (DEN), and viscosity
(VIS), can control hydrocarbon migration efficiency to some extent. For
basins that exhibit overpressure, excess pressure provides an extra
driving force for hydrocarbon migration in addition to buoyancy. P can
be effectively evaluated by combining measured pressure data with the
equivalent depth method based on logging [12]. On the other hand,
density/viscosity tend to affect the hydrocarbon flow velocity within the
fault-sand carrier system as the temperature and pressure conditions
change. The lower the density/viscosity of hydrocarbons is, the faster
the flow velocity. In this study, the density/viscosity of hydrocarbons
under different temperature and pressure conditions were obtained by
pressure-volume-temperature (PVT) experimental data.

2.1.7. Hydrocarbon column height assessment

Estimating hydrocarbon volume is an important part of the explo-
ration process because it determines whether a prospect contains
enough hydrocarbons to justify drilling an exploration or appraisal well.
However, obtaining hydrocarbon volumes is often challenging due to
the complex trap morphology and diverse geological parameters
needed. To simplify quantitative work, the hydrocarbon column height
(HCH) is utilized in this study to approximately characterize the volume
disparity of SHAs. The HCH is defined as the height of the continuous
hydrocarbon column measured from the structural apex down to the
hydrocarbon-water contact (Fig. 7). This parameter is the most critical
parameter affecting volume calculation and is more convenient to
obtain [76]. For fault-bounded hydrocarbon traps, the trap height and
hydrocarbon column height were determined by measuring the depth of
the structure apex, fluid contact and spill point. Once the HCH value was
determined, the SHA and its corresponding volume in sandstone reser-
voirs adjacent to the fault can be quantitatively reflected. More specif-
ically, the predicted HCH and the corresponding available trap geometry
can be employed to estimate the horizontal gas-bearing area. On this
basis, hydrocarbon volumes of different SHAs can be estimated using the
volumetric method of gas reservoir geological reserves calculation (see
details in the section “4.4. SHA prediction result™).

Structural apex depth

Spillpoint depth

Reservoir

Dimensions:
A-Burial depth: seabed to structural apex

C-Trap height: apex to spillpoint

B-Hydrocarbon column height (HCH): structural apex to fluid contact

Reservoir

apeéx depth

Reservoir

(a)

(b)

Fig. 7. A schematic diagram of a fault-bounded hydrocarbon trap: (a) hydrocarbon column height and (b) hydrocarbon-bearing area [76].
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2.2. Main control factor screening and dimensionality reduction

Main control factor screening and dimensionality reduction pro-
cessing are effective approaches to improve the rationality and accuracy
of the SHA prediction model to be constructed. However, the screening
of the main controlling factors of SHA in existing reports is highly sub-
jective. On the basis of the established database, the gray correlation
analysis, Pearson correlation coefficient, Spearman correlation coeffi-
cient and Kendall correlation coefficient were used in this study to rank
the influencing factors of SHA [54,77-80]. These approaches were
combined with the significance test to determine the main controlling
factors [81]. In the gray correlation analysis, the similarity or dissimi-
larity between the development trend of each factor is determined by
using the HCH as the reference sequence and all parameters related to
S-F-S4 as the comparison sequence. The Pearson correlation coefficient
measures the linear correlation between two groups of data, whereas the
Spearman and Kendall correlation coefficients evaluate the correlation
degree between two variables according to the ranking position or order
of the original data. According to the above evaluation methods, the
ranking of each geological influencing factor in multiple correlation
parameters can be obtained respectively. In practice, the ranking of a
geological parameter tends to vary among different correlation param-
eters, while the corresponding weights are challenging to be artificially
assigned due to complex nonlinear geological trends. In this study, the
weights of multiple correlation parameters are treated as the same, and
then the arithmetic average of the five correlation parameters

mentioned previously is utilized as the basis for the comprehensive
ranking. However, controlled by the number of spatial samples, a large
correlation coefficient does not necessarily correspond to a high corre-
lation degree. To this end, the significance test of the correlation co-
efficients based on IBM SPSS software was adopted to eliminate
unimportant parameters and thereby determine the main controlling
factors. During the significance test, IBM SPSS software initially assumes
that the correlation between the two variables is zero and then calculate
the corresponding probability value (abbreviated as P value or Sig
value) for this hypothesis to be true. If the Sig value is small, it implies
that the probability of the two variables being uncorrelated is low, and
therefore the original hypothesis tends to be rejected and the alternative
hypothesis (i.e., the two variables are correlated) is accepted. Thus, a
smaller Sig value usually indicates a higher correlation. More specif-
ically, 0.05 and 0.01 are universally recognized as two Sig thresholds
(also known as significance levels) for judging the correlation degree
between two variables. Sig > 0.05 indicates no significant correlation
between the two variables, while Sig <0.05(*) reflects a significant
correlation and sig < 0.01 (**) demonstrates an extremely significant
correlation. In addition, to eliminate the possible multicollinearity be-
tween different factors, the principal component analysis (PCA) method
was used to transform the main controlling factors from the high-
dimensional space to the low-dimensional principal components [82].
In this way, the obtained principal components retain the meaningful
properties of the original data and ideally approximate its intrinsic
dimension.
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2.3. BP neural network (BPNN)

2.3.1. Artificial neural network structure

In this study, IBM SPSS Modeler (Version 18.0) was used to build the
basic artificial neural network (ANN) model for SHA prediction. The
ANN model consists of three parts: an input layer, a hidden layer, and an
output layer. In this work, the six principal components obtained by
screening and dimensionality reduction of S-F-Sg-related parameters
were input into the input layer. Meanwhile, the HCH is chosen as the
result of the output layer of the neural network model to reveal the
volume variation of SHA. In subsequent work, the number of hidden
layers and the corresponding number of nodes are determined and
optimized. A typical three-layer neural network structure with a hidden
laying containing 10 nodes is shown in Fig. 8.

2.3.2. Basic principles of the BPNN algorithm

As a nonlinear transformation system, the ANN can perform
nonlinear operations on complex problems and establish input-output
prediction models [83-85]. To date, various ANN models with different
learning rules have been proposed, among which the BPNN has been
widely used due to its excellent fault tolerance, spontaneous learning
and adaptability [58,59]. The BPNN is essentially a multilayer feedfor-
ward ANN based on error backpropagation algorithm training [86]. The
working process of the BPNN follows the steps of forward propagation,
error backpropagation, loop iteration and learning convergence.

During forward propagation, the input data are processed and
transmitted through the hidden layer to the output layer, where the state
of each layer of neurons is only affected by the previous layer of neurons
[54]. The difference between the output value and the actual value
(expected value) is defined as an error signal, and when it fails to meet
the accuracy requirements of the model, error backpropagation will
occur. At this stage, the error signal is propagated from the output layer
to the input layer, during which the weights and thresholds are updated
to bring the output closer to the actual value [87]. After many loop it-
erations, the neural network gradually converges and finally yields the
desired output. Once the structure and connection functions of the BPNN
are defined, the implementation process of the BP neural network al-
gorithm is as follows [42,54,88,89]:

Step 1: Network initialization. Suppose that there are n, p, and q
nodes in the input, hidden and output layers, respectively. The network
input is defined as X;= (x1, X1, X»), the connection weight between the
input layer and the hidden layer is {w; }, where i=1, 2, -, n and j=1, 2,
-, p. The threshold for the hidden layer is represented by {6}, where
j=1, 2, -, p. The connection weight between the hidden layer and the
output layer is expressed as {vjt}, where j=1, 2, --,pand t=1, 2, -+, q. The
threshold for the output layer is defined as {,}, where t=1, 2, -, g. The
output of the neural network is Cx= (c1, ¢1, ¢g)-

Step 2: Forward propagation. In the process of forward propaga-
tion, the input set is processed sequentially by the hidden layer and the
output layer. First, by utilizing the input X;, the connection weight w;
and the threshold 6, the hidden layer input S]’-‘ and output bJ’-‘ can be
calculated as follows:

SE= wixi—0 k=12 nj=1.2,p @
i=1
1
k __ k) _
bi *f(Sf) - 1 +€—s/‘ ®)

where n is the number of nodes of the input layer, p is the number of
nodes of the hidden layer, and f(-) is the nonlinear activation function
(sigmoid) for the hidden layer.

Subsequently, according to the output b]’-‘ from the hidden layer, the
connection weight v;; between the hidden layer and the output layer,
and the threshold y, of the output layer, the output layer input L]’-‘ and
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output CJk can be calculated as follows:
P

LE=Y"vby =y =12, pit =1,2,q (6)
i=1

C=f(Lf) =L} %)

where p is the number of nodes of the hidden layer, q is the number of
nodes of the output layer, and f(+) is the linear activation function for the
output layer.

Step 3: Error back propagation. The backpropagation of the error
adjusts the weights and thresholds of each layer according to the
gradient descent principle. For the k-th input sample, the network pre-
diction error Ej can be determined by the network output CF and the
actual value y&:

1 & 2
Ec=5> (f-c)) ®
=1
By using the gradient descent method, the connection weight v, and

threshold y, associated with the output layer can be updated based on
the error:

' dEk>

Vi = Vi —1 9

e (avjt

OE, OE 0C,

de, a 0C, 0v,, o 6’ b] (10)

, OE,

n=r —rz(a—k> an
7,

0E, O0E, oCy oL,
— =5 12
dy, OC, oL, oy, ' (12)

where v}'-t and 7, are the updated weight and threshold associated with
the output layer, respectively, 5 is the learning rate of the neural
network, and ¢ is the error gradient of the output layer.

