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Abstract

The Linxing-Shenfu gas field, a key block for China National Offshore Oil Corporation’s
onshore unconventional oil and gas exploration, is characterized by complex geology
that poses dual challenges to the efficiency and accuracy of traditional seismic
interpretation methods. This study presents a systematic review of the application
progress of machine learning, particularly deep learning, in seismic interpretation
within this block since 2018. To address the specific geological characteristics
and exploration needs, we developed a comprehensive intelligent interpretation
workflow. This workflow integrates intelligent horizon and fault interpretation,
deep clustering for seismic facies analysis, and automated identification of special
geological bodies (e.g. Zijinshan igneous rock mass), enabling the accurate
reconstruction of the stratigraphic framework. Furthermore, leveraging deep learning
models, we achieved direct prediction of lithology, physical properties (e.g., porosity,
permeability), and gas-bearing parameters, culminating in the comprehensive
characterization of geological “sweet spots.” Practical applications demonstrate that
this intelligent interpretation workflow not only significantly enhances interpretation
efficiency but also provides distinct advantages for overcoming the bottlenecks
of traditional theoretical methods, such as handling low signal-to-noise ratio data,
identifying thin interbeds, and predicting “sweet spots.” This review provides robust
support for efficient exploration and development decision-making in the Linxing-
Shenfu Block.

Keywords: Unconventional reservoir; Seismic interpretation; Machine learning; Deep
learning; Sweet spot

1. Introduction

The Linxing-Shenfu Block of China National Offshore Oil Corporation (CNOOC),
located in the northeastern part of the Ordos Basin, covers an area of approximately
4,500 km?’. The exploration history of the Linxing-Shenfu Block comprises three
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distinct phases: (i) the discovery of peripheral gas fields,
(ii) initial gas field exploration, and (iii) large-scale gas
field development. In 2012, CNOOC entered the Linxing-
Shenfu Block after systematically comparing geological
conditions between the basin margin and the interior—a
strategic shift toward tight gas exploration was proposed.
From 2014 to 2015, significant exploration breakthroughs
were achieved in the L-4 well area, with high-yield gas
flows from the Taiyuan formation and proven geological
reserves exceeding 20 billion m’, which marked the
successful initial development of the tight gas reservoir.

Through a series of exploration activities, including
drilling, seismic acquisition, logging evaluation,
and fracture testing, geological understanding and
technological innovation were deepened, gradually
revealing the geological characteristics of the gas field, and
resulting in rapid reserve growth. This led to the discovery
of the Linxing tight gas field with a capacity of over 100
billion m* in 2019. Subsequently, with breakthroughs in
deep coalbed methane (CBM) exploration, the exploration
strategy for Linxing-Shenfu Block shifted to a dual focus
on both tight gas and deep CBM,' with cumulative proven
geological reserves of 280 billion m® of tight gas and 270
billion m’ of deep CBM. In recent years, under the guidance
of the whole hydrocarbon system theory in coal measures,
exploration research has gradually increased, focusing on
the Ordovician carbonate rocks of the Lower Paleozoic,
Carboniferous bauxite rocks, and the Zijinshan igneous
rock mass. These efforts are expected to pave the way for
new replacement areas for future energy development.

Since 2013, through integrated planning and phased
implementation, a cumulative total of 3,500 km? of three-
dimensional (3D) seismic data has been acquired in the
Linxing-Shenfu Block, achieving near-complete coverage
of the exploration area. The application of 3D seismic
technology has played an important role in the discovery of
tight gas fields and CBM fields, as well as in the preliminary
exploration of new fields such as bauxite, carbonate rocks,
and igneous rocks. In terms of 3D seismic interpretation
techniques, a stratigraphically facies-controlled tight-
sandstone gas prediction technology system has been
developed to address seismic forecasting requirements
for geological and engineering sweet spots.” Techniques
such as pre-stack waveform-controlled high-resolution
inversion, geostatistical coal facies prediction, and coal
body structure prediction based on multi-attribute
clustering have also been explored.

Since 2018, machine learning (ML) technology,
especially deep learning (DL), has seen explosive growth
in cross-disciplinary research with geophysics,* and
data-driven geophysical interpretation techniques have

begun to gain attention. Meanwhile, CNOOC’s onshore
unconventional oil and gas exploration has accumulated
substantial datasets characterized by diversity, homogeneity,
and density. Under the guidance of new technologies
and robust data support, CNOOC has developed
a comprehensive ML-based seismic interpretation
framework for onshore unconventional oil and gas over
six years of sustained research, including horizon and
fault interpretation, seismic facies clustering, special rock
body characterization, and lithological, petrophysical,
and gas-bearing property prediction. It encompasses the
complete seismic interpretation workflow, including the
establishment of stratigraphic frameworks, lithological
assemblage classification, target lithology prediction, and
the prediction of physical and gas-bearing properties. The
combination of data-driven ML seismic interpretation
technology and model-driven conventional seismic
interpretation technology has achieved good results in the
exploration and development of tight sandstone gas and
deep CBM in the Linxing-Shenfu Block, as well as in the
exploration of Ordovician carbonate rocks, Carboniferous
bauxite rocks, and the Zijinshan igneous body.

