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Abstract: The fault fracture body, consisting of faults, fracture zones, cracks, and the
matrix, plays a crucial role in controlling oil and gas accumulation. Understanding its
spatial distribution and analyzing the in situ stress field are essential for optimizing well
design and fracturing operations. This study integrates geological, logging, and seismic
data, and employs advanced techniques such as ant tracking to establish a skeletal model
of the fault fracture body. Reverse modeling and optimization reconstruction are used
to construct a three-dimensional geomechanical model of the fracture system. Machine
learning techniques, specifically a back propagation (BP) neural network, are utilized to
invert the boundary conditions of the study area. Finite element numerical simulation
software is then applied to model the three-dimensional in situ stress field under coupled
flow—solid interaction. The reservoirs in the study area are characterized by a dense
structure, low porosity, and low permeability. The results indicate that the maximum
horizontal principal stress in the fault fracture reservoir ranges from 68.0 to 72.8 MPa,
while the minimum horizontal principal stress ranges from 58.2 to 63.1 MPa. The stress
at fractures is lower than that in the surrounding matrix, and stress concentrations occur
at both ends of the faults. The in situ stress field exhibits distinct subarea characteristics,
with significant stress reductions across fault fractures and directional deflections at faults.
These findings provide valuable insights for improving reservoir development efficiency
and optimizing well operations in similar geological settings.

Keywords: fault fracture; geomechanical model; machine learning; fluid—structure coupling; in
situ stress field

1. Introduction

Fault-fractured reservoirs have a significant influence on fluid flow by enhancing
the effective permeability of the porous media, which refers to the ability of the rock
to allow fluids to flow through it, considering the presence of fractures and other flow
pathways [1,2]. The fracture exploitation system and its integration with faults, known as
the fault fracture system, plays a more critical role in practical exploration and exploitation
than individual faults or fractures [3]. Meanwhile, in situ stress serves as a vital parameter
for well placement and sweet spot evaluation, significantly impacting the transportation
and extraction processes. Therefore, understanding the distribution characteristics of the in
situ stress field in fracture-seam reservoirs is an important way to improve the economic
efficiency of oilfields.
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Ever since the large-scale exploitation of fractured reservoirs began in the 1970s, the
results of exploiting most fractured reservoirs have not been satisfactory. Even when frac
reservoirs are exploited successfully and economically, recovery rates are typically main-
tained at 13-15%, indicating potential for improvement [4]. This situation is partly due to a
limited understanding of fracture identification, distribution laws, and fluid flow dynamics
within fractures [5]. Consequently, the accurate identification of complex fault and fracture
information is pivotal for exploration and exploitation. Fracture identification methods can
be categorized into direct methods, such as core observations, thin section and FE-SEM
analysis, and FMI logging, and indirect methods, which involve processing and analyzing
conventional logging curves [6]. In many naturally fractured reservoirs, fractures are often
induced or reactivated by faulting, necessitating a combined modeling of faults and frac-
tures. A reliable reservoir model of fault zones requires a comprehensive analysis of seismic
and logging data to understand the tectonic characteristics of faults and fractures. Tuong
et al. and Adria et al. developed characteristic parameters from conventional logging data
to highlight fracture responses and established a conventional logging fracture model [7,8].
Lyu et al. enhanced fracture identification accuracy within fault seams by introducing the
integrated index method and fractal method [9]. Zhang et al. created a mathematical model
for fracture permeability variation with pressure based on material balances in fractured
reservoir production [10]. Laubach et al. proposed a method to record natural fracture
trends in sandstone layers, applicable even in boreholes without visible fractures [11].
Veldzquez et al. and Jarosinski et al. utilized the ANSYS finite element software to calculate
stress fields and predict fracture distributions [12,13]. Sollberger et al. and Brossier et al.
improved seismic interpretation by reducing inversion degrees of freedom, enhancing
interpretation capabilities, and establishing three-dimensional lithofacies models using
sequence index simulation algorithms [14,15]. Numerical simulation methods are essential
for accurately describing the in situ stress field within reservoirs, providing stress values at
different layers and facilitating the investigation of stress distribution characteristics. Miao
et al. conducted numerical simulations to identify factors influencing in situ stress during
flow—solid coupling, finding that stress distribution is closely related to the number and
orientation of faults in the study area [16]. Moinfar et al. proposed a coupled flow and
geomechanical model using an embedded discrete fracture Model (EDFM) for reservoirs
with complex fracture networks [17]. Liu et al. obtained the in situ stress distribution law
of vertical multi-interbedded layers with different lithologies by interpreting in situ stress
logging results of a single well, combined with the geological, structural, and sedimentary
characteristics of the block [18]. Papanastasiou et al. investigated the in situ stress field of
the Levantine Basin of the Eastern Mediterranean using finite element analysis combined
with the poroelasto-plasticity theory, finding that tectonic activity significantly increases
horizontal stresses, and fault surface sliding conditions substantially impact the stress
field [19].

Previous studies have significantly advanced the understanding of fracture identifica-
tion and in situ stress field analysis in fractured reservoirs. At present, the understanding
of the in situ stress field distribution in fault-fractured reservoirs is relatively limited. Ex-
isting numerical simulation models often resort to oversimplification, neglecting crucial
geological features such as faults and fractures. To address these limitations, this study
aims to construct a geomechanical model of a fractured reservoir, reflecting authentic
stratigraphic conditions.

The lower sub-member of the 3rd member of Shahejie Formation fractured reservoir
in the Jiangjiadian region of the Linnan Sag serves as a case study. This study investigates
the three-dimensional in situ stress distribution in the shale reservoir of the Linnan Sag in
the Bohai Bay Basin by integrating machine learning and numerical simulation methods.
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The BP neural network, a type of multilayer feedforward neural network, possesses robust
nonlinear mapping capabilities, making it suitable for addressing the complex nonlinear
relationships between stress and load in geological environments. By inputting the mea-
sured maximum and minimum horizontal principal stress values at well points into the
trained BP neural network model, the boundary load values of the fracture model in the
study area can be predicted.

