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Abstract

Accurate estimation of Poisson’s ratio is essential for the characterization of coal-
bearing gas reservoirs, particularly in thin-bed and low signal-to-noise ratio
environments where conventional elastic impedance (El) inversion suffers from
wavelet interference, limited resolution, and reliance on linearization assumptions.
To address these limitations, we develop a physics-guided two-branch convolutional
neural network (TB-CNN) that directly predicts Poisson’s ratio by jointly integrating
El-inverted P-wave velocity, S-wave velocity, and density with small-, medium-, and
large-angle seismic stacks. The first branch provides geologically consistent, physics-
informed background trends, while the second branch captures thin-bed-sensitive
reflectivity features and amplitude tuning effects. The fused latent representation is
explicitly regularized using empirical rock-physics relationships to ensure physical
plausibility and enhanced generalization. Field validation on the 8# coal seam of the
Ordos Basin demonstrates that the proposed TB-CNN improves vertical resolution,
sharpens seam boundary delineation, and better preserves thickness variations
compared with El inversion and a single-branch CNN. Near-well comparisons show
higher correlation with log-derived Poisson’s ratio, while lateral slices reveal improved
continuity and thin-layer detectability. These results confirm that combining physics-
guided stability with data-driven resolution provides a robust and interpretable
framework for Poisson’s ratio inversion in thin coal seams and holds promise for
broader applications in unconventional gas reservoir prediction.

Keywords: Coalbed methane; Elastic parameter inversion; Pre-stack seismic data;
Convolutional neural network

1. Introduction

Elastic parameters—especially Poisson’s ratio (v) and Young’s modulus (E)—are
fundamental for assessing the mechanical behavior, brittleness, and gas-bearing
potential of coal reservoirs. In coalbed methane (CBM) development, reliable v and
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E volumes support in situ stress prediction, hydraulic-
fracturing design, and dynamic reservoir simulation,
and thus are crucial for identifying sweet spots and
evaluating completion strategies in thinly bedded, laterally
heterogeneous coal seams, such as those in the Ordos
Basin, China."* However, deriving these parameters
from seismic data remains challenging due to insufficient
resolution and stability.

Conventional pre-stack inversion frameworks—
grounded in amplitude versus offset (AVO)/amplitude
variation with angle theory and linearized reflectivity
equations—are well established.** Yet, they are often
sensitive to noise, wavelet, and angle calibration, and
acquisition footprint, and typically rely on smooth initial
models and strong regularization. As a result, the inverted
P-wave velocity (Vp), S-wave velocity (Vs), and density
(p) volumes tend to be band-limited and over-smoothed,
which limits thin-bed detection and blurs sharp elastic
contrasts. These limitations are particularly restrictive in
coal-bearing settings where the target seams are thin and
embedded within a single reflection lobe, as is the case for
the 8# coal seam in the northern Yishan Slope of the Ordos
Basin.>® In the standard workflow, v is conventionally
derived from the Vs/Vp ratio, which inevitably causes
errors from intermediate elastic parameter inversions
to propagate and degrade the final prediction accuracy.
Hence, any bias from intermediate inversions propagates
and degrades the final attribute used for brittleness and
stress analysis.”*°

Recent advances in deep learning (DL) offer an
alternative by directly learning nonlinear mappings
between seismic observations and rock properties.®!'** In
particular, convolutional neural networks (CNNs) have
shown improved recovery of high-frequency components
and robustness to moderate noise relative to purely
descent-based or strongly linearized inversions.”!" At the
same time, physics-guided DL—via architectural design or
loss regularization, where additional physics-based penalty
terms are introduced into the loss function to enforce
consistency with rock-physics or wave-propagation
principles—has  emerged to couple data-driven
representations with geophysical constraints, improving
interpretability and generalization."""* Physics-guided
DL incorporates physical priors into data-driven models
through architectural design or loss regularization, whereas
physics-constrained inversion directly embeds forward
modeling into the inversion. Generative and uncertainty-
aware models further help capture non-uniqueness and
quantify reliability.® Nevertheless, many DL applications
still rely on post-stack inputs or treat pre-stack traces
independently, underutilizing the angle-dependent

reflectivity and thin-bed interference information critical
to coal reservoirs. Moreover, most existing physics-guided
CNNs or generative adversarial network (GAN)-based
inversions are developed for generalized impedance
prediction or post-stack attributes, with limited adaptability
to thin coal seams where reflections overlap within a single
lobe, and signal-to-noise ratio (SNR) is intrinsically low.
Similarly, attention-fusion strategies enhance multi-scale
features but often lack explicit mechanisms to enforce
rock-physics plausibility, which constrains their reliability
in complex CBM settings.