2. Geological conditions and the demand
for intelligent interpretation

2.1. Geological characteristics of the Linxing-Shenfu
Block

The Linxing-Shenfu Block resides within the transitional
zone between the Yishan Slope and the Jinxi flexural fold
belt in the Ordos Basin (west of the Lishi Fault Zone), and
exhibits structural characteristics comparable to those
of the Yishan Slope (Figure 1).> Within the block, Upper
Paleozoic strata exhibit an unconformable contact with
Lower Paleozoic strata, marked by the absence of Middle-
Upper Ordovician Series, Silurian System, Devonian
System, and Lower Carboniferous Series. According
to current drilling data, the stratigraphic sequence
from bottom to top consists of the following: the Lower
Ordovician Majiagou Formation, and the Upper Paleozoic
strata exhibit continuous deposition with conformable
contacts, dominated by transitional marine-terrestrial
facies and continental clastic rock deposits. From base to
top, the sequence includes the (i) Upper Carboniferous
Benxi Formation, the Lower Permian Taiyuan and Shanxi
Formations, the Middle Permian Shihezi Formation, the
Upper Permian Shigianfeng Formation, and the Lower
Triassic Liujiagou Formation; (ii) the Upper Pliocene of
the Neogene; (iii) the Upper Pleistocene of the Quaternary;
(iv) and the Holocene of the Quaternary.

Based on the spatial relationship between the reservoirs
and the source rock, the Linxing-Shenfu Block can be
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divided into three sets of oil and gas systems in the vertical
direction (Figure 2): (i) tight gas with a lower source and
upper reservoir configuration, (ii) self-sourced CBM
gas, and (iii) multi-sourced gas in carbonate and bauxite
rocks with multiple reservoirs.®” In addition, influenced
by the thermal effects of Yanshanian magmatic intrusion
in the eastern part of the basin, the Zijinshan igneous
intrusion induced localized strata uplift in the central
part of Linxing, resulting in the exposure of the Zijinshan
alkaline complex. Its magmatic thermal effect significantly
influences hydrocarbon expulsion from source rocks
and the regional structural framework.® Additionally, the
intrusion and its associated metamorphic system represent
a key exploration target in the Linxing-Shenfu Block.

2.2, Demand for intelligent seismic interpretation
technology

Bergen et al.’ proposed three categories of ML application
in geoscience: (i) automating complex predictions
beyond explicit commands; (ii) modeling and inverse
problems to approximate numerical simulations or
capture relationships; and (iii) discovering new patterns,
structures, and relationships. Based on the exploration
and development demands of the Linxing-Shenfu
Block, intelligent seismic interpretation technology has
demonstrated significant efficacy in two aspects: labor-
intensive interpretation tasks and seismic interpretation
where traditional theories are inapplicable, specifically
manifested in:

(i) The stratigraphic sequence interpretation across 24
geological units—including five subsections of the
Ordovician Majiagou Formation, two subsections of
the Carboniferous Benxi Formation, two subsections
of the Taiyuan Formation, two subsections of the
Shanxi Formation, eight subsections of the Shihezi
Formation in the Permian, and five subsections
of the Triassic Shigianfeng Formation—has been
substantially enhanced in efficiency, precision, and
consistency through intelligent horizon interpretation
techniques.

(ii) For the two sets of fault systems in the Upper and
Lower Paleozoic, intelligent fault interpretation has
been realized with the assistance of automated fault
surface extraction tools, trained on a limited set of
manually interpreted labels.

(iii) Theessence of intelligent interpretation of stratigraphic
horizons and faults is the intelligent construction of
a stratigraphic framework. Within this framework,
spatial segmentation and clustering of lithological
assemblages across stratigraphic units are critical.
Given the low signal-to-noise ratio (SNR) seismic data
in the Linxing-Shenfu Block, intelligent seismic facies
analysis is the most effective method for automated
feature extraction.

(iv) Beyond typical sedimentary strata, the Zijinshan
igneous intrusion in the eastern part of the Linxing
Block significantly influences regional hydrocarbon
source rocks and tectonic evolution. The 3D

Figure 1. Geological overview of the study area. (A) Location of the Ordos Basin within China and its tectonic map. The Ordos Basin comprises six major
geological units: the Jinxi flexural fold belt, the Yimeng uplift, the Yishan slope, the Weibei slope, the Tianhuan sag, and the Western Margin Thrust Belt.
(B) Structural configuration of the Linxing—Shenfu Block in the eastern part of the basin.
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Figure 2. Geological model diagram. (A) Reservoir formation model of the entire oil and gas system in the Linxing-Shenfu Block. The system contains dual
source rocks (Upper and Lower Paleozoic) and three major reservoir types (tight sandstone, bauxite, and carbonate gas reservoirs). (B) The stratigraphic

sequence of the study area, comprising 24 defined geological units.

characterization of the igneous intrusion is a complex
stratigraphic interpretation process with multiple
Z-values in the vertical direction, but intelligent
identification technology for special geological bodies
can reduce the complexity of interpretation.

(v) The exploration and development of tight sandstone
gasand CBM in the Upper Paleozoic involve predicting
geological “sweet spots” (areas with high porosity, high
permeability, and high gas saturation) characterized by
lithology, petrophysical properties, and gas saturation.
Under low porosity and permeability conditions, the
overlap of seismic elastic parameters reduces their
sensitivity to lithology, petrophysical properties,
and gas-bearing properties. Supported by extensive
well data, data-driven intelligent prediction of these
parameters enables robust support for well placement
optimization and reserve estimation.