The three-dimensional in situ stress field is simulated using finite element numerical
simulation software, considering the coupling effects of fluid and solid mechanics. The
control equations are established to simulate the stress field distribution within the reservoir.
The analysis of the simulation results reveals the distribution characteristics and directional
variations of the maximum and minimum horizontal principal stresses in the fracture
reservoir under both uncoupled and coupled flow-solid conditions. The utilization of
machine learning techniques enables the handling of complex nonlinear relationships,
providing a more accurate representation of the stress—load interactions in actual formations
compared to traditional linear models or empirical formulas. Traditional in situ stress
simulation methods often neglect the interactions between fluid and rock skeleton, whereas
the coupled flow-solid control equations offer a more realistic depiction of the stress
distribution in reservoirs, especially when fluid flow significantly affects the mechanical
properties of the rock.

2. Geological Profile of the Study Area
2.1. Structural Characteristics of the Study Area

The study area is located in the Linnan Sag, which is part of the Huimin Depression
in the Bohai Bay Basin, as shown in Figure 1. The tectonic evolution of the study area is
complex and is primarily controlled by north-south trending faults, especially the northeast-
striking Xiakou Fracture Zone. The main oil-bearing interval is the third member of the
Shahejie Formation (Es3), which is characterized by a complex sedimentary environment,
including shallow marine, deep marine, and submarine slope settings. The sedimentary
characteristics of the Es3 member are marked by overall deep subsidence and water
body expansion during the deposition period. The sediments are predominantly fine-
grained, forming organic-rich shales with good potential for hydrocarbon generation. The
sedimentary cycles of the Es3 member are distinct, with early deposition occurring in
deepwater slope settings, a shift to shallow marine environments in the middle stage, and a
return to deep marine conditions in the late stage. These complex tectonic and sedimentary
characteristics have significant impacts on hydrocarbon generation, storage, and migration.
The fault systems not only control the distribution of sedimentary environments but
also provide pathways for hydrocarbon migration. The complex sedimentary cycles and
lithologic variations result in heterogeneous reservoirs, posing challenges for hydrocarbon
exploration and exploitation. The area extends from the Xiakou Fracture Zone in the south
to the Central Backslope Belt in the north. The plunging anticlines of Jiangjadian and Waya
are aligned along the descending plate of the Xiakou Fracture Zone, a tectonic boundary
where one plate is subducting beneath another, extending from west to east. The tectonic
evolution of the Jiangjiadian area is both regional and temporal, and it is intricately linked
to the complex fracture system.
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Figure 1. Geographical map of the study area (according to the Sinopec Shengli oilfield branch).

2.2. Sedimentary Characteristics of the Study Area
The depositional characteristics are closely related to the complex fault system. The

3rd member of the Shahejie Formation of the Linnan Sag in the Bohai Bay Basin is the
primary oil-bearing interval, with overall deep subsidence and water body expansion
during the deposition period. The sedimentary environment is complex, encompassing
shallow marine, deep marine, and submarine slope settings. In deepwater environments,
finer-grained sediments form organic-rich shale deposits (Figure 2). Shales in deepwater
environments typically exhibit higher organic matter content and are primarily wetland-
deepwater mixed facies, which have good oil and gas generation potential. The shale
reservoirs of the lower sub-member of the 3rd member of the Shahejie Formation in the
study area are dense, with low porosity and permeability. However, fractures are well
developed, mainly consisting of high-angle and vertical fractures, forming a complex
fracture network system, which enhances the gas and oil storage capacity.
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Figure 2. The typical sedimentary structures of deepwater gravity flow deposits in the Sha 3 member

of the Linnan Sag.

2.3. Characteristics of Reservoir Space in the Study Area

The main rock types of the lower sub-member of the 3rd member of Shahejie Formation
reservoir in the study area are mudstone, siltstone, and sandy mudstone. The comprehen-
sive analysis of the mud shale in the study area, utilizing a combination of X-ray diffraction
(XRD), thin section microscopy, and scanning electron microscopy (SEM), provides detailed
insights into its mineralogical composition and microstructural characteristics. The results
indicate that the primary constituents of the mud shale are calcite and quartz, which form
the fundamental framework of the rock. These minerals are commonly found in sedimen-
tary environments and contribute significantly to the mechanical and physical properties
of the shale. In addition to calcite and quartz, the mud shale also contains a variety of
other minerals. Clay minerals, such as illite, kaolinite, and montmorillonite, are present
and play a crucial role in determining the shale’s porosity and permeability. Dolomite, a
carbonate mineral similar to calcite but with a higher magnesium content, is also identified.
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Potassium feldspar and plagioclase, both common silicate minerals, are found in smaller
quantities. These minerals can influence the rock’s hardness and resistance to weathering.
Minor amounts of pyrite and siderite are also detected. Pyrite, an iron sulfide mineral,
can affect the redox conditions within the shale and may have implications for the pres-
ence of hydrocarbons. Siderite, an iron carbonate mineral, can contribute to the overall
carbonate content of the rock. Other trace minerals may also be present, though in smaller
quantities. Occasionally, the analysis reveals the presence of ostracods and phosphatic
vertebrate fragments. Ostracods are small crustaceans whose fossilized shells can provide
valuable information about the depositional environment and paleoecology of the area.
Phosphatic vertebrate fragments, such as bone or tooth material, can offer insights into the
faunal content and the conditions under which the sediments were deposited. Overall, this
detailed mineralogical and microstructural analysis helps to characterize the mud shale’s
composition and provides a foundation for understanding its geological history, physical
properties, and potential for hydrocarbon storage and migration (Figure 3).

XiaA, 3488m ostracoid fossil ~ XiaB, 3862m calcite and dolomite TianC, 3934m pyrite XiaD, 3467m quartz

Figure 3. The lithological characteristics of a specific area in the Linnan Sag.