To bridge these gaps, we develop a two-branch CNN
(TB-CNN) for direct v prediction in coal-bearing gas
reservoirs. The first branch ingests elastic impedance (EI)-
inverted Vp, Vs, and p to provide stable, physics-consistent
large-scale trends that anchor the solution space, while the
second branch processes small-, medium-, and large-angle
partial stacks that preserve high-resolution waveform
variations sensitive to thin-bed effects. The two streams
are fused in a shared latent space with soft rock-physics
regularization derived from well-log relationships, enabling
a nonlinear mapping directly to v and mitigating error
propagation from intermediate inversions. Conceptually,
this design differs from prior physics-guided CNNs or
GAN-based inversions in three respects: (i) it explicitly
integrates angle-dependent reflectivity information often
ignored in post-stack or single-trace DL workflows; (ii) it
embeds empirical rock-physics constraints as soft priors,
improving interpretability and avoiding geologically
implausible predictions common in unconstrained GAN
outputs; and (iii) it is tailored to thin-bed coal seams where
conventional inversions fail due to wavelet interference.
These design choices allow TB-CNN to leverage the
complementary strengths of physics-derived attributes
and multi-angle data-driven features: the former stabilizes
training by providing low-frequency, physically consistent
background trends, while high-resolution information is
primarily recovered from multi-angle seismic data through
nonlinear feature learning, thereby enhancing vertical
resolution and lateral detectability beyond what linearized
inversions typically deliver.”!»*

We validate the framework on field data from the
northern Yishan Slope of the Ordos Basin, where the 8#
coal seam (average thickness ~8.3 m) exhibits a strong
impedance contrast but a thin-bed seismic response
embedded within a single lobe. Using three-dimensional
(3D) pre-stack seismic data and a suite of wells for
supervision and blind testing, we show that TB-CNN-
predicted v volumes delineate seam boundaries more
sharply, better capture gradual thickness variations and
localized thinning, and correlate more closely with log-
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derived v than conventional EI-based three-parameter
inversions followed by ratio computation. Horizon-slice
analysis further indicates superior lateral continuity and
sensitivity to subtle heterogeneity. These results substantiate
that integrating physics-informed trends with multi-angle
data-driven features can reduce dependence on linearized
approximations and smooth initial models, thereby
enhancing the reliability of v prediction for CBM reservoir
characterization in low SNR, thin-bed environments."?

2. Methods

This study focuses on predicting elastic parameters in
coal-bearing gas reservoirs, which are often characterized
by thin beds, strong impedance contrasts, and low
SNR. These geological and seismic conditions make
inversion particularly challenging. Conventional pre-
stack inversion methods rely on linearized forms of the
Zoeppritz equations, where high-frequency information
is frequently suppressed due to smoothing constraints
and approximation errors. In practice, the smooth initial
model, together with the regularization applied during
inversion, further attenuates thin-bed responses and weak
reflections. As a result, conventional approaches typically
struggle to preserve fine-scale heterogeneity and fail to
accurately delineate thin coal seams. This limitation is
especially evident when predicting v, which is highly
sensitive to subtle variations in both Vp and Vs.

To mitigate these limitations, we propose the TB-CNN
model that integrates physics-constrained inversion

outputs with high-resolution seismic data in a unified
learning framework, shown in Figure 1. The first branch
(Branch 1) ingests the Vp, Vs, and p volumes obtained
through EI inversion, providing stable, large-scale trends
consistent with rock-physics principles. The second branch
(Branch 2) directly utilizes stacked pre-stack seismic data
from three incidence-angle ranges (small, medium, and
large), thereby retaining high-frequency waveform details
and thin-bed sensitivity without dependence on inversion
linearization.

Feature representations extracted by the two branches
are fused within a shared latent space, where empirical
rock-physics constraints derived from well-log analysis are
implicitly embedded to ensure geological plausibility. The
fused features are subsequently mapped to the target elastic
parameters through a sequence of fully connected (FC)
layers. By jointly leveraging the stability and interpretability
of physics-based trends from Branch 1 and the fine-scale,
noise-resilient information from Branch 2, the proposed
TB-CNN reduces reliance on linearized forward models,
mitigates bias introduced by smooth initial models, and
enhances the detectability of subtle elastic variations in
complex coal-bearing gas reservoirs.

2.1. Branch 1 design: Physics-constrained elastic
parameter input

The first branch of the proposed TB-CNN incorporates
physics-based  prior information obtained from
conventional EI inversion, using the inverted Vp, Vs,

Figure 1. Schematic workflow of the proposed two-branch convolutional neural network-based inversion methodology

Abbreviation: Conv2D: Two-dimensional convolution.
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and p volumes as inputs (Figure 2). These parameters
are estimated through a multi-angle inversion procedure
grounded in the linearized Zoeppritz equations and the EI
formulation, thereby ensuring consistency with established
rock-physics relationships.

To extend acoustic impedance to non-normal incidence,
the concept of EI was introduced, which expresses the
angle-dependent reflectivity R(0) in an impedance-like
form consistent with the Aki-Richards approximation.?
Given pre-stack seismic reflectivity R(0) at incidence angle
0, the linearized Aki-Richards equation can be written as
Equation 1:

R(6) = A+ Bsin’ @+ C(tan” 6 —sin” 6) (1)

where A, B, and C depend on the fractional contrasts in Vp,
Vs, and p across an interface, as shown in Equations 2-4:

A:l %_‘_Aip (2)
230 p
AV ’
B= P_Z[Vs] [AK+Ap] (3)
V, v, v, p
1AV,
ST (4)

For a reference angle 6, the EI (6) is defined as
Equation 5:

EI (90) — @)@ pc(ao) 5

P s

Figure 2. Branch 1 convolutional structure diagram
Abbreviations: p: Density; Vp: P-wave velocity; Vs: S-wave velocity.

