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Abstract

As hydrocarbon exploration advances toward deep and complex reservoirs, the
identification accuracy of traditional time-frequency (TF) analysis is constrained by
strongly heterogeneous geological conditions. Concurrently, while deep learning
has shown great potential, mainstream supervised models commonly face the dual
challenges of scarce labeled samples and the lack of interpretability in their black-
box decision-making processes. To address these challenges, this study proposes
an innovative, intelligent prediction framework integrating high-precision TF
analysis, manifold-regularized semi-supervised generative adversarial networks,
and SHapley Additive exPlanations (SHAP) for interpretability. First, the Fourier-
based synchrosqueezing transform was employed to extract two-dimensional TF
features with superior energy concentration, effectively overcoming the resolution
limits imposed by the Heisenberg uncertainty principle. Subsequently, the manifold-
regularized semi-supervised generative adversarial network was developed. By
incorporating manifold regularization constraints, the discriminator captures
the intrinsic topological structure of large-scale unlabeled samples, effectively
leveraging data geometry to significantly enhance generalization capability under
sparse-label conditions. Finally, the SHAP method was utilized to conduct a post
hoc interpretation. Experimental results on the Marmousi Il model demonstrate a
remarkable testing accuracy of 98.4%. In a real-world application to deep marine
reservoirs in the Sichuan Basin, the framework achieved an 85.0% testing accuracy
using only 5% labeled samples. Compared to baseline models, the semi-supervised
strategy and manifold regularization contributed accuracy gains of 18.8% and 5.0%,
respectively. SHAP analysis further confirms the model’s adaptive capability to
extract geophysical features, enabling it to deconstruct the tuning-effect patterns
in synthetic data and the low-frequency enhancement/high-frequency attenuation
patterns in real data, respectively. This validation of geophysical consistency provides
a theoretical foundation for the application of artificial intelligence in complex
hydrocarbon exploration.

Keywords: Gas-bearing prediction; Semi-supervised learning; Synchrosqueezing
transform; Generative adversarial network; SHapley Additive exPlanations

Volume 35 Issue 2 (2026)

1 doi: 10.36922/JSE025450102


https://doi.org/10.36922/JSE025450102
https://orcid.org/0000-0002-9159-3758
https://orcid.org/0000-0002-5940-7492
https://orcid.org/0000-0001-8811-5336
https://orcid.org/0000-0002-2755-7031
https://orcid.org/0009-0009-5936-673X
https://orcid.org/0009-0004-0507-4612
mailto:caojx@cdut.edu.cn
mailto:wrong1@cdtu.edu.cn
https://doi.org/10.36922/JSE025450102
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Journal of Seismic Exploration

Interpretable gas reservoir prediction

1. Introduction

As global hydrocarbon exploration shifts toward deep,
ultra-deep, and complex hidden reservoirs, seismic signal
identification and fluid prediction face unprecedented
challenges. When seismic waves propagate through
fluid-saturated porous media, they undergo significant
energy absorption, scattering, and attenuation due to
the combined effects of fluid viscosity and reservoir
heterogeneity. These phenomena typically manifest as
localized energy anomalies and dispersion signatures in
the time-frequency (TF) domain, forming the theoretical
foundation for geophysical gas-bearing identification.

Traditional identification methods primarily rely on
amplitude anomalies in the time domain (e.g., bright
spots’, dim spots?, and flat spots®) or characteristic changes
in the frequency domain (e.g., low-frequency shadows?,
fluid mobility indicators®, and high-frequency attenuation
gradients®). While these qualitative methods have achieved
some success in simple geological scenarios such as
shallow and thick reservoirs, they struggle to support
high-reliability quantitative evaluation for deep and thin
interbedded targets due to low signal-to-noise ratios
(SNR), tuning effects, and strong multi-solution ambiguity.

In recent years, the data-driven paradigm centered on
deep learning has demonstrated significant application
potential in the intelligent detection of gas-bearing
reservoirs, owing to its exceptional capability to uncover
non-linear patterns. Numerous studies have attempted
to incorporate architectures such as long short-term
memory”®, deep neural networks>', and convolutional
neural networks", combined with multiple seismic
attributes'>®, achieving positive progress in specific
geological scenarios.

Nevertheless, existing deep learning approaches face
substantial challenges in practical production applications:
on the one hand, certain models exhibit excessive reliance
on long sequences or pre-stack data, resulting in substantial
computational overhead; on the other, the manual pre-
selection of seismic attributes is prone to introducing
subjective bias. A more fundamental constraint lies in
the fact that existing models predominantly follow a
supervised learning paradigm, whose performance is
highly dependent on large-scale, high-confidence labeled
samples. In actual oil and gas exploration, constrained by
high drilling and coring costs, confirmed gas-bearing well-
point labels are extremely scarce and sparsely distributed.
This severely limits the generalization capability and
engineering applicability of supervised learning models.