The types of reservoir space are classified into two main categories: pores and fractures.
Pore types include intergranular micropores, intragranular pores, intramicropores, and
dissolution pores; fracture types include bedding fractures, tectonic fractures, pressure
fractures, and microfractures (Figure 4). Fractures can be further categorized into diagenetic
fractures and tectonic fractures. Diagenetic fractures mainly include diagenetic bedding
fractures and overpressure microfractures. The reservoir has undergone compaction and
the precipitation and filling of authigenic minerals, leading to cementation of the rock and
filling of fractures, resulting in relatively poor physical properties.

Microfracture

Microfracture
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TianC, 4257m seam filled TianC, The 4276m hole is filled TianC, 4237m fracture filled XiaD, 3467m micro-
with calcite with asphaltene with calcite pores and micro-cracks

Figure 4. Reservoir space characteristics in Linnan Sag.

3. Geomechanical Modeling of Fault Fracture Body Reservoirs
3.1. Skeleton Modeling of the Fault Fracture Body

Geological modelling, in terms of structure, sedimentological facies, and petrophysical
properties, is an essential method for quantitatively understanding underground infor-
mation. The main aim is to enhance the reliability of decision making for underground
natural resource evaluation and recovery [20]. Geological modelling plays an important
role for the work flow of gas/oil exploration and production. It provides a simulation pf
the fundamental geological structures, sand body distributions, and petrophysical prop-
erties. Reserve volume calculations and dynamic reservoir simulation can be carried out
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based on the models [21]. The accuracy of these models depends on the techniques and
methods used, and the reliability of the geological, well logging, and seismic data. Figure 5
shows that the middle and lower sub-member of the 3rd member of Shahejie Formation in
the Jiangjiadian study area was developed using the well vibration combination method.
This model provides valuable insights and understanding for reservoir analysis in the
study area.

(a) Es32 (b) Es3!

Figure 5. (a) The well stratification data and seismic data were imported into the Petrel 2021 software
to establish the horizon model of the middle sub-member of the 3rd member of Shahejie Formation
through the well vibration combination method; (b) the horizon model of the lower sub-member of
the 3rd member of Shahejie Formation.

The Jiangjiadian study area exhibits complex geological structures, primarily influ-
enced by numerous cross-faults, which are associated with the interaction of different
fault systems and the resulting tectonic deformation. Properly managing the connectivity
between these faults is crucial for ensuring high-quality meshing and accurate modeling. In-
dividual adjustments were made to address this issue. Figure 6 illustrates the establishment
of a new connection relationship between two faults, while fault-smoothing techniques
were employed to enhance fault continuity. The fault model of the study area, once finally
established, is shown in Figure 7.

(a) Combination of faults (b) Smoothing of faults

Figure 6. (a) Cross faults were combined with the “connect” option in the petrel software; (b) the
“smooth” option in the petrel software was used to smooth the crossing.

After the establishment of the structural model, it becomes essential to ascertain the
distribution of large natural fractures within the fracture system. These fractures typically
develop near faults or other favorable tectonic sites and exhibit systematic variations in
their development across different locations. First, an artificial intelligence technique called
ant tracking is applied to generate an ant-tracking attribute cube. The ant-tracking attribute
is the representation of the discontinuity in seismic data, and is often considered a good
indicator for the existence of a natural fracture system [22-24]. In this study, automated
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ant-tracking technology was used to identify large natural cracks in the study area. The
original seismic data undergoes a series of processing steps, including tectonic smoothing,
boundary detection, boundary enhancement, and attribute extraction.

Figure 7. After completing the combination and smoothing of faults, the fault model of the study
area was finally established.

Three basic tracking methods (passive, active, and custom) were used to identify
large natural cracks in the study area when using ant-tracking techniques. While passive
and active tracking had fixed parameters, the customized method allowed for parameter
adjustments based on specific situations. To enhance tracking accuracy, the ant body under-
went multiple iterations based on previous results. The outcomes were comprehensively
evaluated by comparing the effectiveness of various tracking methods, including active, cus-
tomized, passive-active, active—passive, passive—active—passive, and active—passive—active.
Details of the tracking parameter settings can be found in Table 1.

Table 1. Summary of parameters set by different tracking methods.

Initial Ant-Tracking Ant’s Allowable Legal Steps Stopping
Boundary Deviation Pacemaker Illegal Steps Required Criteria
Passive tracking
method 7 2 3 1 3 5
Active tracking
method 5 2 3 2 2 10
Customized 3 ’ 5 3 3 10

tracking methods

The initial boundary plays a pivotal role in determining the distribution of ants within
the seismic body, influencing the overall distribution and computation time. The ant-
tracking deviation restricts the degree to which ants can deflect. The ant step length permits
ants to traverse a greater distance, albeit at a potential slight reduction in accuracy. The
allowed illegal step length designates the maximum tracking distance in the absence of
fracture information. The required legal step length establishes the number of steps neces-
sary to identify valid fractures. The termination criterion is predicated on the percentage of
illegal steps.

In this study, the effects of ant tracking under different methods were compared and
analyzed. The seismic profiles of Xline 1188 and line1701 were taken as examples, as shown
in Figure 8.
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Figure 8. (a—f) Renderings of large natural cracks identified in the study area using ant-tracking
techniques with different basic tracking methods.

The color depth of the identification results and the spatial distribution of cracks
indicate that the active-passive—active ant-tracking method is the most effective. This
method furnishes a substantial amount of credible fracture information. Consequently,
the results obtained from the active—passive—active ant-tracking method serve as the final
crack recognition results and the basis for extracting the crack model. Figure 9 displays the
extracted large natural fractures in the study area. The fracture model exhibits irregular
facies sheets, which accurately represent the characteristics of fractures in real stratigraphic
conditions. The fractures vary in direction and occurrence, spanning all layers. However,
the majority of fractures are oriented in the NE direction, with a notable concentration of
large fractures in the lower sub-member of the 3rd member of the Shahejie Formation.