where K = (Vs/Vp)? is the shear-to-compressional velocity
ratio, and by matching the logarithmic contrast of EI (6,)
with the Aki-Richards expression, the exponents are
obtained as Equations 6-8:

a(6,)=1+tan’ 6,

(6)
b(6,) =-8K sin’ 6, )
c(6,)=1-4Ksin’ 6, 8)

Performing EI inversion over multiple reference angles
enables the joint recovery of Vp, Vs, and p volumes that
preserve large-scale geological trends and conform to
rock-physics constraints derived from well logs. However,
such inversions remain susceptible to smoothing effects
and linearization errors, particularly in thin coal seams
and highly heterogeneous zones. The EI formulation
thus preserves the physical consistency between angle-
dependent reflectivity and elastic parameters, providing a
stable and interpretable input for the physics-constrained
branch of the TB-CNN.

In the TB-CNN framework, these three inverted
volumes are concatenated into a three-channel input
tensor, as shown in Equation 9:

X, eR""E =V .V, p] )

where H and W denote the spatial dimensions in inline-
crossline or time-depth coordinates. Branch 1 applies
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a sequence of two-dimensional convolutional layers, as
shown in Equation 10:

E(l) :O_(W(/)*E(H).q.b(“)’l:l,...,Ll (10)

where Fl(l) = X1, W (1) and b (1) are the trainable
convolution kernels and biases, and o(-) is a nonlinear
activation function (e.g., Rectified Linear Unit [ReLU]).
These operations progressively extract multi-scale spatial
features that encode the physics-consistent elastic property
patterns from the inversion-derived parameters.

After the convolutional feature extraction, the final
feature maps of Branch 1 are flattened and projected into a
latent representation, as shown in Equation 11:

z, :Flatten(F;“‘))Wz +b, (11)

where W andb are trainable parameters. This latent vector
z, encapsulates the physics-consistent information from
inversion-derived Vp, Vs, and p, and serves as one of the
two complementary inputs to the feature-fusion module.

By leveraging EI-derived Vp, Vs, and p as inputs, Branch
1 preserves physically meaningful structural trends while
allowing subsequent network layers to learn data-driven
corrections for systematic inversion biases. The resulting
feature embeddings are later fused with high-resolution,
waveform-sensitive features from Branch 2 to improve
thin-bed detectability and robustness under low-SNR
conditions.

2.2. Branch 2 design: Multi-angle seismic input
(data-driven)

The second branch of the proposed TB-CNN directly
ingests three incidence-angle seismic volumes and learns a
purely data-driven mapping from raw seismic amplitudes
to the target elastic parameter(s), without invoking any
explicit AVO formulation. The three input volumes are
obtained from partial-angle stacks (small, medium, and
large incidence angles) extracted after standard pre-stack
processing, including velocity analysis, NMO correction,
and angle-domain binning. Each angle stack captures
complementary reflectivity patterns arising from different
incidence angles, enabling the network to exploit both near-
ofset continuity and far-ofset contrast sensitivity. These
three stacks are spatially co-registered with the inversion
volumes in Branch 1, ensuring consistent supervision
windows (Figure 3).

The three partial-angle stacks are concatenated to form
a three-channel input tensor, as shown in Equation 12:

X, c RIS =[Sg»vaSI] (12)

where S, S , and §; denote the small-, medium-, and
large-angle stacks, respectively, and H x W corresponds
to the spatial sampling in inline/crossline or trace/time
dimensions.

Branch 2 applies a series of two-dimensional
convolutional layers designed to extract short-lag
waveform features and thin-bed interference signatures.
Let £\ = X, be the input to the branch. The convolutional

Figure 3. Branch 2 convolutional structure diagram
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feature extraction proceeds as Equation 13:
F;”:(;(W“)"‘FZ(”"+b“)),l:1,...,L2 (13)

where W and »* are the learnable kernels and biases,
* denotes the two-dimensional convolution operator, and
o(-) is a nonlinear activation (e.g., ReLU). Kernel sizes are
chosen to emphasize short-period oscillations along the
temporal axis (e.g., 1 X 2 or 3 x 3), which are particularly
sensitive to thin-bed tuning effects. Pooling layers may be
interleaved to reduce temporal redundancy and improve
robustness to random noise.

After the final convolutional block, the feature maps are
flattened and linearly projected into a latent representation,
as shown in Equation 14:

z, = Flatten(F\" )W, +b, (14)

where W_and b, are trainable parameters. This vector
z, encapsulates high-resolution reflectivity information
derived directly from the multi-angle seismic data and
complements the physics-consistent z, produced by Branch
1. Both z and z, are subsequently fused in the shared latent
space to generate the final elastic parameter predictions.

2.3. Feature fusion and output prediction

After the independent processing of the physics-informed
branch (Branch 1) and the purely data-driven seismic
branch (Branch 2), their respective embeddings z, and z,
are concatenated to form a joint latent representation, as
shown in Equation 15:

z=Concatz,,z,] € R"**" (15)

where d, and d, denote the dimensionalities of z and z,,
respectively. This concatenation preserves complementary
information: z, encodes large-scale geological trends and
physically interpretable elastic responses from inversion
results, whereas z, provides fine-scale seismic patterns and
thin-bed interference signatures extracted directly from
waveform data.