To overcome the label scarcity bottleneck, semi-
supervised learning (SSL)™ has emerged as a research

focus in geophysical intelligent recognition. This approach
leverages both limited labeled data and vast unlabeled
datasets for training. Among these, semi-supervised
models based on generative adversarial networks
(GANs)'™>'¢ demonstrate unique advantages in feature
representation learning and data distribution modeling,
showing initial promise in seismic phase identification",
reservoir prediction’®, and lithology prediction.”

Nevertheless, achieving efficient and robust detection
of gas-bearing reservoirs requires overcoming three major
bottlenecks:

(i) Effective characterization of sensitive features:
Extracting TF representations from non-stationary
raw signals that are most responsive to gas content
and most information-rich forms the foundation for
determining model learning efficiency.

(ii) Robustness and generalizability of model training:
When confronted with local perturbations and strong
background noise, enhancing the model’s smoothness
and stability within the manifold space is paramount.

(iii) Interpretability of decision mechanisms. Oil and gas
exploration constitutes a high-risk decision-making
domain. If the decision-making mechanisms of a
model (i.e., its black-box characteristics) cannot be
understood and trusted, the practical value of its
predictive results will be significantly diminished.

By addressing the aforementioned challenges, this
study proposes a novel intelligent detection framework
for gas-bearing reservoirs that integrates high-
precision Fourier-based synchrosqueezing transform
(FSST)®, a manifold-regularized semi-supervised GAN
(MR-SSGAN), and SHapley Additive exPlanations
(SHAP).? The core innovations include:

(i) High-precision TF feature extraction strategy: The
FSST is introduced, which uses an instantaneous
frequency rearrangement method to squeeze
distributed energy back onto actual frequency ridges,
significantly reducing the TF blurring inherent
in conventional analysis.”**® This produces two-
dimensional (2D) highly concentrated TF features for
deep learning.

(ii) Construction of the MR-SSGAN model: The
MR-SSGAN network architecture is developed. This
model not only uses GANs to create high-quality
pseudo-samples for training set augmentation, but
it also incorporates a novel manifold regularization*
term based on the Laplace norm into the discriminator
loss function.??* This constraint compels the model’s
decision boundary to traverse low-density regions
within the data distribution while maintaining
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smoothness on the data manifold. Consequently, it
efficiently extracts topological structural information
from vast unlabeled seismic datasets under conditions
of minimal labeled samples, significantly enhancing
the models robustness in complex geological
environments.

(iii) Verification of physical interpretability: The SHAP
method from game theory is employed to generate post
hoc explanations for the trained MR-SSGAN model. By
quantifying the marginal contribution of frequency-
and time-domain features to the final prediction, the
geophysical logic underlying the model’s decisions is
elucidated, validating the consistency of the models
predictions with fundamental rock physics principles.

2. Methods

The overall workflow proposed in this paper comprises
three complementary modules, as illustrated in Figure 1:
(i) data preprocessing: synchrosqueezing transform (SST)-
based TF representation; (ii) construction and training of
the MR-SSGAN; and (iii) decision attribution analysis by
SHAP.

2.1. Data preprocessing: Synchrosqueezing
transform-based time-frequency representation

Seismic signals are non-stationary signals whose frequency

components undergo significant temporal variation. The
traditional short-time Fourier transform (STFT) maps
one-dimensional (1D) time signals f, € I (R) into a 2D TF
domain through a sliding window function:

STFT, (f,t) = ."f(t)w(t—z')e’iz”ﬁdt (1)

where t is time, f is frequency, and w(7) is the window
function. The energy distributionin the STFT is significantly
influenced by the window function, exhibiting a blurring
effect. According to Heisenberg’s uncertainty principle,
optimal time resolution and frequency resolution cannot
be achieved simultaneously, thereby limiting its ability to
provide a detailed characterization of complex reservoir
signals.

Although the continuous wavelet transform (CWT)
incorporates multiscale analysis, it remains constrained
in temporal resolution at low frequencies and frequency
resolution at high frequencies, while also being sensitive to
the selection of wavelet basis functions.