The connection weight w; and threshold 6; related to the hidden
layer are updated according to the following calculation.

, OF

S (W> 13)
OE, < OE, C, oL\ db; 05

9 _ 9C 0Ly} 9B 05 _ 5. 1
ow; (;ac, oL, b, ) 35, awy O as
o OE,

0, =06 —r](a—g/) (15)
9B _ [ §~OE: G, OL,\ 0b; 0S; _ o (16)
00;  \ < 9C, oL, 0b, | 0S; 90;

where Wu and 9} are the updated weight and threshold associated with
the hidden layer, respectively, 5 is the learning rate of the neural
network, and §; is the error gradient of the hidden layer.

Step 4: Loop iteration.

Determine whether the network error or the number of algorithm
iterations meets expectations. If not, go back to Step 2 and repeat the
steps above.

2.3.3. Determination of the numbers of layers and nodes

In this investigation, the principal components (F;) obtained after
dimensionality reduction are used as the input variables of the BPNN
model. Thus, the number of input layer nodes is equal to the number of
principal components (6 in this paper). The output of the BPNN model is
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the hydrocarbon column height (HCH), which can reflect the SHA vol-
ume in sandstone reservoirs. Therefore, the output layer node is 1. The
BPNN model can theoretically have multiple hidden layers. However,
the use of too many hidden layers may lead to problems such as over-
fitting and nonconvergence. This study selects a neural network struc-
ture with only one hidden layer, which can approach most nonlinear
continuous functions with arbitrary accuracy [54]. Similarly, multiple
hidden layer nodes can effectively reduce the training error but can also
lead to an increase in training time and a decrease in convergence speed.
According to the empirical formula [54,90-92], the following equation
can be used to calculate and optimize the number of hidden layer nodes:

m=+/p+q+a 17)

where m represents the number of hidden layer nodes, p is the number of
input layer nodes, g is the number of output layer nodes, and a is a
constant between 1 and 10. For the BPNN model in this study, p is 6 and
q is 1, so the number of hidden layer nodes is selected in the range of
3-13. By training BPNN models with different hidden layer nodes, the
mean absolute error (MAE) and root mean square error (RMSE) can be
used as accuracy indicators to optimize the number of hidden layer
nodes.

2.3.4. Optimization of the network connection function

The selection of the activation (or transfer) function affects the
learning rate and prediction output of the BPNN model [93,94]. In
general, the activation function should be continuously differentiable to
meet the requirement of gradient sensitivity during reverse error
descent. In this study, the sigmoid function is adopted as the activation
function of the hidden layer because its input set can be an arbitrary real
number and can meet the large-scale and multiparameter requirements
of the prediction model [54]. The activation function of the output layer
varies according to the classification and regression problems. For the
regression problem, the linear function can effectively preserve the
format and range of the output values of the previous layer, thus
ensuring that the output can be arbitrarily predicted values. Thus, the
linear function is chosen as the activation function of the output layer of
the BPNN model [54,95]. In this way, a three-layer BPNN model is
constructed, as shown in Fig. 8.

2.4. Bagged neural network ensemble (bagged-NNE)

When using a single BPNN model for SHA prediction, there are often
challenges such as slow convergence, low generalizability, and unstable
output. Ensemble learning algorithms can effectively improve the pre-
diction performance by integrating multiple basic (or weak) models
[63-65]. The bagging (bootstrap aggregating) ensemble algorithm im-
proves the unstable output of the predictive model by integrating mul-
tiple parallel-trained weak learners into one strong learner [66]. To
construct the Bagged-NNE model, the bootstrapping sampling technique
is applied to randomly select different training subsets for basic
component model training (Fig. 9). The basic components are the typical
three-layer BPNN model described above. After completing the training
process, the outputs of all BPNN models need to be integrated according
to specific strategies to build a powerful prediction model. For the SHA
predictions in this study, the final output of the Bagged-NNE model is
generally obtained by averaging the prediction results of all individual
components, as shown in Eq. (18):

H(x) = % > hi(x) (18)

where h; is the component model, h;(x) represents the output of concrete
instance x in h;, T is the number of components of Bagged-NNE model,
and H(x) is the final output of the Bagged-NNE model.

With BPNNs as components of the Bagged-NNE model, the
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pseudocode of the bagging algorithm is as follows:

Step 1: Training phase.

Input:

S: An original training sample set {(x1,Y1),(X2,Y2),® e e, (Xn,¥n)}
with input space X = (xj,X2--Xxp), where N is the number of training
samples.

T: The number of components of Bagged-NNE model.

Output: The Bagged-NNE model

Fort=1, 2, ---T do

(1) Randomly select m inputs from the training sample set S as a
subspace S;.

(2) Use the BP algorithm to train the component network h;.

(3) Put the training samples back into the original training set.

Obtain the network components of the Bagged-NNE model (h;,
ha--hy).

Step 2: Prediction phase.

Project the given x into different subspaces (S1,S2---S7).

Obtain predictions of different network components in the Bagged-
NNE model: h:(S:(x) )(t=1,2,---T).

Calculate the prediction result of the Bagged-NNE model using the
averaging method: H(x) = 1 327 h(S,(x)).

2.5. Boosted neural network ensemble (boosted-NNE)

Boosting is another popular way to build ensembles by integrating
multiple serially trained weak learners, where each weak learner can
adaptively adjust the training set based on the performance of previ-
ously added components [67,96]. Thus, these component models tend to
be highly dependent on each other. By increasing the number of itera-
tions, the boosting ensemble algorithm can produce a strong learner
with near-perfect performance, thereby showing great advantages in
improving the model accuracy. The construction process of Boosted-
NNE is shown in Fig. 9. After training the first randomly generated
BPNN model, the training set of each subsequent component is contin-
uously adjusted according to the performance of the previous BPNN
model. Generally, samples with larger errors tend to appear with greater
weight in the updated training subset to build the new component. In
this way, a strong Boosted-NNE model that satisfies the accuracy re-
quirements can be obtained after many repeated iterations [97]. Using
BPNNs as components of the Boosted-NNE model, the implementation
process of the boosting algorithm is as follows:

Step 1: Training phase.

Input:

S: An original training sample set {(x1,y1), (X2,Y2),® ® e, (xn,¥n)},
where N is the number of training samples.

T: The number of components of the Boosted-NNE model.

D;: The sample weight vector for the t-th iteration, where each
sample has an initial weight of 1/N, and D; = 1/N.

Output: The Boosted-NNE model

Fort =1, 2, ---T do

(1) Use the BP algorithm to train the sample set under weights D; to

obtain the weak neural network model h;.
(2) Calculate the error rate of neural network h;:

E = ZD,Z(i)(y,» — hy(x;) )2 19

where y; and h(x;) are the true value and predicted value of the i-th
sample of the neural network, respectively.

(3) Update the weights of the training samples based on the error
rate:
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1

(20)
where g, = E;/(1 — E;) and Z, is the normalization factor.
(4) Calculate the weight of the neural network: a; = In(1/p,)

Obtain the network components of the Boosted-NNE model (h;,
ho-+hy).

Step 2: Prediction phase

(1) Input the given x to obtain the predictions for the network
components in the Boosted-NNE model: h:(x) (t=1,2,---T).
(2) Calculate the predictive output value of the Boosted-NNE model:

H(x) =37 h(x) x a; (t=1,2,---T)

12



F. Wang et al.

(a)

(b)

Applied Energy 359 (2024) 122684

China

East China
Sea Basin

Xihu Depression

S5km

Burial depth

™7 shallow

wil
Wi1-2
20km Well location
==
Normal faults
[=]
Gas field =
@ Profile line
Study area) L Block
] -
Structure Model
belt (C) prediction area
J Tectoni
System| Series Formation ,(AMg:) S&l::r'::e (F)\)i??(?(r)\ll( %acﬁ)( bl o Symbol
Quater- i
nEiy Q Donghai Qd oF Sulbsi-
Pliocene | Santan N,s dence
5.3 T
)
Liulang NI ===
e Mudstone
o)
§ Miocene | Yuquan| N2y & ey
- c Sandstone
Longjing N, o
E;h, =
. ) Source rock
Oligocene|Huagang Eh| | B | o
E,h, Y
E,p, B0 Reservoir
N I R I R A R S—
2 e LD
o))
o Pinghu | E,p
© Eocene Caprock
o Ezps g
3
:
Baoshi | E,b &5 g )
2 £ |Unconformity
E2b2 0_:
56.5
d Paleoceng] ? =
( ) 65.0

Fig. 11. (a) Structural maps showing the location of the East China Sea Basin and the Xihu Depression. (b) Tectonic map of the Xihu Depression showing the location
of the K gasfield. (c) Structural map of the K gasfield showing the normal fault systems, exploration wells, profile location and modeling range. (d) Stratigraphic
histogram showing the lithology, source-reservoir-cap configuration and tectonic stages in the K gasfield of the Xihu Depression.