2.3.1. Joint feature refinement

The fused latent vector z is subsequently passed through
a sequence of FC layers to enable nonlinear cross-branch
interaction and hierarchical abstraction. Each FC layer
is followed by batch normalization (BN) and a nonlinear
activation function (ReLU) to improve convergence
stability and prevent gradient saturation. Dropout layers
(drop probability 0.2-0.3) are optionally applied after BN

to enhance generalization. The transformation is expressed
as Equation 16:

7 = o (BN(w"h " +60)),1=1,...,L (16)

with 29 =z, w® and b are trainable parameters, and
o(+) denotes the activation.

2.3.2. Prediction layer
The final FC layer maps the refined feature vector h (L)

to the predicted elastic parameter(s) j, as shown in
Equation 17:

7=wr® 1+ p (17)

where J can be a scalar (e.g., a single elastic modulus)
or a vector (e.g., Vp, Vs, and p jointly). Model training
minimizes the mean squared error (MSE) loss between
network predictions and well-log-derived ground truth, as
shown in Equation 18:

<0 _ S0
MR AN (18)

1
Ly = WZL

where N is the number of training samples.

2.3.3. Advantages of dual-branch fusion

The proposed fusion architecture leverages the
complementary nature of the two branches:

(i) Physics-informed branch (Branch 1): Provides large-
scale structural context and physically interpretable
elastic attributes, ensuring that predictions remain
geophysically consistent.

(ii) Seismic-driven branch (Branch 2): Supplies high-
resolution, noise-resilient features that capture subtle
waveform and stratigraphic variations not recoverable
by conventional inversion.

By unifying these representations within a shared latent
space, the network achieves enhanced robustness to noise,
improved thin-bed resolution, and increased predictive
accuracy under low SNR conditions.

2.4. Network architecture details

To ensure reproducibility, the complete TB-CNN
architecture is summarized in Table 1. Both branches
adopted a symmetric design with two convolutional blocks,
each followed by batch normalization and ReLU activation.
Pooling layers were interleaved to enhance generalization,
while the fusion stage employed two FC layers prior to the
final regression output.
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Although the TB-CNN employs two parallel branches,
each branch contains only two convolutional blocks with
moderate kernel dimensions and channel counts, forming
a lightweight architecture with fewer than 1.2 million
trainable parameters. In addition, the network operates
on fixed-size sliding windows centered on the target coal-
bearing interval rather than the entire 3D volume. As only
three representative partial-angle stacks (small, medium,
and large) were used, the effective data volume is about
three times that of a post-stack dataset but far smaller than
the full pre-stack gathers. Together, these design choices
ensure that the computational cost remains moderate and
the network can be efficiently trained and deployed on
standard graphics processing unit hardware.

2.5. Soft rock-physics regularization

To ensure geological plausibility, we embedded empirical
rock-physics constraints into the learning process as a
soft regularization term. Specifically, we constructed a
penalty L, based on the deviation of predicted elastic
relationships from well-log-derived regressions, such as
Equation 19:

1 <M V.
LP/U“:MZ/'I[a[V;].ﬂpJJ/] (19)

where (Vs/Vp) and p, denote the predicted parameters at
location j, while a, B, and y are the regression coeflicients
fitted from the well-log data. This formulation penalizes
predictions that violate empirical Vp-Vs-p relationships,
thereby reducing the likelihood of nonphysical solutions.

The final loss function is a weighted sum of data misfit

Table 1. Detailed architecture of the proposed TB-CNN

and physics-based regularization, as shown in Equation
20:

L=Lyy+AL,, (20)

where L, is the conventional mean squared error, L, is
the soft rock-physics penalty, and A\ is a hyperparameter
(0.1-0.5 in our experiments) that balances accuracy
and physical consistency. It should be noted that the
proposed regularization represents an empirical rock-
physics consistency constraint rather than a hard physical
constraint derived from forward modeling or wave-
equation operators.

This strategy differs from hard constraints in that
deviations from empirical trends are not strictly forbidden,
but gradually penalized. As a result, the network retains
flexibility to adapt to local heterogeneities while preserving
global consistency with rock-physics knowledge.

3. Field data test
3.1. Study area and data

The study area is located in the northern segment of the
Yishan Slope, Ordos Basin, spanning Wushen Banner in
Inner Mongolia and Yuyang District and Mizhi County
in Shaanxi Province (Figure 4). The structural setting
is characterized by a relatively stable slope belt, where
Carboniferous-Permian coal-bearing strata are widely
developed. The target reservoir was the 8# coal seam of the
Shanxi Formation, with a thickness ranging from 5.8 m
to 9.7 m (average 8.3 m). This seam serves as the primary
production horizon for CBM development in the region
and is distinguished by a pronounced acoustic impedance

Layer Branch Input dimension Kernel/Stride Output dimension
Convl Branch 1 (EI inputs) HxWx3 3x3/1 Hx W x 32
Conv2 Branch 1 Hx W x 32 3x3/1 Hx W x 64
Pooling Branch 1 Hx W x 64 2x2/2 X X64
Convl Branch 2 (Angle stacks) HxWx3 3x3/1 Hx W x32
Conv2 Branch 2 Hx W x 32 3x3/1 Hx W x 64
Pooling Branch 2 Hx W x 64 2x2/2 X X 64
Flatten Both branches - - 1x(d+d)

FC1 Fusion d, +d, - 128

FC2 Fusion 128 64

Output Fusion 64 1 (Poisson’s ratio)

Note: H x W denotes the input patch dimension, which is consistent across both branches.
Abbreviations: Conv: Convolution; FC: Fully connected; TB-CNN: Two-branch convolutional neural network.
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contrast with surrounding lithologies.