To address the energy blurring effect, Daubechies et
al?® proposed the SST. As a post-processing reassignment
technique based on signal phase derivatives, SST squeezes
energy dispersed across the TF plane back onto the true
instantaneous frequency ridge. For a signal f, € I’(R), its

Figure 1. Workflow of the intelligent gas-bearing reservoir prediction framework
Abbreviations: MR-SSGAN: Manifold-regularized semi-supervised generative adversarial network; SHAP: SHapley Additive exPlanations; SST:

Synchrosqueezing transform; TF: Time-frequency.
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instantaneous frequency can be estimated using the partial
derivatives of the STFT coefficients:

8, STFT, (f.1)
_OSTEL (o)

w, (f.1)= (2)

STFT, (f.1)

where STFT, (/1) isthe complex-valued STFT coefficient.
Using this instantaneous frequency estimate, the energy at
(t, f ) is redistributed to W, ( f N ) . For the STFT-based
ESST?, the rearrangement operation is defined as:

FSST, (4= [ [STET LN )
where F, is the frequency interval and W is the center
frequency. This operation localizes the originally dispersed
energy around the true instantaneous frequency, thereby
producing a high-resolution TF spectrum while preserving
signal reconstructibility.

2.2. Construction and training of the manifold-
regularized semi-supervised generative adversarial
networks

Standard GANs comprise a generator G and a discriminator
D, which undergo adversarial training through a minimax
game. In a semi-supervised setting (SSGAN), the
discriminator is transformed into a K + 1-class classifier
(K real classes plus one generated class). For gas-bearing
prediction, K =2 (gas-bearing vs. gas-free). D must not only
determine whether the input data are real or generated, but
also predict the physical category (gas-bearing or gas-free)
to which genuine samples belong.

Although SSGAN uses unlabeled data, it does not
explicitly exploit the topological geometric structure of the
data. In contrast, the core innovation of MR-SSGAN is that
it fully exploits GANS’ potential for modeling natural data
manifolds by introducing manifold regularization terms
during discriminator D training and imposing feature-
matching strategies on the generator D, resulting in deeper
exploitation of the geometric-topological structure of the
data.

The loss function L , for the MR-SSGAN discriminator
comprises supervised loss L, , unsupervised loss for
genuine unlabeled data L, unsupervised loss L, for
generated pseudo-data , and the manifold-regularization
term Rman i3S detailed below:

L,=L,+o(L,+L,)+R (4)

where @ =0.5 is the weight balancing the contributions
of labeled and unlabeled samples, and 1 =107is the
manifold-regularization weight.

manif’

For real labeled samples (x, y) , the task of the
discriminator is to minimize the cross-entropy between the
ground-truth labels and the model’s predicted distribution.
Its loss function [ | is the standard cross-entropy loss:

L, = —Ex’yNPm(x’y) [log py(y|x,y<K+ 1)] (5)

where p,(y|x,y <K+1) is the probability of the correct
label L given input x.

For real unlabeled data and generated pseudo-data, the
corresponding loss terms are unsupervised. p,(y =K +1|x)
provides the probability that input x belongs to class K
+ 1 (i.e., pseudo-data). If the input is pseudo-data, the
discriminator should identify it as pseudo-data; in this case,
the task of the discriminator is to maximize p,(y =K +1|x).
If the input is real unlabeled data, the discriminator should
identify it as real data (i.e., the label is not K + 1), and its
task becomes to minimize p,(y =K +1|x). Therefore, the
corresponding two unsupervised loss functions are defined
as follows:

Ly==E,_, [log[l-p,(y=K+1|0]] ©

L.=-E ; [10g [pD (y=K+1| x)]:l @)

In the experiment, to simplify the discriminator
output while maintaining consistency with the actual
number of classes, the property of the Softmax function
where subtracting a constant vector from the logits does
not change the output probabilities was utilized. The final
dimension [, of the K + 1-dimensional logit vector
produced by the discriminator was set to zero, without
affecting the final probability outputs.

The manifold hypothesis posits that high-dimensional
data are actually distributed on a low-dimensional manifold
structure. To explicitly utilize this structure within
SSGAN, MR-SSGAN introduces a manifold regularization
term Rmam.f. According to manifold learning theory, the
smoothness of the discriminator can be measured by the
integral of the squared gradient over the data manifold (i.e.,
the Laplacian norm ||D||i ). For manifolds parameterized
by the generator, samples z'/ may be drawn from the
latent representation space z. The discriminator’s gradient
on the manifold can then be estimated via Monte Carlo

integration:
.p(o(:")

1
o =15

In Equation 8, n is the number of samples, which
corresponds to the batch size in stochastic gradient descent.
] represents the Jacobian matrix, used to estimate the

2

(8)

F
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gradient of the discriminator output on the data manifold.
- denotes the Frobenius norm. A smaller value for this
term indicates smoother discriminator outputs on the
manifold.