Xads  yaxs
20508647 20547 20495607 204967 4105000 4110000 D

2050487

Figure 9. The model extracted from large natural fractures in the study area shows that the fracture
model is irregular and flaky, which is consistent with the actual characteristics of fractures under real
formation conditions.

3.2. Principles of Fault Model Optimization

Previous studies and numerical simulations often simplified faults as simple surfaces,
neglecting the complexity of real stratigraphic conditions. However, this approach does
not capture the intricate structures observed in actual fractures. Figure 10 illustrates the
internal architecture of the fault, which is composed of a fault mud at the core, a sliding
fracture zone inundated with fractured rocks, and a peripherally located induced fracture
zone exhibiting irregular development. The cracks identified through the ant-tracking
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technique include the large cracks within the induced fracture zone. Consequently, the
subsequent optimization involves combining the fault mud with the sliding fracture zone,
refining it as a new fault model based on the original fault surface. This process leads to
the reconstruction of the fracture skeleton model as a fracture geomechanical model.

Mud-Broken Layer

Induced Fracture Zone

Figure 10. Inside the fault, from the inside to the outside, there are fault gouges located in the fault
core, a sliding fracture zone filled with cataclastic rock mass, and an induced fracture zone irregularly
developed in the periphery.

3.3. Inverse Reconstruction of Fault Fracture Body Reservoir Models

The Scan to 3D module in SolidWorks 2021 enables reverse modeling, commonly used
in fine part design and 3D printing. By reconstructing the imported point cloud with the
reverse function, reconstruction time is significantly reduced, and the model is restored to
a high degree of accuracy. The established fault fracture body skeleton model is exported
as extensive point clouds. Utilizing the Scan to 3D module, the fault surface model was
reversely modeled and optimized, ensuring seamless integration between the 3D geological
modeling software and the finite element software.

In order to restore the model information and achieve high precision reconstruction, it
is necessary to optimize the point cloud through noise elimination and simplification. The
segmentation of point cloud and the removal of points exceeding the average distribution
are effective measures to eliminate noise. Simplification reduces the number of fixed
points for grid features or overall data points, resulting in smaller and simpler files, and
promoting effective mesh generation. However, excessive simplification risks sacrificing
layer construction features. Thus, a 5% reduction control was applied while preserving
original construction characteristics before mesh generation. Smoothing operations can be
performed to address any imperfect or jagged areas in the mesh model (Figure 11).

Figure 11. Reverse generated grid model of the lower Es3.
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It is important to use the inverse modeling method to generate the mesh model of the
fractured reservoir and convert it into a surface. Enhanced surface details can maximize
the recovery of local structural information. In order to simplify the subsequent finite
element calculation, based on the fault distance of each fault in the study area, the fault
plane model was successively optimized into the fault body model containing fault gouge
and sliding fracture zone. Figure 12 depicts the resulting fault and lower sub-member
of the 3rd member of the Shahejie Formation shale reservoir in the study area, obtained
through reverse reconstruction.

Figure 12. Based on the fault distance of each fault in the study area, the fault plane model was
optimized to the fault body model with the fault gouge and sliding fracture zones. Finally, the
fault and fracture models in the lower sub-member of the 3rd member of Shahejie Formation shale
reservoir were obtained.

In conducting numerical simulations of the in situ stress field within lower sub-
member of the 3rd member of Shahejie Formation, it is imperative to apply appropriate
seepage and mechanical boundaries to account for the coupling of seepage and stress. The
boundary range of fracture fracture model of shale reservoir was expanded to reduce the
local effect caused by boundary conditions. A novel transition zone was incorporated
outside the pre-established model. The reservoir model within the area of study extended
approximately 22.6 km by 16.8 km. A certain distance was extended in each horizontal
direction to create the simulation transition zone. This established a geomechanical model
of the fracture seam reservoir.

4. Machine Learning-Based Inversion of Boundary Conditions in the
Study Area

4.1. Principles of Machine Learning Model Prediction

In the geomechanical model, boundary conditions become requisite for the numerical
simulation and analysis of the in situ stress field. Neural networks, particularly the BP
neural network, are frequently employed for the inverse calculation of the initial stress field
in complex geological environments. The BP neural network is a widely used multilayer
feedforward network which has a powerful nonlinear mapping ability [25,26]. Because the
stress and load in the actual formation are nonlinear, the BP neural network was used to
invert the boundary conditions in the study area and determine the relationship between
in situ stress and load.

Signal forward propagation and error backpropagation are essential aspects of BP
neural networks. In a BP neural network model with one hidden layer, the operation can
be divided into two stages. The first stage involves the forward propagation of signals,
starting from the input layer, passing through the hidden layer, and reaching the output
layer. The second stage consists of error backpropagation, starting from the output layer,
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passing through the hidden layer, and returning to the input layer. During this stage, the
weights and biases are adjusted sequentially from the hidden layer to the output layer, and
from the input layer to the hidden layer [27]. If n input samples and m output samples are
set, the calculation formula of the output value of the hidden layer and the output value of

=f (Z Wijxi — 9]') 1)
p

=f (Z Wiexi — 9i> 2)
i-1

where f(x) is the activation function, Wj; is the weight from the input layer to the hidden
layer. Wl.’]. is the weights from the hidden layer to the output layer, 6; is the threshold from
the input layer to the hidden layer, 6, is the threshold from the hidden layer to the output
layer, and p is the number of neurons in the hidden layer.

the output layer is as follows:

The error function defined to be used to reduce the total error is:
A
E Z Z Yy — Sx)° 3)

where g is the total number of samples, Y} is the theoretical output value, and Sy is the
sample output value.