To illustrate the seismic response and geological
continuity of the target seams, well-seismic ties from three
representative boreholes—Shuang50-45, Shuangl33, and
Shuang48-45—are shown in Figure 5. In all three wells, the
8# coal seam exhibited a strong impedance contrast with the
surrounding mudstone-sandstone-limestone assemblage,
producing a high-amplitude composite reflection with
polarity reversal indicative of thin-bed tuning. This
consistent response across multiple wells validates the
seam interpretation and provides key calibration data for
pre-stack inversion and TB-CNN training.

The regional continuity of the coal-bearing sequence
is further demonstrated by the cross-well seismic section
in Figure 6. Four key composite reflection events were
identified. Given that the 5# and 8# coal seams are sub-
wavelength thin beds (typically thickness < A/8), their
seismic responses are dominated by tuning interference
rather than by isolated interface reflections. Consequently,
the observed positive and negative phases represent
composite waveforms generated by constructive and
destructive superposition of closely spaced boundaries, and
should not be interpreted as discrete reflections from the
seam roof and floor. In this study, these composite events
were used only to delineate a consistent inversion window
for subsequent elastic parameter prediction, rather than to
infer detailed coal-seam interface geometries.

Within this interval, the 8# seam maintains remarkable
lateral continuity among the three wells, though thin-bed
interference blurs the roof and floor reflections, limiting
vertical resolution. These features highlight both the
geological importance of the 8# seam as a major CBM
reservoir and the inherent limitations of conventional pre-
stack inversion in resolving thin coal seams.

To address these challenges, this study applied the
proposed TB-CNN to the field dataset. By integrating
physics-constrained inversion products with multi-angle
seismic inputs, the TB-CNN was designed to enhance
thin-bed resolution and improve v inversion for CBM
reservoir characterization.

3.2. Network training and direct Poisson’s ratio
prediction

Poisson’s ratio is a highly diagnostic elastic parameter for
coal-bearing formations, as it reflects both lithological
variations and fluid content. In rock physics, v can be
expressed in terms of the Vs/Vp ratio as shown in Equation
21:

2
2 2 1-2 &
v, =2V 1 v,

V=
27 -V 2 [VJZ (21)
1—| 2=

s

P

which provides the physical basis for deriving v from
well-log measurements. In this study, however, v was not
computed from post-inverted seismic velocities. Instead,
it was directly predicted by the TB-CNN, with the above
relationship serving only to define the supervision labels
and guide physical interpretation.

In the context of CBM exploration, accurate estimation
of v is particularly important because it governs rock
brittleness, fracture propagation behavior, and gas-bearing
potential. Thin coal seams present a persistent challenge
for conventional EI inversion: their seismic responses are
commonly embedded within a single tuning lobe, and the
resulting Vp and Vs estimates are often over-smoothed.
Consequently, v computed from El-derived velocities
suffers from blurred seam boundaries and limited
sensitivity to thickness variations and local thinning. To
address these limitations, we adopted a direct-inversion
strategy in which TB-CNN is trained to predict v directly
from multi-source seismic inputs, thereby avoiding
error accumulation associated with sequential velocity
estimation.

The TB-CNN integrates two complementary input
domains: (i) EI-inverted elastic parameters (Vp, Vs, and p)
as physics-consistent prior information (Branch 1), and (ii)
partial-angle seismic stacks as high-resolution reflectivity
inputs (Branch 2). Figure 7A-C shows the small-,
medium-, and large-angle stacks used as Branch 2 inputs,
while Figure 8A-C displays the El-inversion products
serving as Branch 1 inputs. This dual-input design enables
the network to preserve large-scale elastic trends while
exploiting high-frequency waveform variations associated
with thin-bed tuning.

The training dataset was constructed using two wells
with reliable log coverage across the 8# coal seam, located
at approximately 1,400 ms two-way travel time. Around
each well, fixed-size two-dimensional patches were
extracted in both inline and crossline directions, with
patch size and stride selected to balance sample diversity
and spatial continuity. Each patch was centered on the well
trajectory to ensure alignment between seismic inputs and
the supervision target. The Branch 1 input X1 € RH x W
x 3 contains Vp, Vs, and p, while the Branch 2 input X2 €
RHxWx3 consists of the three angle stacks.
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Figure 4. Location map of the study area in the northern Yishan Slope of the Ordos Basin. The red rectangle marks the three-dimensional seismic survey
boundary, and red circles indicate the distribution of wells used for inversion and two-branch convolutional neural network training.

The supervision label for each patch is the log-derived
v, as shown in Equation 22,

lo 2
1og:l 1-2 v
2

(22)

log

Vp

which is depth-time converted and wavelet-aligned to
the seismic domain. All input channels are standardized
using the mean and variance of the training set to ensure
numerical stability.