3. A machine learning-driven workflow for
integrated seismic interpretation

3.1.The proposed workflow and its novelty

This study presents a fully integrated and intelligent seismic
interpretation workflow that systematically progresses
from raw data to the characterization of “sweet spots,”
demonstrating a paradigm shift toward automation in
subsurface analysis (Figure 3). The workflow begins with
the robust, DL-enhanced identification of fundamental
geological structures under low-SNR conditions, where
a convolutional neural network (CNN) combined with

conditional random fields (CRF) refinement and path
optimization automates horizon tracking, and a U-Net++
architecture directly detects faults from seismic data,
effectively replacing manual picking and traditional
attribute computation. Building upon this structural
framework, the workflow automatically interprets
geological meaning using a deep clustering auto-encoder
for seismic facies mapping and a U-Net for semantic
segmentation of specific geological bodies, such as igneous
rock masses, thereby bypassing subjective manual attribute
selection.

Leveraging these structural and facies constraints,
the system then transitions to quantitative reservoir
evaluation, employing a Markov chain-constrained
Bayesian classification framework for high-resolution
lithofacies discrimination in thin-bedded coal-bearing
strata and a geology-informed DL model for predicting
physical properties such as porosity, permeability, and
gas saturation. The integrated workflow culminates in a
multi-layer feed-forward neural network that integrates
seismic data with corrected well logs to establish nonlinear
mappings between optimized seismic attributes and
corrected total gas (TG) curves, effectively resolving fluid
ambiguity under complex rock physics conditions and
generating a continuous gas-bearing probability volume.
Ultimately, all outputs, structural model, facies, lithology,
physical properties, and gas content, are fused within a
unified 3D model to automatically delineate composite
“sweet spots”
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Figure 3. The machine learning-driven workflow for seismic interpretation

This innovative workflow, which establishes a
systematic, automated solution, significantly reduces
interpretive subjectivity and manual effort, thereby setting
a new standard for data-driven reservoir characterization
in geologically complex settings.

3.2. Machine learning-enhanced identification for
complex geological structures

3.2.1. Robust horizon and fault interpretation under
low signal-to-noise ratio

Accurate structural interpretation, encompassing both
seismic horizon tracking and fault identification, is a
cornerstone of subsurface model building for hydrocarbon
exploration.' However, in the Linxing-Shenfu Block,
this task is significantly impeded by low SNR and weak
lateral continuity of seismic data due to heterogeneous
sedimentation. Traditional horizon interpretation relies
heavily on manual picking by geologists, a subjective
and time-consuming process."! While semi-automated
methods such as seed-point-guided tracking improve
efficiency by correlating local waveform similarities," their
accuracy remains limited when encountering significant
lateral waveform variations or fault disruptions. Fault
interpretation traditionally relies on manual detection of
seismic discontinuities, a process prone to subjectivity and
constrained by data quality.”® Although seismic attribute
algorithms (e.g., coherence," variance,"” curvature,'® and
ant tracking') have enhanced interpretation efliciency,
they still face limitations in discriminating faults from
lithological boundaries and remain computationally
intensive and resolution-sensitive. This study addresses

the challenge of achieving robust, automated structural
interpretation under such seismically adverse conditions.

Recent advancements in DL, particularly CNN,
have demonstrated significant progress in horizon
interpretation'®? and fault detection.’** Therefore, we
developed an integrated workflow combining CNNs
with CRF and path-optimization algorithms, forming a
three-stage processing framework that progresses from
local feature extraction to preliminary interpretation and,
finally, to globally optimal interpretation.

In the initial stage, CNNs automatically detect features
from seismic data. For horizon interpretation, CNNs
are used to learn local waveform patterns, generating an
initial probability volume that highlights potential horizon
locations. Concurrently, for fault interpretation, specific
data conditioning is applied to enhance structural edges:
a multi-step structure-oriented filter is employed to
suppress random noise while preserving discontinuities.
Furthermore, amplitude balancing is applied to the fault-
detection input to equalize energy levels across the volume,
ensuring that fault features in low-amplitude or deep zones
are effectively captured. Subsequently, a U-Net++ network®
with dense skip connections executes end-to-end fault
detection, producing a 3D fault probability volume. This
replaces manual feature picking and traditional attribute
computation with robust, initial pattern recognition.

However, the CNN’s horizon predictions, while
accurate locally, lack spatial coherence due to its limited
receptive field. Similarly, the raw fault probability volume
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may contain noise and exhibit discontinuous fault planes.
Therefore, we transformed the preliminary model into a
geologically consistent interpretation. For horizons, this
is achieved through a synergistic combination of CRF
and a path-optimization algorithm—the CRF serves as
a refinement tool, and the path-optimization algorithm
performs a global search to extract the most probable
continuous horizon. As a discriminative probabilistic
graphical model, CRF can effectively capture state—state
dependencies in sequential data (e.g., continuous strata),
rather than only focusing on feature mapping. We used the
CNN model’s output as input to the CRF model and trained
it using horizon data as labels. By learning the transition
probability matrix between formations, the CRF imposes
strict global constraints on the predicted sequence, thereby
effectively avoiding stratigraphic sequence reversals or
jumps caused by local noise. For faults, the refinement
involved automated extraction of fault patches from the
probability volume, followed by interactive editing and
validation to ensure geological reasonableness, ultimately
generating fault sticks for 3D structural modeling.