13



F. Wang et al.

W5

Applied Energy 359 (2024) 122684

\“\

(@]

Hydrocarbon
accumulation

Fault

Upper member Lower member

Longjing-Donghai

Fm. of Huagang Fm. of Huagang Fm.
!
(N;1-Qd) (E;hy) (Eshy)
Upper-middle member Lower member  Baoshi Fm.
of Pinghu Fm. of Pinghu Fm. (E,b)
(E.p,.) (Eqps)

Fig. 12. The profile of the K gasfield of the Xihu Depression. See Fig. 11c for the location of the profile.

Table 2
The distribution range of parameters related to source-fault-sand (S-F-Sq)
evaluations.

Geological factor No.  Parameter Minimum  Maximum  Average
HER (Mtons/

Hydrocarbon 1 Kkm®Ma) 0.10 1.20 0.686
charging 2 CD (Ma) 4.0 6.1 4.58
condition 3 FSCT (m) 150.00 500.00 346.86

4 VCD (m) 2.10 1706.00 737.75
5 FT (m) 3.00 337.76 147.48

Fault zone conduit 6 SGR (%) 8.00 87.00 43.16

7 NS (MPa) 23.53 123.40 80.11

Sandstone 8 ST (m) 0.648 108.200 9.365

reservoir 9 POR (%) 0.001 21.244 9.928

10 PERM (mD) 0.004 120.671 8.623

fault-sand 11 SDA (°) —23.15 25.67 0.70
intersection 12 FDA (°) 64.28 87 74.362
geometry 13 FSIA (°) 51.92 302.4 160.415

Trap characteristics 14 TT 0 1 0.625
15 P (MPa) 23.96 69.5 45.029

3
Fluid properties 16 Dsl:s((gl/giri ) 0.13 0.30 0.21
17 0.21 0.33 0.27
mPa.s)

2.6. Model performance evaluation and optimization

For the regression problem in this study, three indicators, the mean
absolute error (MAE), root mean square error (RMSE) and R-squared
(R?), were selected to assess the performance of different predictive
models [45]. The MAE indicates the average absolute value of the de-
viation between the predicted value and the actual value and can
accurately reflect the actual prediction error without canceling each

14

other out. The MAE is expressed as:

1 m
MAE = P A,’ 21
- ?:1 [yi = 3il @D

where y; is the true value, y; is the predicted value, and m is the number
of samples.

The RMSE represents the square root of the mean squared error of the
predicted value and the true value, allowing the dimension of the pre-
dicted value to be consistent with the original value. The RMSE is given
by:

RMSE = (i =) (22)

1

m
i=

The R? evaluates the quality of the predictive model by analyzing the
difference between the predicted value and the actual value [98], and
the closer to 1 this value is, the higher the accuracy of the model. The R?
can be expressed as:

(23)

where y denotes the average of the observed data.

In this way, by comparing the performance of the BPNN, Bagged-
NNE, and Boosted-NNE models, the most suitable model for SHA pre-
diction can be determined.
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Table 3

Correlation ranking of controlling factors for hydrocarbon column height of SHA.

VIS

DEN

NS ST POR PERM SDA DA FSIA TT

SGR

FT

VCD

CD FSCT

HER

Parameter

0.885
—0.04
—0.036
—0.05

0.891

0.942
—0.039
—0.042
—0.059

0.992
~0.345%*
~0.365*
~0.456%*

0.817

0.916
—0.127*
—0.043
—0.063

0.986
—0.277**
—0.347**
—0.480**

0.991
0.228%*

0.990
0.280%*

0.997
0.709**

0.893
—0.187**
—0.226%*
—0.333**

0.995

0.827
0.036
0.063
0.091

0.989 0.662 0.591
—0.459%* —0.341%*

—0.489%*
—0.619**

0.993

Gray
Pearson

—0.04
—0.036

0.037

0.488%*

—0.009
—0.013
—0.021

—0.356**

Correlation

0.266**

0.353**  0.526**

0.510%*

0.389**

—0.302%*
—0.422%*

—0.448%*
~0.601**

Kendall

Spearman

coefficient

—0.05

0.364**

0.499**  0.720**

0.536%**

0.538**

16

15

14

15

13

11

16

17

17

Lowest

ranking
Highest
ranking
Average
ranking

13

12

10

10

10

12

16

Relevance

ranking

14.5

13.5

12.75

75

5.

2.5

1

11.75

7.75

4.25

6.5

2.25

10.75

25

3.

13.5

10.25

16.75

Note: Sig > 0.05 indicates no significant correlation; sig < 0.05 (*) indicates a significant correlation; sig < 0.01 (**) indicates an extremely significant correlation.
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2.7. Workflow to predict SHA

The above ANN models were applied to quantitatively predict SHA in
the three steps. First, the main controlling factors affecting SHA in the
target area were systematically quantified. These factors mainly include
geological conditions related to source rocks (S), fault zones (F) and
sandstone reservoirs (Sq). Second, all the main controlling factors were
standardized and dimensionally reduced to obtain the principal com-
ponents that retain meaningful properties of the original data. Finally,
these principal components were input into the optimal neural network
model for SHA prediction, thereby obtaining the HCH of sandstone
reservoirs within the fault-bounded traps. Prospectively, the predicted
HCH can be used for predrilling volume assessment and to determine if a
prospect contains enough hydrocarbons to justify drilling an exploration
or appraisal well. Fig. 10 is a comprehensive technical guide for the
entire research methodology in this contribution.

3. Geological setting

The Xihu Depression is the focus of conventional hydrocarbon
exploration in the central East China Sea Basin, occupying a total area of
5.18 x 10* km? [99,100] (Fig. 11a). This area can be divided into four
structural subunits, from east to west, namely, the Eastern Fault-Fold
Belt, the Central Anticline Belt, the Western Sub Sag and the Western
Slope Belt (Fig. 11b). On the whole, the Xihu Depression has undergone
three tectonic evolution stages: the rifting stage (65.0-32.0 Ma), thermal
depression stage (32.0-5.3 Ma) and regional subsidence stage (5.3 Ma-
present) [101-103] (Fig. 11d). In the process of depression evolution,
the stratigraphic units were mainly filled by marine-continental transi-
tional deposits [104]. These units can be divided from top to bottom into
the Quaternary Donghai Group (Qd), Pliocene Santan Formation (Nos),
Miocene Liulang Formation (N31), Yuquan Formation (N3y), Longjing
Formation (N11), Oligocene Huagang Formation (Esh), Eocene Pinghu
Formation (Eyp) and Baoshi Formation (Eab). According to the sour-
ce-reservoir—cap rock units, the dark mudstone and coal seam devel-
oped in the lower member of the Pinghu Formation (Eyps) act as the
main source rocks, while the sandstone distributed in the Egb, Eop and
Esh formations serves as the primary set of oil-gas reservoirs. The
continuous thick mudstone on the top of the Egp and Egh formations is
the regional caprock to prevent hydrocarbons from vertical leakage.
Thus, the unique source rock and overlying multilayered sandstone
reservoirs constitute the petroleum system within the E;p and Egh for-
mations [11], covering most of the oil-gas accumulations discovered
thus far.

In this investigation, the K gasfield in the Western Slope Belt is
selected as the study area (Fig. 11c). In this area, the southwest- to
northeast-trending normal faults and sandstone reservoirs deposited
under marine-continental transition environments are developed. These
normal faults can spatially connect the source rocks of the Eops member
of the Pinghu Formation with overlying sandstone reservoirs, thus
providing potential vertical seepage conduits for SHA [11,12]. In addi-
tion, due to the complex depositional environment, sandstone reservoirs
adjacent to faults differ greatly in thickness and connectivity. The Esh
formation is filled with sandstone bodies in lacustrine, fluvial, and
deltaic environments with good spatial connectivity. The upper member
(E2p1) and middle member (Esps) of the Pinghu Formation are charac-
terized by thick-bedded distributary channel sandstones in a deltaic
environment, whereas the Eyps member is dominated by thin-bedded
sand bodies in a tidal flat environment. Thus, controlled by the het-
erogeneous source-fault-sand configuration, the hydrocarbons in the K
gasfield are mostly found in fault-bounded traps after long-range verti-
cal migration along the faults [105,106] (Fig. 12) concentrated in the
shallowly buried sandstone reservoirs of the Esp;, Eopa and Esh forma-
tions. Therefore, SHA control factor analysis and quantitative prediction
are essential to reduce future exploration risks in the K gasfield and Xihu
Depression. The K gasfield is the most highly explored and data-rich area
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Pearson Correlation Coefficient