The TB-CNN was trained to directly regress v via a
fused latent representation, as shown in Equation 23:

‘;:fe(XlaXz) (23)

with the network output constrained to a geologically
realistic interval of v € (0.30, 0.38) based on well-log
statistics and regional lithology. This constraint was
applied during training to stabilize regression rather than
enforcing uniform or constant values in the prediction
stage.

The objective function combines the MSE loss with
a soft physics-guided regularization term, as shown in
Equation 24,

L=Lyg+ AL, (24)
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Figure 5. Well-to-seismic ties of three representative boreholes in the study area. (A) Shuang50-45, (B) Shuang133, and (C) Shuang48-45. The 8# coal seam,
delineated by the red horizontal line, shows a pronounced impedance contrast with the adjacent mudstone, sandstone, and limestone layers, producing
a strong composite reflection with polarity reversal indicative of thin-bed tuning. The consistent seismic signature across the three wells confirms the
geological reliability of the 8# seam interpretation and provides essential calibration for pre-stack inversion and two-branch convolutional neural network
training. The positions of both the 5# and 8# coal seams are consistently indicated across all figures to ensure unified stratigraphic reference.

Figure 6. Cross-well seismic section illustrating the lateral continuity of the coal-bearing sequence. Four key composite reflection events were identified:
T5 and T8 correspond to the dominant tuning-controlled composite responses associated with the 5# and 8# coal seams. These reflections do not represent
discrete roof or floor interfaces, and their positive/negative phases should not be interpreted as top/bottom seam reflections. Instead, they arise from
constructive and destructive waveform superposition caused by thin-bed tuning (thickness < A/8 at the dominant frequency). The figure demonstrates the
regional continuity of tuning responses and defines a physically reasonable inversion window for subsequent elastic parameter prediction.
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Figure 7. Partial-angle stacked seismic profiles used as Branch 2 inputs. (A) Small-angle stack, (B) medium-angle stack, and (C) large-angle stack.
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Figure 8. Elastic impedance-inversion products used as Branch 1 inputs. (A) P-wave velocity (Vp), (B) S-wave velocity (Vs), and (C) density (p).

which enforces consistency between the predicted v and
empirical rock-physics relationships implied by the input
Vp, Vs, and p volumes. Rather than constraining velocities
explicitly, this regularization penalizes v predictions that
violate lithology-consistent elastic trends inferred from
well logs, thereby improving stability and interpretability.

Optimization was performed using the Adam algorithm
with an initial learning rate of 1 x 107, a batch size of 32,
and a weight decay of 1 x 107°. Batch normalization and
dropout were applied to mitigate overfitting, and early
stopping was employed based on validation loss. Data
splitting was performed strictly at the well level to avoid
spatial leakage, so that blind wells provided an independent

assessment of generalization. Convergence was typically
achieved within 80-100 epochs, with stable training and
validation loss curves indicating robust learning (Figure
9).

Once trained, the TB-CNN was applied to the full 3D
seismic volume in a sliding-window manner to generate
a continuous v cube for reservoir characterization. An
example inline v section predicted by TB-CNN is shown in
Figure 10, which illustrates the direct network output used
in subsequent analyses.

The TB-CNN result (Figure 10) reveals laterally
continuous composite reflection bands associated
with the 5# and 8# coal seams. These bands represent
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Figure 9. Training and validation loss curves of the two-branch convolutional neural network, showing stable convergence within approximately 100

epochs
Abbreviation: MSE: Mean squared error.

tuning-dominated seismic responses generated by
thin coal layers, rather than isolated reflections from
individual roof or floor interfaces. Despite the presence
of tuning interference, the TB-CNN preserves the relative
stratigraphic position and lateral continuity of the coal-
bearing intervals, allowing thickness variations and local
thinning trends to be recognized. Within the coal seams,
v values were generally elevated in this study area, from
approximately 0.30 to 0.38, reflecting the reduced shear
rigidity and higher compressibility of coal. Between the

5# and 8# coal seams, v values showed partial overlap
with those of the surrounding sandstone-limestone
interbeds, which is expected in interbedded sedimentary
sequences. The spatial distribution and relative contrasts
of v were consistent with the log-derived elastic properties,
indicating that the TB-CNN prediction captured the
first-order lithological variations within the coal-bearing
sequence. Based on well-log data from three representative
wells in the study area, the v of the 8# coal seam typically
ranged from 0.30 to 0.38. This range aligns with typical

Figure 10. Inline profile of Poisson’ ratio predicted by the proposed two-branch convolutional neural network. Coal-bearing intervals are characterized
by relatively elevated Poisson’s ratio values, forming laterally continuous composite bands controlled by thin-bed tuning effects. These responses do not
represent isolated roof or floor reflections, but rather the effective elastic behavior of thin coal seams. In contrast, comparatively lower or transitional
Poisson’s ratio values were observed in the interbedded sandstone-limestone units between coal seams.
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values reported for coal seams under similar geological
conditions, characterized by low shear rigidity and higher
compressibility.