Compared to seed-point auto-tracking, our method
maintains continuous and accurate horizons in
challenging zones (Figure 4), demonstrating improved
lateral continuity and consistency with well tops. The
DL-derived faults exhibited greater clarity, better vertical
continuity, and more geologically reasonable geometries
than those from variance or coherence attributes (Figure
5). The resulting fault probability volume enables efficient
extraction of fault patches for 3D modeling (Figure 6). In
summary, this integrated approach delivers structurally
superior interpretations in challenging data, significantly
reducing interpretive ambiguity and manual effort.

3.2.2. Seismic facies clustering with deep embedding
representation

Seismic facies analysis serves as a fundamental
methodology for interpreting subsurface sedimentary
environments, lithological assemblages, and reservoir
characteristics.?® Traditional approaches—ranging from
manual interpretation to attribute-based clustering
algorithms® (e.g., K-means, hierarchical clustering, and

Figure 4. Deep learning-based horizon interpretation results for the Linxing Block. (A) Time-structure map derived from horizon interpretation. (B)
Seismic profile showing the interpreted horizon, demonstrating consistency with primary seismic reflections.
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Figure 5. Comparison of fault detection methods on a representative seismic section. (A) Raw seismic profile without interpretation. (B) Fault planes
extracted from the deep learning-based probability volume, demonstrating superior vertical continuity and geometric clarity. (C) Faults highlighted using

the conventional variance attribute, appearing noisier and more discontinuous.

Figure 6. Polygons and fault sticks predicted using deep learning. Colors distinguish individual faults.

probabilistic clustering) and classification algorithms—
inherently depend on manually designed seismic
attributes.®® This reliance introduces subjectivity,
incompleteness, and redundancy, as the pre-selected
attributes may not constitute the optimal feature space for
facies discrimination.” With thin-interbedded reservoirs,
such as tight sandstone, becoming key exploration targets,
the rapid lithological heterogeneity within channels
demands greater accuracy in seismic facies interpretation.
Consequently, it is imperative to develop a fully data-
driven framework. The core of this framework lies in its
ability to skip manual attribute selection, directly extract
optimal features from raw seismic waveforms to distinguish
sedimentary facies, and achieve end-to-end mapping from
waveforms to facies categories.

Crucially, unlike the structural task, data conditioning
for facies clustering prioritizes amplitude preservation.
We utilized seismic data processed through a true relative

amplitude workflow, avoiding aggressive amplitude gain
control or non-linear filtering that could distort lithological
information. This ensures that the latent features extracted
by the deep CNN reflect genuine sedimentary variations
rather than processing artifacts.

Inspired by successful applications of deep CNNs in
seismic facies analysis*®*® and by classical mathematical
transformations in geophysics (e.g., Fourier and
wavelet transforms), we propose a DL-based seismic
facies clustering method that balances clustering and
representation performance.* Its key features lie in learning
seismic attributes that not only restore the original signal
non-destructively but are also suitable for seismic facies
clustering. The architecture of our network (Figure 7) was
designed to incorporate both a reconstruction loss function
(L,.) and a clustering loss function (L ) during training by
constructing and optimizing a joint loss function.
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The implementation consisted of four sequential steps:

(i) The auto-encoder network was initially trained by
minimizing the L2 norm between the input and output,
thereby optimizing L __ to establish fundamental
feature representation capabilities.

(ii) The trained encoder was subsequently employed to
transform raw seismic data into latent representations,
followed by K-means clustering to initialize the cluster
centers within this hidden encoding space.

(iii) Student’s ¢ distribution was adopted to quantify the
similarity between any point in the latent space and
the cluster centers, forming the target probability
distribution P. An auxiliary target distribution Q
was constructed to enhance intra-cluster purity.
The Kullback-Leibler divergence between these
distributions served as L, which was then back-
propagated jointly with L__to optimize the network
parameters. The hyperparameter A in the joint loss
functionbalanced thetrade-offbetweenreconstruction
loss and clustering loss, and its value was determined
empirically to ensure the learned representations retain
sufficient geologic information while forming distinct
clusters, with A=0.1 chosen herein via validation. This
selection aims to prevent gradient instability from
a large A and avoid poor cluster separation from a
small A, ultimately optimizing for both representation
learning and clustering performance.

(iv) The optimized auto-encoder network was finally
deployed across the seismic survey area, where each
seismic trace is assigned a facies label based on
minimum Fuclidean distance to the cluster centers,
generating the final planar seismic facies.

Validation in the Linxing-Shenfu Block demonstrates
the superior performance of the proposed method
compared to conventional seismic attributes. As illustrated

in Figure 8, the seismic facies map generated by our network
provided more geologically meaningful characterization
than the root mean square amplitude attribute. The
advantages are manifested in three key aspects:

(i) Enhanced channel delineation: While the root mean
square amplitude attribute clearly delineated two
main channels in the central study area, our method
not only accurately captured these two channels but
also revealed an additional channel (Face 6) in the
western region, which has been confirmed by drilling
data.

(ii) Improved inter-channel differentiation: The method
successfully discriminated between different channel
types. Specifically, the western channel (Face 6) in the
central area exhibited distinct reservoir properties
from the eastern channel (Face 4), with drilling data
confirming differences in average gas layer thickness,
porosity, and gas saturation between these facies.