HER 0.398 | 0.028 [ 0.25 0.025 | -0.319 . -0.088 -0.217 | -0.192 | 0.359 | 0.322 | 0.322 -0.356 1
CD 0.398 -0.211 | 0.298 | -0.04 | -0.308 | 0.412 | -0.181 -0.286 | 0.413 | -0.23 0.266 | 0.174 | 0.169 | 0.169 0.3 0.9
FSCT| 0.028 | -0.211 -0.006 | 0.219 | -0.004 [ 0.164 | -0.027 [ 0.057 | -0.035 [ 0.036 | 0.038 | 0.062 | 0.125 | 0.067 | 0.067 | -0.024 | -0.009 0.8
VCD | 025 0.298 | -0.006 -0.289 | -0.364 | -0.126 | 0.05 0.145 0.13 -0.15 0.258 | -0.341 0.7
FT 0.025 | -0.04 | 0.219 0.131 -0.031 | -0.254 | -0.282 | 0.132 -0.047 0.035 | 0.036 0.6
SGR | -0.319 | -0.308 | -0.004 | -0.289 | 0.131 -0.187 | 0.259 | 0.288 | 0.144 | -0.314 | -0.153 | 0.157 | 0.023 | 0.036 | 0.036 | -0.134 0.5
NS 0.412 | 0.164 | -0.364 -0.187 -0.027 0.109 0.159 | -0.187 0.4
ST -0.088 | -0.181 | -0.027 | -0.126 | -0.031 | 0.259 | -0.027 0.194 | 0.083 | -0.063 | -0.103 | -0.032 | -0.01 | -0.014 | -0.014 | -0.135 0.3
0.057 0.05 -0.254 | 0.288 0.194 0.326 | -0.014 | -0.394 | -0.395 | -0.395 | -0.089 | 0.28 0.2

-0.035 | 0.145 | -0.282 | 0.144 0.083 -0.323 | 0.405 | 0.071 | -0.362 | -0.371 | -0.371 | -0.218 | 0.228 0.1

0.036 | 0.13 0.132 | -0.314 -0.063 -0.323 -0.121 | -0.275 | 0.267 | 0.267 | 0.267 | 0.209 | -0.277 0

FDA | -0.217 | -0.23 0.038 -0.153 -0.103 | 0.326 | 0.405 | -0.121 -0.237 -0.025 | -0.127 -0.1
FSIA | -0.192 | 0.266 | 0.062 | -0.15 | -0.047 | 0.157 | 0.109 | -0.032 | -0.014 | 0.071 | -0.275 | -0.237 0.156 | 0.152 | 0.152 | -0.338 | 0.037 -0.2
P 0.359 | 0.174 | 0.125 0.023 -0.01 | -0.394 | -0.362 | 0.267 0.156 0.1 -0.039 -0.3
DEN | 0.322 | 0.169 | 0.067 0.036 -0.014 | -0.395 | -0.371 | 0.267 0.152 0.077 | -0.04 -0.4
VIS 0.322 | 0.169 | 0.067 0.036 -0.014 | -0.395 | -0.371 | 0.267 0.152 0.077 | -0.04 -0.5
-0.024 | 0.258 | 0.035 | -0.134 | 0.159 | -0.135 | -0.089 | -0.218 | 0.209 | -0.025 | -0.338 0.1 0.077 | 0.077 -0.345 -0.6
-0.009 | -0.341 | 0.036 -0.187 0.28 0.228 | -0.277 | -0.127 | 0.037 | -0.039 | -0.04 -0.04 | -0.345 -0.7
HER | CD |FSCT|VvCD| FT [SGR| NS | ST | POR |PERM| SDA | FDA |FSIA| P |DEN| VIS | TT | HCH 0.8

Fig. 13. The Pearson correlation coefficient heatmap showing the relationships between the 18 variables.

in the Western Slope Belt and is suitable for machine learning, SHA and
corresponding HCH prediction studies.

4. Results
4.1. Main control factor screening results

In this investigation, seventeen geological factors affecting SHAs
were systematically and quantitatively characterized. These parameters
can be grouped into six categories: hydrocarbon supply conditions, fault
zone conduits, sandstone reservoirs, fault-sand intersection geometry,
trap characteristics, and fluid properties. In the hydrocarbon supply
evaluation, the hydrocarbon expulsion rate of source rocks was obtained
by numerical simulation using Petro-mod software, the hydrocarbon
charging duration was determined by combining the homogenization
temperature of fluid inclusion and the corresponding thermal evolution
history. Meanwhile, the source-fault contact thickness and vertical
charging distance were measured using interpreted geological or seismic
profiles. On the basis of measuring the fault distance and dip angle, the
shale gouge ratio and normal stress in the fault zone were calculated by
Eq. (2) and Eq. (3). In terms of sandstone reservoir, their thickness,
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porosity and permeability properties were characterized by the logging
interpretation of 22 drilling wells. According to the sonic time curve of
drilling wells, the equivalent depth method was employed to determine
the formation fluid pressure at different burial depths. On the other
hand, the changes in hydrocarbon viscosity and density under different
temperature and pressure conditions were obtained by PVT experiment
data from 5 drilling wells. For the predicted target parameter, the hy-
drocarbon column height, is determined by calculating the vertical
distance from the gas-water interface depth derived from logging
interpretation or reservoir profile to the apex depth of the trap structure.
In this way, a total of 313 sets of sample data for the main control factor
screening and model building were obtained.

Table 2 shows all controlling factors and corresponding parameter
ranges related to S-F-S,. By evaluating the gray correlation degree,
Pearson correlation coefficient, Spearman correlation coefficient and
Kendall correlation coefficient between each parameter and the corre-
sponding HCH, the control factors were comprehensively ranked by the
arithmetic average of multiple correlation parameters. Table 3 and
Figs. 13-15 show the correlation coefficients and corresponding average
rankings between 17 geological control factors and the HCH. To elimi-
nate unimportant factors, a significance test was adopted to
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Kendall Correlation Coefficient

HER 0.217 0.1 0.218 | 0.023 | -0.259 | 0.365 | -0.149 | -0.378 0.444 | -0.06 | -0.352 | 0.217 | 0.203 | 0.203 0.5 1
CD 0.217 -0.101 | 0.248 | 0.036 | -0.207 | 0.289 | -0.158 | -0.309 0.3 -0.143 | -0.109 | 0.113 | 0.108 | 0.108 | 0.251 0.9
FSCT| 0.1 -0.101 -0.005 | 0.147 | -0.017 | 0.03 | -0.054 | 0.058 | 0.008 | 0.04 0.082 | 0.091 | 0.036 | 0.024 | 0.024 | -0.004 | -0.013 0.8
VCD | 0.218 | 0.248 | -0.005 -0.183 | -0.304 | -0.09 | 0.003 | -0.131 | 0.141 | 0.491 | -0.286 - 0.23 | -0.302 0.7
FT 0.023 | 0.036 | 0.147 0.085 | 0.414 | -0.016 | -0.164 | -0.088 | 0.042 0.095 | 0.638 | 0.648 | 0.648 | 0.023 | 0.063 0.6
SGR | -0.259 | -0.207 | -0.017 | -0.183 | 0.085 -0.12 | 0.147 | 0.206 | 0.296 | -0.232 | -0.096 | 0.203 | 0.027 | 0.035 | 0.035 | -0.115 | 0.389 0.5
NS 0.365 | 0.289 0.03 -0.304 | 0.414 | -0.12 -0.066 | -0.365 | -0.374 | 0.354 0.081 | 0.685 | 0.676 | 0.676 | 0.115 | -0.226 0.4
ST -0.149 | -0.158 | -0.054 | -0.09 | -0.016 | 0.147 | -0.066 0.199 | 0.205 | -0.126 | -0.042 | 0.08 -0.03 | -0.028 | -0.028 | -0.161 | 0.51 0.3
POR | -0.378 | -0.309 | 0.058 | 0.003 | -0.164 | 0.206 | -0.365 | 0.199 0.533 | -0.328 | 0.202 | 0.061 | -0.276 | -0.273 | -0.273 | -0.087 | 0.353 0.2
@_ 0.008 | -0.131 | -0.088 | 0.296 | -0.374 | 0.205 | 0.533 0.13 0.223 | -0.211 | -0.209 | -0.209 | -0.288 | 0.526 0.1

SDA | 0.444 0.3 0.04 0.141 | 0.042 | -0.232 | 0.354 | -0.126 | -0.328 -0.016 | -0.302 | 0.13 0.129 | 0.129 | 0.206 | -0.347 0
FDA | -0.06 | -0.143 | 0.082 | 0.491 -0.096 . -0.042 | 0.202 0.13 | -0.016 -0.226 0 -0.043 -0.1
FSIA | -0.352 | -0.109 | 0.091 | -0.286 | 0.095 | 0.203 | 0.081 0.08 0.061 | 0.223 | -0.302 | -0.226 0.156 0.16 0.16 0.266 -0.2
P 0.217 | 0.113 | 0.036 0.638 | 0.027 | 0.685 | -0.03 | -0.276 | -0.211 | 0.13 0.156 0.084 | -0.042 -0.3
DEN | 0.203 | 0.108 | 0.024 0.648 | 0.035 | 0.676 | -0.028 | -0.273 | -0.209 | 0.129 0.16 0.072 | -0.036 -0.4
VIS 0.203 | 0.108 | 0.024 0.648 | 0.035 | 0.676 | -0.028 | -0.273 | -0.209 | 0.129 0.16 0.072 | -0.036 -0.5
TT 0.5 0.251 | -0.004 | 0.23 0.023 | -0.115 | 0.115 | -0.161 | -0.087 | -0.288 | 0.206 0 0.084 | 0.072 | 0.072 -0.365 -0.6
HCH -0.013 | -0.302 | 0.063 | 0.389 | -0.226 | 0.51 0.353 | 0.526 | -0.347 | -0.043 | 0.266 | -0.042 | -0.036 | -0.036 | -0.365 -0.7
HER | CD |FSCT|VCD | FT |SGR| NS | ST | POR |PERM| SDA | FDA |FSIA| P |DEN| VIS | TT | HCH 0.8

Fig. 14. The Kendall correlation coefficient heatmap showing the relationships between the 18 variables.

quantitatively identify if each parameter was significantly correlated
with HCH, where a smaller Sig value indicates a higher correlation de-
gree. More specifically, Sig > 0.05 illustrates no significant correlation
between the two variables, which is represented by the only correlation
coefficient value in the table. Sig < 0.05 and Sig < 0.01 indicate sig-
nificant and extremely significant correlations between the two vari-
ables, respectively, and are represented by “*” and “**” above the
correlation coefficients tested. According to Table 3 and Fig. 16, the
average rankings of fluid pressure (P), fault throw (FT), hydrocarbon
density (DEN), hydrocarbon viscosity (VIS), and fault-source contact
thickness (FSCT) were the lowest and were not significantly correlated
with HCH (sig > 0.05). Thus, these 5 parameters were identified as
nonmain controlling factors. Instead, the remaining 12 geological pa-
rameters were identified as the main controlling factors for SHA in this
study area. It should be noted that the main controlling factors of
different petroliferous basins or depressions tend to vary due to the
complexity and heterogeneity of geological conditions.