3.3. Results comparisons

To further demonstrate the effectiveness of the proposed
TB-CNN, inline sections of the inverted v were compared
with results obtained from two reference methods: (i)
conventional EI inversion followed by Vp-Vs-based v
computation (Figure 11), and (ii) a purely data-driven
single-branch CNN (SB-CNN) that directly predicts v
from seismic data (Figure 12). The corresponding TB-CNN
result is shown in Figure 10.

The side-by-side comparison highlights pronounced
differences in the ability of the three approaches to
characterize thin coal seams under strong impedance
contrast and tuning-dominated conditions. Relative to
the EI- and SB-CNN-based results, the TB-CNN section
(Figure 10) provided a stable and geologically coherent
reference for seam continuity and thickness variation.

The EI-derived Poisson’s ratio section (Figure 11) was
dominated by over-smoothing effects, which blurred
coal-seam boundaries and suppressed thin-bed signatures
as a result of linearized inversion assumptions and band-
limited seismic input. In contrast, the SB-CNN result
(Figure 12) partially enhanced thin-bed visibility but
suffered from local amplitude fluctuations, discontinuous
patches, and reduced lateral continuity, reflecting the
inherent instability of purely data-driven inversion when
physics-based constraints are absent.

To further validate the inversion reliability, near-well
comparisons were performed at three representative wells
(Shuang50-45, Shuangl33, and Shuang48-45), where
each profile included a lithology column, log-derived v,
and inversion results from EI inversion, SB-CNN, and the
proposed TB-CNN (Figure 13).

The TB-CNN predictions (red curves) showed the
highest agreement with the log-derived v. They accurately
delineated the top and bottom of the coal seams,
preserved thin-bed variations, and reproduced both the
magnitude and trend of v across lithological transitions. In
contrast, EI inversion yielded overly smooth curves with
weak sensitivity to interbedded coal layers and limited
correspondence to lithological boundaries. The SB-CNN
improved local resolution but still exhibited unstable
amplitudes and diminished contrast, resulting in poorer
alignment with both the log-derived v and the lithology
column.

A comparative analysis of the horizon slices (Figures
14-16) extracted along the 8# coal seam further highlights
the advantages of the proposed TB-CNN in characterizing
lateral heterogeneity and continuity of coal-bearing
reservoirs. The TB-CNN prediction (Figure 14) exhibited
a laterally coherent v distribution with clearly resolved
localized anomalies, effectively capturing thin-seam
variability and subtle lateral changes that are consistent
with the known geological framework and gas-producing
well distribution. In contrast, the horizon slice derived
from conventional EI inversion (Figure 15) appeared overly
smoothed, with weakened lateral contrasts and blurred

Figure 11. Inline profile of Poisson’s ratio derived from conventional elastic impedance inversion. Although the overall stratigraphic trend was preserved,
the resulting Poisson’s ratio section exhibited pronounced spatial smoothing. Thin coal seams were not sharply delineated, and tuning-dominated responses
were significantly attenuated, reflecting the inherent limitations of linearized elastic impedance inversion when applied to thin-bed coal-bearing sequences.
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Figure 12. Inline profile of Poisson’ ratio derived from single-branch convolutional neural network (SB-CNN) inversion. Although the overall Poisson’s
ratio range remained physically reasonable, the section showed localized lateral fluctuations and discontinuous features. The lack of physics-guided
constraints led to reduced boundary coherence and limited the robustness of SB-CNN in resolving thin coal seams.

Figure 13. Comparison of Poisson’s ratio profiles along three representative wells. (A) Shuang50-45, (B) Shuang133, and (C) Shuang48-45. Each well
profile includes a lithology column, a log-derived Poisson’s ratio computed from acoustic and density logs, and inversion results from elastic impedance
(EI) inversion, single-branch convolutional neural network (SB-CNN), and the proposed two-branch (TB) CNN. The TB-CNN predictions (red curves)
showed the highest consistency with the log-derived Poisson’s ratio, particularly in reproducing the low Poisson’s ratio coal seams and the moderate
Poisson’s ratio interbedded carbonate-clastic layers, and in delineating coal-seam boundaries and thin-bed variations, whereas the EI and SB-CNN results
appeared smoother and less sensitive to thin interbeds.
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Figure 14. Horizon slice of Poisson’s ratio predicted by a two-branch convolutional neural network along the 8# coal seam. Thin-seam variations and
localized heterogeneity are clearly resolved.

Figure 15. Horizon slice of Poisson’s ratio derived from conventional EI inversion. Boundaries appear smoothed, and lateral variations are poorly captured

Figure 16. Horizon slice of Poisson’s ratio derived from single-branch convolutional neural network inversion. Resolution is moderately improved
compared with elastic impedance inversion, but lateral continuity and geological consistency remain limited.

Volume 35 Issue 2 (2026) 16 doi: 10.36922/JSE025390076


https://doi.org/10.36922/JSE025390076

Journal of Seismic Exploration

Two-branch CNN for pre-stack inversion

seam boundaries, reflecting the inherent limitations of
linearized inversion under thin-bed tuning and strong
impedance interference. The SB-CNN result (Figure 16)
showed moderate improvement in spatial resolution
compared with EI inversion; however, discontinuous
anomaly patterns and reduced geological coherence
were still observed due to the absence of physics-guided
constraints. Overall, the horizon-slice comparison
demonstrated that the TB-CNN provided the most
geologically consistent and spatially stable representation
of v along the 8# coal seam, achieving a superior balance
between lateral resolution and continuity compared with
both EI inversion and SB-CNN.