(iii) Enriched geological details: The method revealed finer
sedimentary features, including channel boundaries
(Face 3) and local thickness variations within channel
deposits (Face 2), effectively capturing the internal
heterogeneity of the channel systems. These results
validate the robust clustering capability and data
recovery accuracy of our proposed network, establishing
it as a more effective tool for seismic facies analysis and
reservoir prediction in geologically complex settings.

3.2.3. Semantic segmentation of igneous intrusive
bodies with limited labels

Igneous rocks and salt-related structures play multiple
roles in hydrocarbon exploration, both affecting
the understanding of subsurface structures and the
reconstruction of sedimentary environments,” and
also serving as significant oil and gas reservoirs. These

Figure 7. Structure of seismic facies deep clustering network
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Figure 8. Comparison of seismic facies clustering results. (A) Root mean square (RMS) amplitude attribute, showing only two main channels in the central
area, with no discernible internal heterogeneity. (B) Seismic facies clustering result, clearly delineating three channels and revealing internal variations.

Black dots indicate well locations.

geological bodies typically exhibit strong velocity contrasts
and distinct geometric configurations compared to
surrounding rocks,* producing diverse seismic reflection
patterns, including discontinuities, chaotic reflections,
and amplitude variations. However, in practice,
noise contamination and resolution constraints often
obscure geological boundaries, complicating accurate
identification. While conventional seismic attributes
such as coherence, variance, and fault likelihood have
been widely used for detection, they remain sensitive to
non-geological discontinuities, frequently generating “fly
points” in the identified boundaries and still relying on
manual correction due to limited automation. Therefore,
accurately characterizing the 3D spatial morphology of
specific geological bodies under the constraint of limited
manual labels is critical.

To address the scarcity of labeled data, a DL-based
image segmentation approach using the U-Net’*
architecture was introduced, which treats geological
body identification as a semantic segmentation task. In
delineating the distribution range of the Zijinshan igneous
intrusive body, seismic facies markers for igneous rock
identification were first established. These markers are
primarily characterized by mound-shaped, moderate to
low-amplitude reflections, with localized areas exhibiting
oblique reflections relative to the surrounding rocks’
seismic phases and strata thickening (Figure 9). Based on
these criteria, manual interpretations along only 12 main

survey lines, representing approximately 7% of the total
dataset, were used as training samples. These interpreted
seismic profiles—where igneous rock bodies are assigned
a value of 1 and non-igneous rock bodies a value of 0—
paired with corresponding raw seismic profiles, served
as input-output pairs to train the network. After that,
a probability volume of the igneous rock body was
predicted for each uninterpreted seismic profile, and the
distribution range of the igneous rock body was delineated
based on the probability volume. Notably, in contrast to
conventional seismic attribute-based methods, which
are often limited to two-dimensional planar analysis or
qualitative interpretation, our deep learning approach
enables the delineation of the 3D spatial extent of such
complex geological bodies, thereby providing a spatially
continuous and quantitative delineation of the igneous
rock distribution with enhanced capability.

The trained network was applied to the entire seismic
volume to generate a 3D probability model of the igneous
intrusive body in the Zijinshan area. As illustrated in
Figure 10, the resulting 3D carving clearly reveals two
phases of igneous intrusion. According to the results from
in situ zircon U-Pb, hornblende and biotite **Ar-*Ar,
and zircon and apatite fission track analyses, Zijinshan
intrusive rocks primarily formed during the Late Jurassic
to Early Cretaceous, when medium-deep to medium-
shallow magmatic-thermal events occurred in the eastern
Ordos Basin.*"** Within structurally weak zones of the
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Figure 9. Manual interpretation labels for the igneous intrusive body. The red lines denote faults, the blue dashed lines represent horizons, the blue vertical
features correspond to magma upwelling channels, the blue irregular shape indicates the Phase I intrusive sill, and the green irregular shape marks the

Phase II intrusive laccolith.

Zijinshan area, two distinct magmatic-thermal upwelling
events took place, ultimately forming an alkaline complex
through mantle-derived intrusion and volcanic eruptions.
Furthermore, our results successfully identify these two
intrusive cycles (Figure 10).

The first phase consists of sill intrusions primarily
emplaced within Ordovician strata, forming the main body
of the Zijinshan igneous complex. The second phase forms

two asymmetric laccoliths intruding into both Ordovician
and Carboniferous layers. Laccolith 1 resulted from
magma ascending along faults within the main sill body,
while Laccolith 2 formed through magma intrusion along
peripheral faults at the edge of the sill. From the perspective
of the relationship between the thermal evolution history
of the Ordos Basin and hydrocarbon accumulation, the
thermal effects associated with magmatism played a crucial

Figure 10. Three-dimensional carving results of the igneous intrusive bodies based on semantic segmentation. Blue vertical features correspond to magma
upwelling channels, the blue irregular shape indicates the Phase I intrusive sill, and the green and yellow irregular shapes mark the Phase II intrusive

laccolith.

Volume X Issue X (2026)

10

doi: 10.36922/JSE025460108


https://doi.org/10.36922/JSE025460108

Journal of Seismic Exploration

Intelligent seismic in unconventional reservoir

role in hydrocarbon expulsion from source rocks.*

Additionally, the Zijinshan intrusive contact
metamorphic system and its internal configuration show
potential for hydrocarbon accumulation. Moreover, due
to igneous intrusion and eastern marginal uplift of the
basin, the Zijinshan structure zone exhibited exceptionally
developed fault systems, providing effective pathways for
vertical hydrocarbon migration. Therefore, delineating
favorable exploration areas based on the distribution of
laccoliths and sills, along with associated fault development
patterns, is of significant importance for assessing the
multi-gas accumulation potential in the Zijinshan area.
The results confirm that the proposed method significantly
enhances automated interpretation and accuracy, even
with very limited training data, offering an efficient tool
for characterizing special geological bodies in complex
settings.