4.2. Principal component analysis results

In this study, the principal component analysis (PCA) method was
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applied to reduce the dimensionality of the main controlling factors after
standardization. According to the critical condition that the cumulative
variance contribution is greater than or equal to 80%-85% (Table 4), the
top six principal components were determined in this study to replace
the original 12 main controlling factors. These six principal components
are independent of each other and ideally approximate the information
of all main controlling factors affecting SHA. By using the principal
component loading matrix and eigenvalues, six principal components
(F1, Fo, F3, Fy4, Fs, and Fg) can be conveniently expressed through the
loading coefficient of the main controlling factors. As shown in Table 5,
each principal component focuses on conveying different geological
information. For example, the absolute values of the load coefficients of
HER, NS, POR and SDA corresponding to F1 are significantly greater
than those of the other parameters, suggesting that F; is more sensitive
to changes in these four parameters. In contrast, the loading coefficients
of VCD and FDA in F, are larger than those of the other parameters,
suggesting that Fy is more likely to reflect changes in the vertical
charging distance and fault dip angle.
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Spearman Correlation Coefficient

Fig. 16. Screening results of the main controlling factors of SHAs in the K gasfield.
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HER 0329 | 0.114 | 0.289 | 0.034 | -0.338 | 0.529 | -0.208 | -0.509 | -0.713 | 0.626 | -0.103 | -0.491 | 0.294 | 0.275 | 0.275 | 0.571 | -0.601
CD | 0.329 0.096 | 0.36 | 0.048 | -0.28 | 0.388 | -0.217 | -0.423 | -0.531 | 0.397 | -0.202 | -0.113 | 0.159 | 0.152 | 0.152 | 0.333 [ -0.619
FSCT| 0.114 | -0.096 -0.008 | 0.219 | -0.031 | 0.059 | -0.077 | 0.075 | -0.002 | 0.082 | 0.114 | 0.068 | 0.059 | 0.042 | 0.042 | 0.007 | -0.021
VCD | 0.289 | 0.36 | -0.008 -0.689 | -0.274 | -0.36 | -0.139 | 0.008 | -0.194 | 0.211 | 0.658 | -0.382 | -0.631 | -0.636 | -0.636 | 0.294 | -0.422
FT | 0.034 | 0.048 | 0.219 | -0.689 0.128 | 0.536 | -0.026 | -0.231 | -0.121 | 0.068 | -0.654 | 0.108 - 0.03 | 0.091
SGR | 0.338 | -0.28 | -0.031 | -0.274 | 0.128 -0.183 | 0.207 | 0.299 | 0.418 | -0.336 | -0.144 | 0.302 | 0.037 | 0.049 | 0.049 | -0.147 | 0.538
NS | 0529 | 0.388 | 0.059 | -0.36 | 0.536 | -0.183 <0.101 | -0.53 | -0.53 | 0.559 | -0.582 | 0.058 0.152 | -0.333
ST | -0.208 | -0.217 | -0.077 | -0.139 | -0.026 | 0.207 | -0.101 0.306 | 0.302 | -0.18 | -0.066 | 0.119 | -0.044 | -0.041 | -0.041 | -0.207 | 0.536
POR | -0.509 | -0.423 | 0.075 | 0.008 | -0.231 | 0.299 | -0.53 | 0.306 0.689 | -0.49 | 0.305 | 0.104 | -0.385 | -0.378 | -0.378 | -0.115 | 0.499
PERM| -0.713 | -0.531 | -0.002 | -0.194 | -0.121 | 0.418 | -0.53 | 0.302 | 0.689 -0.581 | 0.191 | 0.34 | -0.293 | -0.289 | -0.289 | -0.38 .
SDA | 0.626 | 0.397 | 0.082 | 0211 | 0.068 | -0.336 | 0.559 | -0.18 | -0.49 | -0.581 -0.025 | -0.421 | 0.226 | 0.225 | 0.225 | 0.268 | -0.48
FDA | -0.103 | -0.202 | 0.114 | 0.658 | -0.654 | -0.144 | -0.582 | -0.066 | 0.305 | 0.191 | -0.025 -0.281 | -0.783 | -0.782 | -0.782 | -0.004 | -0.063
FSIA | 0.491 | -0.113 | 0.068 | -0.382 | 0.108 | 0.302 | 0.058 | 0.119 | 0.104 | 034 | -0.421 | -0.281 0.189 | 0.193 | 0.193 | -0.637 | 0.364
P | 0294 | 0.159 | 0.059 | -0.631 0.037 0.044 | -0.385 | -0.293 | 0.226 | -0.783 | 0.189 0.113 | -0.059
DEN | 0.275 | 0.152 | 0.042 | -0.636 0.049 -0.041 | -0.378 | -0.289 | 0.225 | 0.782 | 0.193 0.098 | -0.05
VIS | 0275 | 0.152 | 0.042 | -0.636 0.049 -0.041 | -0.378 | -0.289 | 0.225 | -0.782 | 0.193 0.098 | -0.05
TT | 0571 | 0333 | 0.007 | 0.294 | 0.03 | -0.147 | 0.152 | -0.207 | -0.115 | -0.38 | 0.268 | -0.004 | -0.637 | 0.113 | 0.098 | 0.098 -0.456
HCH | -0.601 | -0.619 | -0.021 | -0.422 | 0.091 | 0.538 | -0.333 | 0.536 | 0.499 . -0.48 | -0.063 | 0.364 | -0.059 | -0.05 | -0.05 | -0.456
HER | CD |FSCT|VCD | FT | SGR| NS ST | POR |PERM| SDA | FDA | FSIA P DEN | VIS TT | HCH
Fig. 15. The Spearman correlation coefficient heatmap showing the relationships between the 18 variables.
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Table 4
Principal component analysis information.

Applied Energy 359 (2024) 122684

Component Initial eigenvalues Extraction sums of squared loadings
Total % of Variance Cumulative/% Total % of Variance Cumulative/%
1 3.923 32.691 32.691 3.923 32.691 32.691
2 2.315 19.288 51.979 2.315 19.288 51.979
3 1.379 11.489 63.468 1.379 11.489 63.468
4 0.964 8.037 71.505 0.964 8.037 71.505
5 0.929 7.74 79.246 0.929 7.74 79.246
6 0.67 5.58 84.826 0.67 5.58 84.826
7 0.578 4.815 89.641
8 0.424 3.534 93.175
9 0.379 3.16 96.335
10 0.222 1.853 98.188
11 0.155 1.29 99.478
12 0.063 0.522 100
Table 5
The rotated component loading.
Number Parameter Component loading
Fi Fy F3 Fy4 Fs Fe
1 HER 0.804 0.248 0.229 0.211 —0.006 0.049
2 cD 0.652 0.149 —0.489 0.367 0.094 0.005
3 VCD 0.012 0.881 -0.203 0.205 0.155 -0.215
4 SGR —0.474 —0.409 0.306 0.346 -0.182 -0.123
5 NS 0.808 -0.398 0.049 -0.008 0.116 0.235
6 ST —0.198 —0.259 0.42 0.343 0.706 —0.234
7 POR —0.746 0.112 0.173 0.28 -0.01 0.318
8 PERM -0.67 0.217 -0.131 0.119 0.19 0.555
9 SDA 0.723 0.179 0.153 —-0.187 0.361 0.26
10 FDA —0.454 0.773 -0.076 -0.156 0.121 —-0.109
11 FSIA -0.075 —0.443 —0.744 0.365 0.044 —0.015
12 TT 0.441 0.422 0.379 0.47 -0.41 0.081
S-F-S4q. The six principal components obtained after dimensionality
6 reduction of the main controlling geological factors were set as the input
ORMSE @ MAE variables, and the HCH was selected as the output for the SHA prediction
5 model. When using the BP algorithm for model construction, the
o quantified geological data were randomly divided into training, testing
2 4 and validation samples according to the ratio of 70%:15%:15%. The
« O o) e} . .. . .. . .
> o O o o o o © maximum training times, minimum gradient and learning rate of the
e — . .
° 3 (P BPNN model were set at 1000, 1 x 10 and 0.001, respectively. Fig. 17
; ) ® ® ¢ ¢ ¢ | PN shows the mean absolute error (MAE) and root mean square error
4 4 ® ¢ o (RMSE) of the BPNN model with different neuron nodes in the hidden
2 | layer. The MAE and RMSE values can be calculated by Egs. (21) and
Y Yy £q
| (22), respectively. The results suggest that the MAE and RMSE values of
1 , ; , f , the model were both minimum when the neuron node of the unique
2 4 6 8 10 12 14 hidden layer was 10. Thus, the BPNN model with a 6 x 10 x 1 structure

Number of hidden layer neuron nodes

Fig. 17. Comparison of the error values of BPNN models with different

neuron nodes.