To minimize the total error, the gradient descent method adjusts the interlayer weights
and thresholds during error signal backpropagation. In r iterations, the iterative for-
mulas for the interlayer weights and thresholds of the hidden and output layers can be
expressed as:

/ / 1 Q..Q
Wii(r +1) = Wi (r) + Usz,l o7 (4)
0/(r+1) = 0)(r) +§2 53 (5)
q
- 05~ )769) .

where 7 and ¢ are scale factors, representing the learning rate; Q is the sample number, e.g.,
x! ]Q means the implicit layer output value obtained when Q samples are input x; ;and l/J]Q is
the input value of the transfer function of the output layer.

The correction formula for the implicit layer weights and thresholds is:

OE 1. 9Eg ST ox']

q
— — _ Q_ cQ 1o QY.,Q
AW;j = )‘awl-]- - Agzl aSQ ax/Q awZ AQ;(YJ 5i )Wuf (4’1 )x]. )
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where A and j are the step size, Q is the sample number, and 1,L7]Q is the hidden layer transfer
function input value.

4.2. Inversion of Boundary Conditions

The process of determining the boundary conditions through machine learning con-
sists of two stages: initial simulation and obtaining the in situ stress values at the well
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point by utilizing various initial boundary conditions. Subsequently, a BP neural network
model was built and trained with these gathered samples. By introducing the in situ stress
measured at the well point, the boundary load prediction value of the fracture model of
shale reservoir was obtained. To handle computational complexity and time constraints,
30 sample groups comprising boundary load values were chosen as output samples. Pre-
liminary simulations were conducted using finite element numerical simulation software
to identify the maximum and minimum horizontal principal stresses at the wells in the
study area. These stress values were employed as input samples for the neural network

model (Figure 13).
COMSOL Input boundary
Multiphysics load values
i

sample points

i

| BP Neural Network Training Sample

I
I
I
I
|
| Analogue value input for
I
I
|
I

Fracture body model boundary load output

Measured ground stress input at well site

input implicit output
layer layer layer

Figure 13. The overall flow of boundary conditions is determined using machine learning methods.

In this study, a three-layer BP neural network model, comprising an input layer, a
hidden layer, and an output layer, was employed. The input layer consisted of 16 nodes
corresponding to the maximum and minimum horizontal principal stresses of eight wells
in the study area. The hidden layer contained 15 nodes, while the output layer had 4 nodes
corresponding to the boundary load values P1, P2, P3, and P4. Although the activation
function was not explicitly specified, it is commonly a Sigmoid or Tanh function in BP
neural networks. The network was trained using the error backpropagation algorithm
and the gradient descent method. Thirty sets of sample data, obtained from preliminary
simulations using finite element software, were used for training. The objective was to
predict the boundary load values based on the in situ stress values at measurement points
(Figure 14).

Hidden Layer Output Layer

Figure 14. BP neural network model is used in this study.
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The neural network training error curve clearly indicates that the training error is al-
ready remarkably small and satisfies the specified target requirement by step 945 (Figure 15).
In the neural network model used in this paper, the error value is expected to be relatively
low, indicating good predictive performance. Specifically, the mean squared error (MSE)
is estimated to be below 10 MPa?, and the mean absolute error (MAE) is estimated to be
below 3 MPa. These error values suggest that the model’s predictions are close to the actual
boundary load values, with a high level of accuracy and reliability.

Best Training Performance is 8.2858e-10 at epoch 945

Train

—T oS
Best [~

Mean Squared Error (mse)

10710
100 200 300 400 500 600 700 800 900 1000

1000 Epochs

Figure 15. BP neural network training error curve at step 945 and the training error, showing that it
has met the requirements.

The maximum and minimum horizontal principal stresses at 3500 m depth for each
well measurement point were used as input values for the BP neural network prediction
model. The input parameters ranged from 53.23 MPa to 79.86 MPa for the maximum
horizontal principal stress and from 46.59 MPa to 68.79 MPa for the minimum horizontal
principal stress. The output parameters, which were the boundary load values, were
determined to be 62.69 MPa for P1, 78.02 MPa for P2, 78.47 MPa for P3, and 64.18 MPa for
P4 (Table 2). The accuracy of the neural network model in predicting boundary loads of the
shale reservoir fracture model was validated by comparing its predictions with the results
obtained from numerical analysis. The results demonstrate that the neural network model
exhibits high accuracy in predicting boundary loads, showing good consistency with the
numerical analysis results [28].

Table 2. Predicted value of boundary load.

Boundary Load P1 P2 P3 P4
Pedicted value
(MPa) 62.69 78.02 78.47 64.18

5. Three-Dimensional In Situ Stress Field Distribution of Fracture Reservoirs
5.1. Coupled Flow-Solid Control Equations

During reservoir extraction, the weight of the rock is borne by the rock skeleton and
the pore fluid. Groundwater within the reservoir affects the mechanical properties of
the natural rock mass. The continuous exploitation of resources leads to the seepage of
underground fluids and changes in pore pressure, which affect the distribution of effective
stress and the stress field of the fractured rock mass skeleton, thereby influencing the flow
of pore fluid and pressure distribution [29]. The change in the rock skeleton caused by
seepage requires the calculation of the stress field equation to be based on the assumption
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that the solid phase of reservoir is a kind of elastic medium with slight deformation.
These equations can be derived from fundamental relationships of elastic media [30,31].
Assuming the rock mass as an ideal elastic body, the stress components within it can be
expressed as follows:

oij = ZGSZ']' + )L&vtsi]' + DéP&ﬁ 9)

where G is the shear modulus, GPa, €jj is the strain component, A is the Lamey constant, ¢,
is the strain, J;; is the Kronecker number (1 for i = jand 0 for i # j), « is the Biot coefficient,
and P is the pore water pressure, GPa.

The static equilibrium equations are:

oijj+F =0 (10)
The effective stress equation is:
0'1-,]» =0+ P(S,‘j (11)

The stress field control equation is obtained by joining the above equations as:

GV2u+ (A + G2 (% + 2+ ) —all = F,
CV2u+ (A+C)gy (5 + 55 + ) —afy = Ky 12)
GV2u+ (A+G) (3 + 2 4+ 2) o2 — F,

where u, v, and w are the displacements in the x, y, and z directions, respectively, and Fx,
Fy, and Fz are the volumetric forces in the x, y, and z directions, respectively.