Three systematic advantages of the proposed TB-CNN
were consistently observed from the comparative analyses:
(i) boundary resolution: the upper and lower interfaces
of coal seams were sharply delineated, significantly
reducing vertical uncertainty induced by tuning effects;
(ii) thickness sensitivity: gradual lateral thickening and
thinning trends were preserved rather than flattened, as
commonly observed in conventional EI inversion; (iii)
Noise robustness: random seismic noise was effectively
suppressed without excessive smoothing, while spurious
local fluctuations were markedly reduced compared with
the purely data-driven SB-CNN.

Overall, the TB-CNN effectively integrates the
interpretability and stability of physics-guided inversion
with the flexibility and resolution of data-driven learning.
It provides a geologically consistent and physically
reliable framework for v inversion and CBM reservoir
characterization, achieving consistent improvements
in boundary sharpness, heterogeneity detection, and
predictive robustness.

4, Discussion

This study presents a physics-constrained TB-CNN for
direct v inversion in thin coal-bearing gas reservoirs,
addressing key limitations of conventional EI methods,
including wavelet interference, bandwidth loss, and weak
sensitivity to thin-bed tuning. By combining EI-derived
Vp, Vs, and p with multi-angle seismic stacks, the proposed
framework preserved large-scale geological consistency
while enhancing thin-layer detectability through high-
frequency seismic attributes. This dual-branch fusion
strategy enabled clearer seam boundary delineation,
improved thickness continuity, and more accurate tracking
of localized thinning.

The two-branch architecture was central to the model’s
effectiveness. Branch 1 introduced physics-guided stability
and provided rock-physics-consistent background trends,
while Branch 2 focused on high-resolution reflectivity

patterns sensitive to AVO behavior and thin-bed
interference. Their latent fusion mitigated the limitations
of linearized Zoeppritz approximations and reduced
error propagation typically associated with sequential EI
inversion. Direct inversion of v avoided error propagation
associated with sequential estimation of Vp and Vs,
thereby improving prediction stability, while physical
interpretability was maintained through rock-physics-
guided regularization.

The robustness of the TB-CNN arises from both its
data formulation and architectural design: (i) partial-
angle stacking inherently suppressed random noise while
retaining AVO-sensitive reflectivity, and (ii) the fusion of
high-SNR, physics-consistent EI inputs with data-driven
seismic features mitigated strong-reflection shielding at
coal-rock interfaces. As a result, the model produced
stable, high-resolution predictions even under low SNR
conditions without excessive smoothing.

Unlike fully data-driven end-to-end approaches, the
proposed TB-CNN leverages EI inversion as a physically
meaningful foundation, enhancing transferability to
geologically similar CBM blocks. By learning nonlinear
residuals between EIl-derived parameters and log-derived
v, the model corrects for angle inconsistencies, tuning
effects, and local SNR deterioration. This EI-based feature
space reduces dependency on the number of training wells
and naturally supports transfer learning. In practice, the
EI branch and early convolutional layers may be retained
or frozen during domain adaptation, while only the fusion
and regression layers are fine-tuned, making the approach
practical for few-well scenarios. This feature is particularly
valuable for CBM development in areas with sparse well
control.

While the results are promising, some limitations
remain. The model assumes relatively consistent wavelet
characteristics across the study area, which may not hold
in strongly heterogeneous or anisotropic environments.
Additionally, the number of training wells remains
limited, potentially affecting generalization in more
complex lithological settings. Future work should explore
anisotropy-aware rock-physics constraints,multi-scale
feature fusion, and domain-adaptive transfer learning
strategies.

5. Conclusion

This study introduced a practical and interpretable
TB-CNN framework for v inversion in thin coal-bearing
gas reservoirs. The key findings are as follows:

(i) The proposed dual-branch architecture effectively
fused El-derived elastic attributes with multi-angle

Volume 35 Issue 2 (2026)

17

doi: 10.36922/JSE025390076


https://doi.org/10.36922/JSE025390076

Journal of Seismic Exploration

Two-branch CNN for pre-stack inversion

seismic stacks, overcoming resolution loss, wavelet
interference, and strong-reflection shielding typical of
El inversion in thin-bed and low SNR conditions.

(ii) The TB-CNN produced higher-resolution v volumes
with sharper seam boundaries, improved thin-layer
detectability, and stronger agreement with well-log
observations compared with conventional EI and
single-branch CNN approaches.

(iii) Sensitivity and uncertainty analyses confirmed that
the model is robust with respect to noise levels, tuning
effects, and seam thickness, and maintains geological
interpretability through rock-physics-guided
regularization.

(iv) The hybrid EI-CNN design enhanced transferability,
offering a scalable and adaptable framework suitable
for few-well scenarios and lateral extension across
geologically similar CBM blocks.

Overall, the TB-CNN provides a reliable tool for
thin-bed elastic parameter inversion and CBM reservoir
evaluation. Its ability to balance physics-guided stability
with data-driven resolution makes it particularly promising
for broader applications in unconventional reservoir
characterization, including tight sandstone, shale, and
carbonate formations.
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