4.3. Model construction results and performance

4.3.1. BPNN model

In this study, 313 sets of geological data from the K gasfield were
utilized to characterize the geological parameters associated with

was established to predict the HCH captured in shallow fault-bounded
traps by inputting a series of related geological variables.

4.3.2. Bagged-NNE model

By using the bagging ensemble algorithm, the Bagged-NNE model
was constructed by integrating 10 BPNN components witha 6 x 10 x 1
structure. Training, testing, and validation samples were divided ac-
cording to the ratio of 70%:15%:15%. For the training stage, different
training subsets were obtained through the bootstrapping sampling

Table 6
Comparison of performance evaluation indices of different neural network models.
Metrics Training Validation Testing
BPNN Bagged-NNE Boosted-NNE BPNN Bagged-NNE Boosted-NNE BPNN Bagged-NNE Boosted-NNE
MAE 1.937 1.414 0.939 1.861 0.785 1.373 1.521 1.237 0.906
RMSE 3.560 2.253 1.426 2.579 0.967 1.981 2.076 1.935 1.206
R? 0.9064 0.9365 0.9724 0.8429 0.9334 0.9714 0.8387 0.9217 0.9423
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Fig. 18. Performance comparison of BPNN, Bagged-NNE and Boosted-NNE models in different execution stages.

technique, and the weights and thresholds in the network were updated
by repeated training of each BPNN. When the model error reached the
accuracy requirement or the maximum training times, the training
process was ended. Since the HCH is a continuous variable, the average
combination strategy was selected to integrate the prediction results of
the 10 BPNN models, thereby obtaining the final comprehensive pre-
diction output. In this way, a Bagged-NNE model with 10 BPNN models
as components was built.

4.3.3. Boosted-NNE model

For comparison with the BPNN and Boosted-NNE models, the com-
ponents of the Boosted-NNE model still choose the BPNN model with a 6
x 10 x 1 structure, and the number of components is set to 10. Similarly,
70%, 15% and 15% of the datasets were randomly selected as training,
testing and verification samples, respectively. The maximum training
times, minimum gradient and learning rate of the model were set to
1000, 1 x 107 and 0.001, respectively. After obtaining the first BPNN
model by the boosting ensemble algorithm, the training set of each
newly added component was adjusted according to the error signal of
the previous BPNN model. When the 10 component models were
generated and trained, the average combination technique was applied
to integrate all the model results and obtain the final output. Conse-
quently, a Boosted-NNE model using 10 BPNN models as components
was constructed.

4.3.4. Performance of the BPNN, bagged-NNE and boosted-NNE models

The mean absolute error (MAE), root mean square error (RMSE) and
R-squared (R?) were chosen as the evaluation indicators. Table 6 shows
the performance of three different models in predicting SHA. For the
BPNN model, the R%, MAE and RMSE values in the training, testing and
validation sets yielded significantly higher errors than those of the other
two ensemble models, proving the limitations of a single BPNN model in
SHA prediction. For the Bagged-NNE model, the measured MAE, RMSE
and R? values were all superior to the BPNN during the training, testing
and validation stages, verifying the improvement of the bagging
ensemble algorithm on the performance of a single BPNN. On the
Boosted-NNE training set, the R? was 0.9724, the MAE was 0.939 m and
the RMSE was 1.426 m. The testing result was satisfied, with an R? of
0.9423, an MAE of 0.906 m and an RMSE of 1.206 m, while the vali-
dation results for the R> was 0.9714, the MAE was 1.373 m, and the
RMSE was 1.981 m.

20

As shown in Fig. 18, the model performance after bagging and
boosting ensemble has significantly improved in the training, testing
and validation sets, and the Boosted-NNE model is the most excellent. In
addition, by combining all the true and predicted values of each model
(Figs. 19-21), the R? values of the BPNN, Bagged-NNE, and Boosted-
NNE models were measured as 0.8915, 0.9333, and 0.9689, respec-
tively. These results demonstrate that the Boosted-NNE model achieved
the best performance in predicting SHA and the corresponding HCH. As
shown in Fig. 22, the single-well cumulative HCH predicted by the
Boosted-NNE model matches well with the actual HCH of the K gasfield
in the Xihu Depression. Wells with high HCH values exhibit a wide range
of planar hydrocarbon accumulations, while wells with low HCH values
tend to have small-scale hydrocarbon accumulations, such as wells W13
and W14. In addition, the actual HCH of different sand layers in each
single well has a good matching relationship with the predicted HCH,
which confirms the accuracy and effectiveness of the Boosted-NNE
model.

4.4. SHA prediction result

The best-performing Boosted-NNE model was selected to predict the
SHA of the L Block in the southeast of the K gasfield (Fig. 11c), which
covers 4 drilling wells. The L Block developed northeast-trending
normal faults that combined with adjacent sandstone reservoirs to
constitute fault-bounded traps. The LQT Fault is the main vertical
conduit connecting the Eyps source rock and the overlying shallowly
buried sandstone reservoir. Previous studies have confirmed that this
fault contributes to long-range vertical hydrocarbon migration [11,12].
To predict the SHA volume of sandstone reservoirs within the fault-
bounded trap, the hydrocarbon expulsion rate of the Epps source rock
at the target location was determined by numerical simulation using
Petro-mod software. The source-fault contact thickness and vertical
charging distance were measured by seismic interpretation. The shale
gouge ratio and normal stress in the fault zone were calculated by Eq. (2)
and Eq. (3). The thickness, porosity and permeability of sandstone res-
ervoirs are characterized mainly based on logging interpretation. The
fluid pressure at different burial depths was determined by the equiva-
lent depth method based on the sonic time curve. The changes in hy-
drocarbon viscosity and density under different temperature and
pressure conditions were obtained by PVT experiments. All the above
quantitative parameters were standardized and converted into six
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Fig. 19. Correlation coefficient of hydrocarbon column height using the BPNN prediction model.

principal components (Fy, Fo, F3, Fy4, Fs5, and Fg), which were utilized as
input variables to predict the SHA. In this way, the Boosted-NNE model
can support the output of the HCH in each sandstone reservoir within
the fault-bounded trap. As shown in Fig. 23, shallow hydrocarbons in the
L Block tend to accumulate in the footwall due to lateral fault sealing.
Consequently, the HCH predicted by the Boosted-NNE model was highly
consistent with the discovered hydrocarbon accumulation in the L
Block, with an R? of 0.9553 between the predicted and true values
(Fig. 24). Thus, the Boosted-NNE model achieves high accuracy in
practical applications, which verifies the effectiveness of the proposed
method in predicting SHA.

To further verify the practicability of this method in determining
predrilling hydrocarbon volumes, the HCH results obtained by the
Boosted-NNE model were used to calculate geological reserves and
compared with the existing evaluations. Well W1 was drilled continu-
ously to 4865.77 m in the Eops member, where hydrocarbons were
found in the overlying sandstone reservoirs in the Esp;. s and Esh;
members. The structural trap capable of capturing hydrocarbons is a
fault-nose trap with an assigned TT value of 0.66. Fluid inclusion
observation and homogenization temperature analysis demonstrate that
large-scale hydrocarbon charging in well W1 mainly lasted from 9.5 Ma
to 3.5 Ma, and the corresponding hydrocarbon expulsion rate ranged
from 0.25 to 0.60 Mtons/km"™2 (Fig. 25). Fig. 26 presents the variations

21

in the remaining 9 main geological controlling factors with burial depth.
Gas is present in the entire sections of the Eop; ;2 and Egsh; members, but
the gas-bearing thickness of different sandstone reservoirs varies widely
with burial depth. According to the predicted HCH results, there are nine
potential exploration target intervals with rich gas. The horizontal gas-
bearing area can be estimated by using the HCH and corresponding trap
geometry characteristics. On this basis, hydrocarbon volumes of
different sandstone reservoirs can be estimated using the volumetric
method of gas reservoir geological reserves calculation (Eq. (24)) [111].

B 0.01 ‘kAg:'rh»‘c@*Sgi

G
B,

(24

where G is the geological reserves of gas reservoirs, 108 m?; Ag is the gas-
bearing area, km?; h is the effective thickness, m; @ is the effective
porosity, %; Sy is the gas saturation, %; and By; is the natural gas volume
factor.