3.3. Data-driven prediction of reservoir properties

3.3.1. A Bayesian lithofacies classification framework
for thin interbeds

The Linxing-Shenfu Block contains a vertically stacked
sequence of marine-continental transitional coal-
bearing strata, with main lithologies such as mudstone,
tight sandstone, and coal. According to well logging
interpretation statistics, the thinnest coal seam measures
only 3 m, whereas the thickness of individual sandstone
layers in the Benxi and Taiyuan Formations ranges from
2-10 m. The thickness of thin layers is far below the seismic
resolution limit, thus posing a challenge to the detailed
characterization of reservoirs.

In addition, coal seams exhibit low density and
low P-wave impedance, resulting in strong impedance
contrasts and high reflection coefficients with surrounding
rocks. At low resolution, the strong seismic reflections
from coal seams interfere with reflections from adjacent
sandstones, resulting in strong amplitude on seismic
sections and shielding sandstone reflections near the coal
seams, thereby affecting seismic lithofacies identification.
Therefore, reliably identifying thin sandstone layers under
these constraints represents a key challenge.

Reservoir lithofacies prediction is essential in
hydrocarbon reservoir characterization. Current methods
commonly use elastic attributes derived from seismic
inversion,”” with techniques including discriminant
analysis, Bayesian classification, neural networks, support
vector machines, and K-nearest neighbor classification.
Among these, Bayesian classification represents the most
mature approach, integrating a seismic likelihood function
with prior information from well logs to generate posterior
probabilities that quantify lithological classification.***

The Bayesian framework also commonly incorporates a
one-dimensional Markov chain prior model, formulated
as a transition probability matrix, to enforce vertical
continuity in lithofacies distribution.”>*

Integrating geological constraints with Bayesian
methodology, we developed a systematic workflow for
lithofacies classification in coal-bearing strata, which
mainly includes four steps:

(a) Step 1: Data conditioning and upscaling

Prior to modeling, well logs underwent rigorous quality
control, including depth matching (aligning logs with
seismic time using checkshot data) and outlier removal to
eliminate spikes. To ensure consistency across the survey,
all log curves were normalized using Z-score scaling.
Subsequently, log curve upscaling was performed using
the Backus averaging criterion to achieve precise matching
between the well and seismic scales.

(b) Step 2: Optimal attribute pair selection

To enhance seismic lithology identification performance in
the aliasing region of petro-physical crossplots, a Bayesian
classification confusion matrix was introduced to quantify
the classification ability of different attribute pairs.

(c) Step 3: High-resolution seismic inversion

To reduce the effects of strong coal seam reflections and
identify thin layers, the seismic waveform indicator
inversion method was used to obtain high-resolution
P-wave impedance and gamma-ray data volumes. The
seismic waveform indicator inversion can construct a
mapping relationship between seismic traces and high-
frequency components of the logging curve, widen the
seismic frequency band, and considerably improve the
vertical resolution.”® It also uses horizontal changes in
seismic waveforms to reflect lithological assemblage
characteristics for facies-controlled constraints. The
use of seismic waveforms in inversion further exploits
the potential waveform characteristics and wave-group
relationships of seismic data, thereby reducing the impact
of strong coal-seam reflections.

(d) Step 4: Seismic attribute interpretation

To improve the continuity and accuracy of the interpreted
results, a Markov chain-constrained Bayesian classification
of seismic attribute volumes was performed, and probability
density functions were calculated from well logging curves
in step 2 using kernel density estimation, which served
as likelihood functions for Bayesian classification.” To
address the inherent class imbalance—where mudstone is
the dominant background and coal/sandstone are minority
classes—the Monte Carlo simulation was employed to
equally expand the training samples of different lithofacies,
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ensuring that each facies has the same sample size in the
estimation of conditional probability density functions and
in the classification evaluation.

The application in the Linxin-Shenfu Block
demonstrates the method’s ability to generate detailed
3D lithofacies predictions. Figure 11 shows that our
approach successfully identified not only coal seams
but also thin sandstone layers immediately adjacent to
them. Statistically, the lithology predictions obtained
by this method showed high consistency with lithology
interpretations derived from well logs. The method can
identify coal seams as thin as 3.3 m, and the recognition
accuracy for coal seams, tight sandstone, and mudstone is
0.90, 0.86, and 0.85, respectively. The derived lithofacies
volume enables the extraction of stratigraphic attributes for
mapping coal distribution and characterizing sandstone
reservoirs, thereby providing substantial technical support
for predictive reservoir modeling.

3.3.2. Integrating geological priors in deep learning
for physical property prediction

For tight sandstone and shale gas reservoirs characterized
by low porosity, low permeability, and strong heterogeneity,
identifying localized areas with high porosity, high
permeability, and high gas saturation, commonly referred
to as “sweet spots,” is crucial for enhancing hydrocarbon
productivity.”® Accurate delineation of these “sweet spots”
can avoid inefficient well placements and significantly
improve development economics. Extensive drilling and
gas test results in the Linxing-Shenfu Block indicate
that high-productivity wells are typically associated with
reservoirs with porosity greater than 12%, permeability
exceeding 1 mD, and gas saturation above 50%.
Consequently, the quantitative prediction of these “sweet
spots” is our primary objective.