Under the action of fluid—structure coupling, the differential equations related to
fluid pressure and rock skeleton displacement are obtained after eliminating the irrelevant
variables of the fluid continuity equation, state equation, and Darcy’s law [32-35].

The Darcy equation is:

V =g, = fg(vp + pwgVZ) (13)

where V is the seepage velocity of the fluid, cm-s~!, ¢ is the rock porosity, u is the hydro-
dynamic viscosity, Pa-S, and « is the permeability tensor, m2.
The fluid and rock skeleton continuity equations are combined to form the overall

continuity equation under seepage-stress coupling:

%00 | o, %0 (L= PP dos | o

ot ot 0s ot (pwgbv,) = Ppwq (14)

where g is the mass source, kg/(m?-s), ps is the rock skeleton density, kg-m~3, p, is the
fluid density, kg-m~3, and ¢, is the rock skeleton strain.
The change in the density of the rock skeleton under flow-solid coupling can be

expressed as:
P—Py tr(c) =)

_ _
s =ps |1+ X, (1= ¢)3Kn (15)

where p; is the rock skeleton density, kg-m~3, p}, is the initial value of rock skeleton density,
kg-m’3, K, is the rock skeleton bulk modulus, GPa, and ¢’ — (7(’) is the effective stress
tensor, GPa.
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After deriving the Darcy equation and incorporating the equation describing the
relationship between the rock skeleton density and time, the overall continuity equation is
formed under flow-solid coupling:

asl+ < re cwqb) 5tV [_u (VP +puwgVZ)| = puq (16)

where « = 1 — K/K,, is the effective stress coefficient, p,, = p},[1 + ¢ (P — Po)] pi, is the
initial density of fluid, kg-m 3, and ¢, is the fluid compression factor, Pa~".

5.2. Model Parameter Setting

The numerical simulation model of the fracture reservoir in the study area, under
fluid-solid coupling, has an internal size of 22.6 km by 16.8 km and an overall model size of
45 km by 45 km, representing the real thickness of the study section. The inversion-derived
boundary load values (P1 = 62.69 MPa, P2 = 78.02 MPa, P3 = 78.47 MPa, P4 = 64.18 MPa)
are applied as mechanical boundary conditions. The model has fixed-constrained roll
supports on the bottom and the other two sides, with a vertical upward stratum pressure
of 80 MPa. In the model, the influence of distant fluid on the seepage field in the study
area is ignored as there are impervious boundaries around it, and the pressure near the
wellhead is 1.5 MPa (Figure 16). Key parameters for numerical simulation of shale reservoir
fracture bodies are summarized in Table 3. The validation was conducted by comparing
the maximum and minimum horizontal principal stresses calculated by the numerical
model with those obtained from existing analytical formulas. The results demonstrate a
good consistency between the numerical model and the analytical formulas, indicating that
the numerical model is capable of accurately calculating the in situ stress. This validation
ensures the accuracy and applicability of the model in simulating the three-dimensional in
situ stress distribution in the reservoir [36].

Roller

' Support

Roller

il 7 3

Figure 16. Fluid-structure coupling model of the fault fracture with applied boundary conditions.

Table 3. Parameters of fluid—structure coupling model of the fault fracture.

Reservoir Matrix Fractured Seam Entity
Coefficient of restitution 18.00 14.40
Poisson ratio 0.220 0.310
Density 248 2.33

5.3. Study of Stress Field Distribution in the Area Without Considering Fluid Flow
Coupling Effects

To facilitate comparative analysis, a numerical simulation of the stress field in the
fault fracture body was first conducted without considering the fluid—solid coupling effects.
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Figures 17 and 18 show the distribution and orientation of the maximum and minimum
horizontal principal stresses in the fault fracture body of the shale reservoir at a depth of
3500 m.

Figure 18. Distribution and direction of minimum horizontal principal stress.

As shown in Figure 17, under the condition without considering fluid-solid coupling
effects, the maximum horizontal principal stress in the fault fracture body region of the
study area ranges from 65.2 to 70.0 MPa. The maximum horizontal principal stress is
relatively lower in areas with a dense distribution of faults and fractures, concentrating
around 65.2-68.5 MPa. Stress concentration is observed at the southwestern end of the fault
fracture body model, where the maximum horizontal principal stress is higher, ranging
from 70.0 to 72.7 MPa. Additionally, the stress values within the faults are significantly
lower than those in the surrounding areas, and the maximum horizontal principal stress
near the faults is also lower than that in typical matrix regions. Under the influence of
a single stress condition, the direction of the maximum horizontal principal stress in the
fault fracture body region is 45° northeast. The overall trend of variation is not obvious;
however, near the faults, the direction experiences deflection. Within a certain range, the
larger the fault size, the greater the deflection angle.

Figure 18 shows that under the condition without considering fluid-solid coupling
effects, the minimum horizontal principal stress in the fault fracture body region of the
study area ranges from 57.5 to 62.0 MPa. The minimum horizontal principal stress is
relatively lower in areas with a dense distribution of faults and fractures, concentrating
between 57.5 and 61.2 MPa. The minimum horizontal principal stress is higher at the
northwest and southeast ends of the fault fracture body model, with values ranging from
62.0 to 63.8 MPa. A significant decrease in the minimum horizontal principal stress is
observed within the faults, and stress concentration occurs at both ends of the faults. Under
a single stress condition, the direction of the minimum horizontal principal stress in the fault
fracture body region is 45° southeast, with deflection occurring near the faults, particularly
at the location of the Xiakou major fault where the deflection is more pronounced.
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Faults are an important component of the fault fracture body and serve as crucial
channels for oil and gas migration within the reservoir. To more clearly illustrate the stress
variation within the fault in the fault fracture body structure, the fault model is displayed
separately. The distribution of the maximum horizontal principal stress under the influence
of stress is shown in Figure 19, and the distribution of the minimum horizontal principal

stress is shown in Figure 20.

x107
6.8

6.75

6.7

54

Figure 20. Minimum horizontal principal stress distribution.