The results are shown in Table 7. The calculated accumulative gas
geological reserve of the nine target sandstone reservoirs is 39.62 x 10%
m>, which is highly close to the 41.24 x 10% m? evaluated by the
SINOPEC Shanghai Offshore Oil & Gas Company. Similarly, combined
with the HCH values predicted from wells W2, W3 and W4 (Table 8), the
cumulative geological reserve of the four effective traps in the L Block
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Fig. 20. Correlation coefficient of hydrocarbon column height using the Bagged-NNE prediction model.

was found to be 69.58 x 108 m3, a result that is close to the oil com-
pany’s estimate of 71.66 x 10® m®. This indicates that the new method
proposed in this paper can be successfully applied to hydrocarbon col-
umn height prediction and corresponding predrilling volume
assessment.

5. Discussion
5.1. ML model comparison

In terms of SHA prediction in this study area, does the ENN algorithm
(especially Boosted-NNE) outperform other well-known ML algorithms?
For comparison, four well-known ML algorithms capable of regression
prediction and a Linear regression (LR) model were selected to train the
pre-processed data set in this investigation. Specifically, these ML al-
gorithms include Gaussian Process Regression (GPR) (for the deeper
understanding, refer to Rasmussen and Williams [107]), Classification
and Regression Trees (CART) (for the deeper understanding, refer to
Krzywinski and Altman [108]), K-Nearest Neighbor (KNN) (for the
deeper understanding, refer to Shakhnarovich et al., [109]) and SVM
(for the deeper understanding, refer to Cortes and Vapnik [110]).
Meanwhile, the MAE, RMSE and R? were also selected as quantitative
metrics to evaluate the performance of different ML models. The

22

performance evaluation results of six SHA prediction models are
significantly different. As shown in Fig. 27, the following sequence can
be recognized: Boosted-NNE model > GPR model > CART model > KNN
model > SVM model > LR model. On the whole, the Boosted-NNE model
outperforms other machine learning models. Although the GPR model
has the most similar MAE value to the Boosted-NNE model, it exhibits a
larger MASE value and a smaller R? value, suggesting a decreasing
model accuracy. In addition, although the CART model presents the
smallest MAE value of all ML models, both MASE value and R? value
demonstrate that its accuracy is significantly lower than Boosted-NNE
and GPR models. Therefore, the evaluation system integrating multi-
ple metrics can reveal the model performance more accurately than
relying only on a single indicator, especially MAE value. From a
comprehensive perspective, both the KNN and SVM models performed
worse than the three ML models mentioned above, but they are signif-
icantly superior to the LR model. Thus, compared with traditional linear
regression methods, ML methods that can implement nonlinear opera-
tions can achieve complex SHA predictions more accurately, among
which Boosted-NNE model performs best in this investigation.
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Fig. 21. Correlation coefficient of hydrocarbon column height using the Boosted-NNE prediction model.

5.2. Variable importance on the model performance

5.2.1. Effect of principal component variables

The importance analysis of the variables affecting the HCH is of great
significance for predrilling volume estimation and future SHA explora-
tion. In this study, the importance scores of six principal components
were calculated using the feature importance method for the BPNN,
Bagged-NNE and Boosted-NNE models. As shown in Fig. 28, all three
models have the same 4 most important variables. F; is the most valu-
able principal component for predicting the accumulated hydrocarbon
column heights, which primarily reflect changes in HER, NS, POR and
SDA features. F; is the second most important principal component for
model prediction, reflecting more variations in VCD and FDA charac-
teristics. F5 and F3 are the third and fourth most important principal
components contributing to the model prediction results, respectively.
In the BPNN and Bagged-NNE models, the F¢ and F4 principal compo-
nents have similar and the least contributions to the predicted hydro-
carbon column height. However, in the Boosted-NNE model, the
importance of F4 to the model prediction is higher than that of Fg with
the least contribution.

5.2.2. Effect of single-factor control variables
To determine the contribution of a single geological factor to the
model output, a single-factor control variable analysis was performed.
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By keeping other influencing factors unchanged (all datasets used were
the average values of the collected data), the effect of individual con-
trolling factors on the HCH can be evaluated. In this study, the best-
performing Boosted-NNE model was used to analyze the contribution
of 12 main controlling factors to the predicted results, as shown in
Fig. 29.

In terms of hydrocarbon supply conditions, the accumulated HCH
increases with increasing hydrocarbon expulsion rate (HER) (Fig. 29a).
This is consistent with the results of Pang et al. (2005) [16] and Jiang
et al. (2013) [21], that is, the stronger the hydrocarbon expulsion in-
tensity is, the better the hydrocarbon accumulation response. Never-
theless, the increased value of the HCH contributed by the HER in the
prediction model was <1 m, indicating that the HER contribution to
hydrocarbon accumulation is relatively limited. Comparatively, the
hydrocarbon charging time (CD) presents a complex relationship with
the HCH instead of a single positive or negative correlation (Fig. 29b).
This may be because there are two different hydrocarbon charging
mechanisms within the fault zone: short-term rapid charging driven by
the “seismic pump” and long-term slow charging driven by buoyancy.
When the “seismic pump” mechanism is dominant, the short-term in-
crease in the CD contributes to the increase in the HCH value, which
matches the trend of the CD value at 0-4 Ma. When the buoyancy-driven
mechanism dominates, only a long-term increase in the CD value can
lead to an increase in the HCH value, which is consistent with the trend
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at 6-12 Ma. When hydrocarbon charging is in the transition period of
these two mechanisms, the HCH may have a tendency to decrease
because the fluid volume driven by buoyancy tends to be smaller than
the fluid volume driven by the “seismic pump”, such as a trend of the CD
value at 4-6 Ma. Fig. 29¢ shows the relationship between the vertical
charging distance (VCD) and HCH. When other conditions were un-
changed, the VCD showed a positive correlation with the HCH in the
interval 0-500 m but a negative correlation in the range 500-1500 m.
Theoretically, shallow hydrocarbons tend to accumulate in the low po-
tential energy region at the structural high position [112], which is the
reason why the VCD and HCH can be positively correlated in a certain
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range. However, with the weakening of the hydrocarbon supply and the
continuous loss of hydrocarbons during vertical migration, the accu-
mulated HCH will gradually decrease with increasing VCD values.
Therefore, it is necessary to consider whether hydrocarbon migration
can be reached when analyzing long-range hydrocarbon accumulation.

With respect to fault zone features, the shale gouge ratio (SGR) is
distributed in the range of 0-1, which is positively correlated with the
HCH (Fig. 29d). This is consistent with the study of Yeilding et al. (1997)
[24], that is, the larger the SGR value of the fault is, the larger the
maximum HCH that can be sealed. Fig. 29e presents the relationship
between normal stress (NS) and the HCH, exhibiting a positive corre-
lation when NS is <120 MPa and a negative correlation when NS is
larger than 120 MPa. According to reported normal stress studies
[12,19,27], increasing the normal stress tends to enhance the sealing
capability of the fault zone, thereby sealing more hydrocarbon column
heights to prevent leakage. This is why the HCH initially showed a
positive correlation with NS. Moreover, Wang et al. (2020,2021) also
revealed that excessive normal stress may cause the fault zone to lose
vertical transport capacity [12,19], thus making hydrocarbon vertical
charging difficult. Therefore, when determining potential hydrocarbon
accumulation sites, the location of NS that is too large or too small
should be considered.

In terms of sandstone reservoirs, sandstone can provide seepage
channels and storage space for SHA. Fig. 29f shows that the HCH value
increases with increasing sandstone thickness (ST). The larger the
sandstone thickness is, the more macrostorage space can be provided for
large-scale SHAs. Fig. 29g presents the relationship between HCH and
sandstone porosity (POR). There is a positive correlation between
sandstone porosity and HCH because the larger the porosity (or throat
radius) of the sandstone is, the smaller the capillary resistance [112]. As
shown in Fig. 29h, there is also a positive correlation between the
permeability (PERM) and HCH, but the rate of increase begins to slow
down when the permeability is >500 mD. When the sandstone reservoir
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Fig. 25. Reservoir fluid inclusion and source rock hydrocarbon expulsion characteristics of well W1 in the L Block. (a) Oil-gas inclusion characteristics under TR
plane-polarized light and UV-excited fluorescence light in the 4220-4228 m sandstone reservoir. (b) Homogenization temperature distribution of fluid inclusions in
the sandstone reservoir of the Huagang formation (Esh). (¢) Hydrocarbon generation and expulsion characteristics of Eop3 source rock in well W1.

permeability increases from 500 mD to 2000 mD, the rock porosity only
increases by <5%, which leads to a slow increase in the HCH value.
Thus, when other conditions remain similar, thick sandstone reservoirs
with good physical properties are often favorable sites for SHAs.