Conventional methodsfor predicting physical properties
primarily include attribute analysis,***” frequency-division

Figure 11. Lithology results based on Bayesian classification prediction, with yellow, black, and gray representing sandstone, coal, and mudstone,
respectively. (A) Lithology profiles. (B) Three-dimensional lithology volume, with drilled wells indicated in green.
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attribute fusion,*® and seismic inversion.*** For instance, by
analyzing differences in petrophysical properties or seismic
response characteristics between sweet-spot and non-
sweet-spot reservoirs, inversion techniques and attribute
analysis were employed to identify sweet-spot distribution.
However, these traditional techniques face dual challenges.
On the one hand, these methods largely rely on empirical
relationships or qualitative analysis of regional data. Due
to the lack of a direct analytical relationship between
reservoir physical parameters and seismic data, it is
difficult to establish a direct mapping between them.*
On the other hand, our study block exhibited a significant
contradictory sample phenomenon (i.e., similar seismic
waveforms correspond to drastically different well log
responses, or different reservoir parameters correspond to
similar seismic response characteristics). This non-unique
correspondence between seismic and well log data severely
restricts the direct application of conventional methods,
leading to unstable prediction results, insufficient vertical
resolution, and an inability to meet the requirements for
finely characterizing sweet-spot distribution during the
development stage.®

In addressing such geological challenges, many
researchers have turned to DL techniques—training
networks to learn the implicit relationships that map seismic
data to physical property parameters.®® By constructing
complex network architectures, such as CNNs, recurrent
neural networks, deep belief networks, and hybrid DL
networks, the complex nonlinear relationships between
seismic data and reservoir parameters can be explored. This
approach fully leverages the advantages of a data-driven
methodology, bypasses the seismic rock physics modeling
step,and improves reservoir prediction accuracy. Promising
results for predicting reservoir physical properties have
been achieved in areas with high well density. Building
upon this, our study introduces a further improvement by
innovatively proposing a DL-based technical framework
integrated with geological prior constraints.®* Specifically,
our DL-based network model enhances the conventional
CNN by incorporating fully connected layers. These layers
integrate prior information, such as horizons and seismic
facies, to resolve contradictory samples and ensure stable
predictions. Simultaneously, the raw seismic data were
fed into a locally connected CNN. The outputs from these
two parts were then fused to produce the network’s final
output. The training labels (e.g., porosity, permeability,
and gas saturation) were derived from log interpretations
rigorously calibrated against core analysis data.

Accordingly, we constructed a training dataset using
seismic data and geological prior information as inputs
and the reservoir parameters (e.g., porosity, permeability,

and gas saturation) from sample wells as outputs to train
the network. During the screening of sample wells, we
established strict geologically guided criteria, ensuring not
only uniform spatial coverage across the study area but also
representation of key sedimentary microfacies, including
channel bars, composite channels, channel margins, and
inter-channel bays, thereby guaranteeing sample balance
and diversity. Application of this network in the Linxing—
Shenfu Block demonstrates that the predicted physical
properties not only match well with drilling data but also
exhibit stronger geological consistency (Figure 12), thereby
effectively delineating the distribution of “sweet spots.”

3.3.3. Gas-bearing property discrimination using a
multi-attribute neural network

Gas-bearing property prediction, the ultimate objective
of seismic reservoir characterization, constitutes a highly
non-unique problem due to limitations in seismic SNR,
resolution, and complex rock physics. Conventional
approaches relying on seismic attribute analysis (e.g.,
amplitude, frequency,* attenuation,® and amplitude-
versus-offset) or seismic inversion techniques® exhibit
limited discrimination capability for thin interbedded
layers, low-SNR data, or complex lithological structures.
Moreover, the complex dependence of gas-bearing
properties on multiple factors, including rock physics,
stratigraphic architecture, and fluid saturation, cannot
be adequately captured by individual attributes or
conventional analytical methods.

The eastern part of the Linxing-Shenfu Block,
tectonic uplift associated with the Luliang Uplift, has
led to diminished hydrocarbon generation intensity in
source rocks and insufficient gas charging dynamics,
resulting in widespread gas-water mixing within the
Shihezi Formation. Post-stack seismic profiles showed
no significant differences between gas-bearing and
water-bearing layers, while rock physics analysis revealed
overlapping elastic parameters. These conditions render
conventional discrimination methods ineffective, making
reliable gas prediction a critical challenge in this area.

The TG curve—one of the primary logging methods—
contains substantial reservoir information through its
amplitude values and morphological variations, serving
as a direct indicator for detecting and evaluating gas-
bearing zones.” Gas-bearing layers typically exhibit high
TG values, whereas water-bearing layers show low values.
While providing high vertical resolution, TG lacks lateral
continuity, and seismic data exhibit opposite character.
By integrating the complementary advantages of these
two data types through an appropriate methodology,
direct prediction of reservoir gas-bearing potential can
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Figure 12. Prediction results of physical properties: (A) Gas saturation, (B) permeability, and (C) porosity

be achieved. DL technology enables effective integration
of these complementary datasets and geological pattern
recognition,®* establishing nonlinear mappings between
multi-attribute seismic inputs and TG responses to resolve
prediction non-uniqueness.