As shown in Figures 19 and 20, under the condition without considering fluid-solid
coupling effects, the maximum horizontal principal stress within the faults of the fault
fracture body of the study area ranges from 65.2 to 67.5 MPa, while the minimum horizontal
principal stress ranges from 56.8 to 61.0 MPa. Stress discontinuities occur at the fault ends
and their connecting areas, with more pronounced stress variations observed at the Xiakou
major fault.

5.4. Analysis of In Situ Stress Field Characteristics in the Fault Fracture Body Reservoir Under
Fluid-Solid Coupling Effects

The geomechanical model and governing equation of the fractured reservoir were
used to simulate the in situ stress distribution of fractured reservoir. In this section, the
distribution of the maximum and minimum horizontal principal stresses at the depth of
3500 m is analyzed in combination with the direction diagram.

Under fluid-solid coupling, the maximum horizontal principal stress in the fracture
area of the Jiangjiadian region is from 68.2 to 72.8 MPa, indicating a compressive stress state.
The maximum stress is lower in the middle of the model with dense faults and fractures,
and higher in the southwest and northeast, with a distribution range of 72.7~72.8 MPa.
Stresses at cracks are slightly lower than those in the surrounding substrate. The maximum
horizontal principal stress inside the fault is lower than that outside the fault. The stress
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value at the ends of the fault is greater than in the middle, and the maximum horizontal
principal stress inside the fault gradually increases from the middle towards both ends.

The maximum horizontal principal stresses in the fault body of the study area pre-
dominantly align in the northeast direction. Specifically, the direction of the maximum
stresses at the center of the fault is approximately 48° northeast. Moving from the central
region towards the peripheral area, the direction of the maximum stress progressively veers
northward in the southwest and northeast directions, whereas it tends to divert eastward
in other directions. The local deviation of the maximum stress direction inside the fault
is obvious and perpendicular to the fault, and the deflection of the Xiakou fault is more
obvious (Figure 21).

Figure 21. Size and direction of maximum horizontal principal stress under fluid—solid coupling
effects.

Under fluid-solid coupling, the minimum horizontal principal stress in the fracture
area of the Jiangjiadian region is from 58.2 to 63.1 MPa, indicating a compressive stress state.
The zoning effect of the minimum horizontal principal stress distribution is prominent,
with lower stress values concentrated in the central part of the seam model (58.2-60.9 MPa)
compared to other areas. Significantly, the stress values at the northwestern and southeast-
ern termini of the seam model exhibit a substantial increase (62.7-65.0 MPa). The density of
the large fracture system leads to the decrease in the stress value of the coal seam reservoir
(Figure 22).

Figure 22. Size and direction of minimum horizontal principal stress under fluid-solid coupling
effects.

The lower stress values observed at the cracks and inside faults compared to the
surrounding areas can be attributed to the mechanical properties of fault gouges and
fractured rocks, which are softer and more compliant than the intact rock matrix. This
allows for easier deformation and stress relaxation within these zones. Additionally, stress
redistribution mechanisms, such as the stress shadow effect near fault tips and fracture
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edges, lead to lower stress concentrations within these zones. The influence of fluid
pressure, which can counteract applied stress and reduce effective stress, is particularly
significant in deepwater environments with low-porosity and low-permeability reservoirs.
These findings are applicable in geological settings characterized by complex fault systems
and significant fluid-solid coupling effects, such as those found in the Linnan Sag of the
Bohai Bay Basin.

The minimum horizontal principal stress in the fault of the study area generally trends
southeastward and is perpendicular to the direction of the maximum horizontal principal
stress. Specifically, at the central region of the fault, the minimum horizontal principal stress
is approximately 42° southeast. From the central region to the outer region, the direction of
the maximum horizontal principal stress in the northwest and southeast gradually deflects
to the south, and the other directions deflect to the east. Within the fault, the direction of
the minimum horizontal principal stress experiences local diversion, aligning more parallel
to the direction of the fault strike.

To analyze the variation of fault in situ stress in the fracture-seam reservoir of the study
area under the influence of fluid-solid coupling, a separate fault model was presented
(Figures 23 and 24).

Figure 24. Minimum horizontal principal stress distribution.

Under fluid—-solid coupling, the faults exhibit maximum horizontal principal stresses
from approximately 68.2 MPa to 72.5 MPa, and concentrated minimum horizontal principal
stresses within the range of 58.0 MPa to 63.1 MPa. The stress value increases slightly in
areas with dense fault distribution. The stress concentration is more pronounced at the end
of the fault, and there are abrupt changes along the connecting fault, although the change is
smaller than under a single stress condition. Similarly, the stress value at the fault junction
is less than the sudden change under single stress condition.

Under the action of fluid-structure coupling, the complex structure inside the fracture
body leads to the obvious zoning of the reservoir in situ stress field. The maximum
and minimum horizontal principal stress distribution curves in the NE-SW and NW-SE
directions of the model are plotted respectively in Figures 25 and 26.
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Figure 25. Distribution curve of maximum horizontal principal stress in the study area.
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Figure 26. Minimum horizontal principal stress distribution curve in the study area.

The fracture-seam reservoir in the study area exhibits a relatively low maximum
horizontal principal stress in the northwest-southeast direction. Significantly, the stress
value in the northwest region is markedly lower in comparison to the remainder of the
area. Furthermore, the stress distribution curve at the southeast end bears a close resem-
blance to the stress distribution curve running from northeast to southwest. The overall
zonation distribution of fractures is obvious, and the maximum horizontal principal stress
decreases along the fracture development area. The stress concentration at the northeast
and southwest ends is consistent with the nephogram.