For parameters related to fault-sand intersection geometry, the
relationship between the sandstone dip angle (SDA) and HCH presents
an asymmetric inverse “W” shape in the SDA range of —90° to 90°
(Fig. 29i). Completely vertical sandstone (SDA = -90° or 90°) has the
most convenient vertical hydrocarbon migration but is not conducive to
lateral hydrocarbon flow into the fault-bounded trap, so the HCH value
is relatively low in this case. In addition, the contact area of the fault
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zone with horizontal sandstone (SDA = 0°) is often smaller than that
with inclined sandstone, resulting in less hydrocarbon accumulation
within the horizontal sandstone. Controlled by buoyancy, up-dip sand-
stone (0° < SDA < 90°) is generally superior to down-dip sandstone
(—90° < SDA < 0°) in laterally diverting hydrocarbons. Therefore, the
up-dip sandstone reservoir has a slightly higher maximum HCH value
than that of the down-dip sandstone. Similarly, the HCH corresponding
to vertical and horizontal faults is the lowest and reaches its maximum
when the FDA approaches 60° (Fig. 29j). Fig. 29k shows that HCH is
generally higher when the fault-sand intersection angle (FSIA) is in the
range of 100° -280°. This is because sandstone reservoirs and faults (the
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FDA is mostly close to 70°) in this study area are more likely to form
fault-sealed effective traps (e.g., fault-anticlines, fault-noses, fault-
blocks) under this configuration. Therefore, the optimal fault-sand
spatial configuration for hydrocarbon accumulation in different basins
needs to be determined according to the actual fault-sand geometric
features.

Unlike other continuous variables, fault-bounded traps were
assigned four discrete TT values according to their classification. When
the other geological conditions remained constant, the HCH of the site
without effective traps (TT = 0) was zero (Fig. 291), while the sandstone
pinch-out (TT = 0.23), fault-nose (TT = 0.66), fault-block (TT = 0.84)
and fault-anticlinal (TT = 1) traps contributed 3.1 m, 9.8 m, 5.4 m and
3.5 m increases in the HCH value, respectively. These HCH predictions
based on the TT variation are not completely consistent with the sta-
tistical characteristics of the hydrocarbon-bearing thickness in Table 1.
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This can be attributed to the fact that the HCH in a fault-bounded trap is
usually greater than the hydrocarbon-bearing thickness due to the
inclination of the formation. Thus, according to the HCH values, the
fault-nose and fault-block traps are the two most influential trap cate-
gories for the change in SHA volume in this study area, followed by the
fault-anticline and sandstone pinch-out traps.

5.3. Uncertainty analysis and recommendations

5.3.1. Uncertainty analysis

This study proposes a new method to quantitatively predict SHAs
and their corresponding HCHs, which can help reduce the risk of
offshore hydrocarbon exploration. Nevertheless, quantitative evaluation
of SHAs remains an inexact science, and many potential uncertainties
exist in the process of model construction and geological
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Table 7

Favorable target geological reserve calculation based on the predicted hydro-

carbon column height in well W1.

Evaluation unit ~ HCH Ag h @ Sgi By G
target1 70.60  3.50 14.80 9.40 4220 0.00391 5.25
target2 7350 270 11.90 9.30 40.40  0.00391  3.09
target3 102.20  4.07 21.10 9.20 4450  0.00383  9.18
target4 59.30  2.54 1280 9.60 47.20  0.00383  3.85
target5 96.60 2.76 24.80 9.10 49.20 0.00382 8.02
target6 42.00 254 210 9.00 41.90 0.00382 0.53
target7 64.00 399 220 9.60 40.30 0.00302 1.13
target8 70.00 4.60 3.50 9.10 40.50 0.00302 1.97
target9 83.00 415 1310 9.10 40.30  0.00302  6.60

Note: HCH = hydrocarbon column height, m; A,= gas-bearing area, km? h=
effective thickness, m; @= effective porosity, %; S,i= gas saturation, %; Byi=
natural gas volume factor; and G= geological reserves of gas reservoirs, 10° m®.

Table 8
Predicted and actual cumulative geological reserves of four wells in the L Block
of the K gasfield.
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frameworks, such as the spatial variation of fault zones, sandstone res-
ervoirs and traps. In the process of source rock hydrocarbon expulsion
analysis, the initial parameter setting and calibration in the numerical
simulation model will have a great impact on the evaluation results.
Moreover, selecting the most appropriate quantitative method is very
important in geological characterization because there are often multi-
ple approaches available for a geological feature. With fluid pressure
prediction as an example, quantitative work can be achieved based on
either disequilibrium compaction or hydrocarbon generation pressuri-
zation mechanisms, but the most suitable method needs to be selected
according to the actual geological background. Thus, all of these un-
certainties should be accounted for when quantitatively predicting SHA
and conducting favorable target screening.

5.3.2. Future recommendation

With the vigorous development of technology, digital and intelligent
oil fields can be an inevitable stage in hydrocarbon exploration.

Boosted-NNE B Bagged-NNE B BPNN

Well  Number of Actual Predicted Actual Predicted
target accumulative accumulative G G F1
sandstone HCH HCH
reservoirs 7]
W1 9 693.00 661.20 41.24 39.62 F2 —
w2 3 20.20 21.30 2.44 2.58
w3 1 59.70 58.63 2.43 2.23 ° E
w4 5 224.89 228.04 25.55 25.15 e
P
Note: HCH = hydrocarbon column height, m; and G= geological reserves of gas -g
reservoirs, 108 m°. g -
5
2 7
£
characterization. Currently, our model can realize the two-dimensional 7]
prediction of the HCH for sandstone reservoirs in a single well. However, F6
an unclear three-dimensional understanding of sandstone reservoirs, h
fault zones and fault-bounded traps may lead to biased judgments about ]
hydrocarbon volumes and favorable targets. Although twelve major F4
geological factors were identified as model inputs in this contribution, h
we believe that different geological backgrounds have different major
controlling factors for SHA. In addition, uncertainties arising from the 0 0.1 0.2 03 04
quantification of geological parameters should be considered when | ¢
forecasting the SHA. The accuracy of the geological interpretation mportance
models directly affects the understanding degree of geological Fig. 28. Importance of principal component variables.
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Fig. 27. Comparison of the performance of the Boosted-NNE model with the four well-known ML models and one LR model in predicting SHA.
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Fig. 29. Effect of different single factors on the hydrocarbon column height.

Although this study established an intelligent prediction model based on
ensemble neural networks, we still recommend the use of more machine
learning algorithms in future petroleum-related studies. This is because
each machine learning algorithm has its own applicability, strengths,
and weaknesses in regard to analyzing complex geological problems.
Combining advanced machine learning algorithms with systematic
geological evaluation can greatly improve the understanding of hydro-
carbon resource evaluation and prediction. In addition, geological
evaluation should be as consistent as possible with the actual conditions.
As mentioned previously, there are many uncertainties in quantifying
the geological factors associated with hydrocarbon accumulation. Once
a large amount of unreal data is applied to model training and predic-
tion, deviation between the model output and the actual understanding
of petroleum geology tends to appear. Thus, improving the quantitative
characterization of the three-dimensional features of geological bodies is
of great significance to enhance model accuracy. To achieve future
basin-scale applicability, the size of the original geological dataset needs
to be appropriately increased because only the amount of data that
reaches a certain threshold can guarantee the stability of the machine
learning model. The more spatial range and geological factors covered
by the original dataset, the more consistent the trained model rules are
with the actual geological laws. Therefore, to improve the performance

29

and applicability of prediction models, more diverse machine learning
algorithms, more accurate quantitative evaluation, and more abundant
geological datasets are the direction of our next efforts.

6. Conclusion

This paper proposes a new method combining the S-F-S4 evaluation
and ENN algorithm to realize shallow hydrocarbon accumulation pre-
diction, which provides guidance for predrilling volume estimation and
ideas for intelligent exploration technology. The conclusions can be
summarized as follows:

(1) Twelve key geological parameters related to source-fault sand
(source rocks, fault zones and sandstone reservoirs) are the main
controlling factors determining shallow hydrocarbon accumula-
tion. In addition, the six principal components obtained by
dimensionally reducing the main controlling factors can effec-
tively characterize the supply, migration, storage conditions and
dynamic accumulation process of shallow hydrocarbons.

The performance of models constructed based on different neural
network algorithms varies greatly in the training, testing and
verification stages. According to the MAE, RMSE and R-squared

(2

—
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(R?) values, the Boosted-NNE model is superior to the Bagged-
NNE and BPNN models in characterizing the hydrocarbon col-
umn height and is preferentially recommended for predicting
shallow hydrocarbon accumulation.

The hydrocarbon column height predicted by the Boosted-NNE
model is highly consistent with the discovered hydrocarbon
accumulation in the fault-bounded traps R? = 0.9553), which
verifies the applicability of the Boosted-NNE model. Moreover,
the geological reserves of the target sandstone reservoir calcu-
lated based on the forecast results are close to the existing eval-
uation, which can be a good complement to the current
predrilling volume estimation.

In terms of variable importance, Fy, Fy, F5 and F3 are the four top
principal components contributing to the model output. For
single-factor control, the hydrocarbon expulsion rate, shale
gouge ratio, sandstone thickness, porosity and permeability are
positively correlated with the accumulated hydrocarbon column
height, while the remaining 7 main controlling factors show a
more complex correlation with hydrocarbon column height
rather than a purely positive or negative correlation.

3

(€))

Since the accuracy of the SHA prediction predominantly relies on the
geological input to the model, it is strongly recommended to reduce the
uncertainty caused by the quantification and screening of controlling
geological factors. Furthermore, more diverse machine learning algo-
rithms and richer geological datasets are highly recommended to
improve hydrocarbon resource evaluation and advance intelligent oil-
—gas field technologies.
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