To address these challenges, a workflow with a multi-
layer feed-forward neural network was employed. The
workflow initiates with standardized correction of TG from
well logs, accounting for influencing factors such as drill
bit diameter, drilling time, and drilling fluid density. This
correction ensures that the normalized TG values reliably
reflect vertical variations in gas-bearing properties while
maintaining lateral comparability across the study area.
Subsequently, the Hilbert transform was applied to the
seismic data to extract a comprehensive set of attributes,
including amplitude, frequency, and phase components
within the target interval, generating a seismic attribute
database. Pearson correlation coefficients were then
calculated between the corrected TG and each seismic
attribute at well locations. Attributes showing significant
correlation with TG were retained, while those inconsistent

with geological understanding were systematically
eliminated. The optimized attribute set, together with the
corrected TG data, served as input to a neural network.
Model training was performed under the constraint of pre-
stack P- and S-wave velocity ratio (Vp/Vs) inversion results
to reinforce petrophysical consistency, thereby establishing
a robust nonlinear mapping relationship between the
multi-attribute seismic input and TG properties. This
integrated approach enhances prediction reliability by
jointly leveraging the complementary strengths of well
logs, seismic attributes, and rock physics constraints.

The trained model was applied to the full 3D seismic
volume to generate a continuous TG prediction cube. This
resultant data cube enables delineation of gas-bearing
distributions within the target formation, informed by
structural interpretation. Notably, the TG prediction
successfully identified gas zones that are indistinguishable
from water-bearing layers using conventional pre-stack
inversion methods, demonstrating effective gas-layer
prediction even under high water-saturation conditions
(Figure 13).
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4. Key challenges and future directions in
unconventional reservoir characterization

Based on the practices in the Linxing-Shenfu Block,
several key research directions for intelligent geophysics
are summarized as follows:

(i) Emphasize the core role of data quantity and quality
in improving ML models: The Linxing-Shenfu Block
remains in the early stage of oil and gas exploration
and development, and data are still being accumulated.
Through continuous data accumulation and cleaning,
noise removal, and SNR improvement, the models
are enabled to learn more representative geological
features from purer and richer data. Moreover, iterative
data utilization, that is, fine-tuning models based on

(ii)

feedback from prediction results after initial model
training and continuous model iteration, further
optimizes prediction accuracy, thereby highlighting
the critical role of data quantity and quality in model
optimization.

ML models should avoid excessive complexity:
Compared to data from the complex physical
world, geoscientific data exhibit cyclicity and low
dimensionality. The design of intelligent geophysical
models follows the Occam’s Razor principle, that
is, models should be as simple and interpretable as
possible while meeting interpretation requirements.
From current practice, various improved complex
intelligent models provide limited improvements
in efficiency and accuracy for industrial-level

Figure 13. Prediction results of total gas (TG). (A) Seismic data. (B) Pre-stack P- and S-wave velocity ratio (Vp/Vs) obtained from pre-stack inversion.
(C) TG prediction results, with red, blue, yellow, and gray at well locations representing gas layers, water layers, sandstone, and mudstone, respectively.
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interpretation tasks, but pose high requirements on
data input and model iterative maintenance.

(iii) The integration of prior geological and geophysical

knowledge with ML models: Fundamental geological
and geophysical understanding exerts a strong bias
effect on ML models. In intelligent geophysical
research, it is essential to fully integrate geologists’
prior knowledge and domain expertise to ensure that
models better simulate and predict real geological
phenomena while maintaining a basic generalization
ability. By incorporating geological logic into
algorithm design, such as combining CRFs and path-
optimization algorithms in horizon interpretation,
both geological laws and the automation advantages
of DL are considered. During model training, expert-
curated, geologically significant labeled data are
introduced to align predictions with geological reality,
thereby enabling seamless integration of geological
knowledge with intelligent algorithms.

5. Conclusion

This study presented a comprehensive, ML-driven
workflow for seismic interpretation, applied and validated
in the complex Linxing-Shenfu tight gas and CBM field.
The key achievements are summarized as follows:

(i)

(ii)

An integrated intelligent workflow: We established and
implemented a seamless, data-driven interpretation
chain. This workflow systematically progresses from
structural framework building through intelligent
horizon and fault interpretation under low-SNR
conditions to stratigraphic analysis via deep clustering
for seismic facies and semantic segmentation of
special geological bodies (e.g., the Zijinshan igneous
rock mass).

Quantitative reservoir characterization: Leveraging
deep learning models constrained by geological priors,
this workflow successfully transitions from qualitative
interpretation to quantitative prediction. It enables
the direct and accurate estimation of key reservoir
properties, including lithology, porosity, permeability,
and gas saturation, culminating in the fine-scale, 3D
characterization of composite geological “sweet spots.”

(iii) Practical efficacy and broader implications: The

application of this workflow has not only significantly
enhanced interpretation efficiency and objectivity but
has also effectively addressed persistent theoretical
bottlenecks of conventional methods. These include
managing low-SNR data, identifying thin interbeds,
and resolving fluid ambiguity in complex rock
physics scenarios. The success in the Linxing—Shenfu
Block underscores the paradigm-shifting potential

of integrated artificial intelligence-based workflows
for unlocking the value of complex unconventional
reservoirs, offering a robust and scalable template
for efficient exploration and development decision-
making in geologically analogous plays worldwide.
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