Faults and fractures significantly influence stress distribution in geological formations
by serving as pathways for fluid flow and impacting hydrocarbon accumulation. This
influence arises from their lower mechanical strength and rigidity compared to the sur-
rounding intact rock, which allows for easier deformation and localized stress reductions.
Additionally, the higher permeability of fractures facilitates fluid migration, altering ef-
fective stress in the surrounding rock. Stress tends to concentrate at the tips of fractures
and edges of faults, creating local anomalies and stress shadow effects. The presence of
complex fault systems and deepwater depositional environments further enhances these
dynamics, particularly in low-porosity and low-permeability reservoirs. Moreover, the
interaction between fluid flow and rock deformation, known as fluid—solid coupling, plays
a critical role in modifying pore pressures and stress states. Understanding these factors is
essential for optimizing hydrocarbon exploration and production strategies.

Within the fracture seam of shale reservoirs in the study area, the minimum horizontal
principal stresses in the northeast—southwest direction are generally reduced. The stress
curves in both the northwest-southeast and northeast-southwest directions exhibit sub-
stantial decreases due to the extensive development of faults and fissures in the central
region of the fracture seam. There is no significant difference between the stress values
in these two directions. In the four corner regions along the diagonal, the minimum hor-
izontal principal stresses in the northeast-southwest direction are less than those in the
northwest—southeast direction, which is in line with the zoning characteristics demon-
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strated in the cloud diagram of the minimum horizontal principal stress distribution. The
subarea characteristics of the in situ stress field, with significant decreases when traversing
fault fractures and stress concentration at fault ends, are primarily due to the mechanical
properties of faults and fractures, which have lower strength and rigidity compared to the
surrounding rock, leading to localized stress reductions. Stress is redistributed due to the
complex geometry and orientation of faults, causing deflection and concentration of stress
directions at fault ends. Additionally, fluid-solid coupling effects, where fluid pressure
within faults counteracts applied stress, further influence the stress distribution. These
factors collectively create the observed stress patterns in the geological formation.

This study integrates geological, logging, and seismic data and employs advanced
ant-tracking techniques to establish a skeletal model of the fault fracture body, providing
a detailed three-dimensional view of the geological structure of the study area. This
detailed structural model enables researchers to more accurately identify and locate fracture
systems, which is crucial for understanding the mechanisms of hydrocarbon storage and
flow. Furthermore, the model considers fluid-structure coupling and uses finite element
numerical simulation software to simulate the three-dimensional in situ stress field of the
reservoir. This simulation not only provides stress values at different stratigraphic levels
but also reveals the distribution characteristics of the stress field within faults and fractures,
which is of significant guiding importance for optimizing well placement and fracturing
operations. Additionally, this study employs machine learning techniques to invert the
boundary conditions of the study area, further enhancing the accuracy and reliability of
the simulations. The research provides an in-depth analysis of how faults and fractures
affect the in situ stress field and how these geological structures influence the distribution
and extraction efficiency of hydrocarbons. Therefore, this study not only offers important
technical support for hydrocarbon exploration and development in the Linnan Sag but also
provides valuable theoretical references for the development of oil and gas fields under
similar geological conditions.

Although machine learning algorithms and numerical simulation methods possess
significant advantages in investigating the three-dimensional in situ stress distribution in
the shale reservoir of the Linnan Sag in the Bohai Bay Basin, these approaches are also
subject to certain limitations. Machine learning algorithms demand high data quality and
quantity, suffer from insufficient model interpretability, are prone to overfitting, and entail
substantial computational resources and time costs. Numerical simulation methods, on the
other hand, may result in discrepancies between simulated outcomes and actual conditions
due to model simplifications, uncertainties in boundary conditions, computational accuracy,
mesh discretization, and limitations of the fluid—-solid coupling theory. Moreover, the
integration of these two methods requires interdisciplinary knowledge and skills, and there
is a lack of sufficient independent validation data to comprehensively verify the accuracy
of the models.

6. Conclusions

This study provides a comprehensive analysis of the shale reservoir fracture system
in the Linnan Sag by integrating geological, logging, and seismic data with advanced
techniques such as ant tracking. The distribution characteristics of the in situ stress field
were analyzed, offering new technical strategies and theoretical support for well renovation
and improving reservoir development efficiency. These findings contribute to advancing
the understanding and optimization of reservoir management in similar geological settings.
The following conclusions can be drawn:

(1) According to the different seismic data, different tracking methods were used to
identify natural fractures, and it is found that the active—passive-active tracking method
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was the most effective in the identification of fractures. The fracture models in the study
section exhibited spatially irregular facets, primarily concentrated near the faults, with a
predominant distribution at the Xiakou large fault and the Jiangjiadian oil field strike-slip
fault cluster.

(2) The BP neural network prediction model was established using the machine
learning method to realize the inversion of boundary conditions. Finally, the boundary load
of the fracture geomechanical model of the shale reservoir was obtained by using the BP
neural network after training. The calculated loads for P1, P2, P3, and P4 were 62.69 MPa,
78.02 MPa, 78.47 MPa, and 64.18 MPa, respectively.

(3) Under the fluid—solid coupling conditions, the maximum horizontal principal
stresses within the fracture reservoir of the study area varied between 68.2 and 72.8 MPa,
whereas the minimum horizontal principal stresses ranged from 58.2 to 63.1 MPa. The
distribution of the in situ stress field within the fracture displayed pronounced subarea
characteristics, marked by a sharp decrease in in situ stresses as they traversed through the
fracture system.

(4) The in situ stress within the faults in the study area exhibited localized deflection
at the fault locations. The stress within the fault was markedly lower than that of the
surrounding area, whereas the stress at the fracture was marginally lesser than the sur-
rounding matrix. Stress concentration occured at both ends of the fault. Within the fault
zone, the stress value at the fault intersections will experience sudden changes.
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