In practical training, considering the substantial
computational overhead associated with directly
computing the Jacobian matrix, this study employs a
stochastic finite-difference method to approximate this
gradient term. If a small perturbation & O is applied to
the generator’s input z, the generated sample should move
a small distance along the manifold, at which point the
discriminator D’s predicted output should remain stable.
This yields the final manifold regularization term:

2

Ry =E..,.,4(0(2))=D(G(z+e5)), ©)

where § is the perturbation term, whereas 8:@,
§~N(0,1), and &£ =107 represents the perturbation
norm.

To address the issues of non-convergence and instability
encountered by generators in conventional adversarial
training, this study introduces a feature-matching strategy

to construct the generator’s loss function. The core of
this strategy lies in shifting the generator’s optimization
objective away from solely maximizing the discriminator’s
misclassification probability. Instead, it seeks to achieve
alignment between the distributions of generated and real
data within the discriminator’s feature space.

Specifically, the expectation of the activation
features h(G[z]) of the pseudo-samples G(z) generated
by the generator at a certain intermediate layer of the
discriminator D is designed to match the expectation of
the activation features h(x) of the real data x at the same
layer. The loss function is defined as follows:

Lo=[E ()= E., (G ()| (10)

where h(x) represents the activation output of an
intermediate layer of the discriminator. In this study, to
capture deep and stable semantic representations, the
output from the penultimate layer of the discriminator was
selected as the feature-matching representation.

The specific network topology and parameter
configuration of MR-SSGAN are illustrated in Figure 2.
The generator’s architecture adopts the classic up-sampling
paradigm proposed by Ioffe and Szegedy®, which has

Figure 2. Generator and discriminator network architecture of the manifold-regularized semi-supervised generative adversarial network
Abbreviations: BatchNorm: Batch normalization; Conv2d: Convolutional 2D layer; FC: Fully connected layer; ReLU: Rectified linear unit; Tanh: Hyperbolic

tangent function.
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been adaptively modified to accommodate the input
characteristics of 2D TF profiles. It consists of a three-layer
transposed convolutional network incorporating batch
normalization. In contrast, the discriminator is designed
with reference to the robust architecture introduced
by Salimans et al® for improving GAN training. It is
structured as a six-layer 2D convolutional neural network
featuring a dropout randomization mechanism, aimed
at enhancing the robustness of feature extraction and
mitigating overfitting.

By alternately and iteratively optimizing the
discriminator loss and the generator loss, the MR-SSGAN
framework can efficiently mine potential discriminative
information from large-scale unlabeled data while
leveraging a small number of critical labeled samples
for precise supervision. After training convergence, the
discriminator learns the essential characteristic responses
of gas-bearing reservoirs in the TF domain, enabling its
direct application to gas-bearing prediction of practical 2D
seismic profiles.

2.3. Decision attribution analysis by SHapley
Additive exPlanations

Although the MR-SSGAN model, with its deep non-
linear architecture, can capture complex TF features and
their interactive effects within seismic signals, its intricate
internal parameter mapping results in a decision-making
process that exhibits typical black-box properties. To
enhance the credibility of model predictions and elucidate
its decision-making mechanisms, this study introduces the
game-theoretic SHAP attribution analysis.

The core concept of this method is to treat the model’s
prediction for a specific sample as the result of the combined
effects of all input features. By calculating Shapley values,
it equitably quantifies the marginal contribution of each
feature to the prediction outcome. The computational
process follows the classical Shapley formula:

[S[A(a —|s]-1)!

¢ = Z

DN v <[ £ (SUL})-7(9)] (11)
where M is the total number of features, F is the set of
all input features, and f is the discriminator model being
explained. S denotes any possible subset derived from
the feature set F excluding feature j (ie,Sc F\{j}).
The difference f (S U{i})-f(S) represents the marginal
contribution of adding feature j to the existing subset
S. By calculating the weighted average of this marginal
contribution over all possible subsets S, the resulting ¢j
is the Shapley value for feature j, which comprehensively
measures its contribution to the model’s output.

To visually demonstrate the decision-making basis of
the MR-SSGAN discriminator for individual gas-bearing
prediction, SHAP approximates the original model’s
decision behavior by constructing a linear local surrogate
model g(x). Its additive decomposition expression is as
follows:

g(x)=4¢, +Z:;¢,» (12)

where x is a simplified binary input vector, P represents
the total dimensionality of the input TF features, ¢,
denotes the baseline prediction mean for all samples,
and ¢/~ represents the attribution contribution value
corresponding to feature j. Through this linear additive
decomposition, SHAP can break down complex non-linear
decisions into the sum of contributions from each TF unit,
thereby clearly identifying the key TF patterns that drive
the model’s judgment of gas-bearing or gas-free.

3. Results

3.1. Synthetic data results using the Marmousi Il
model

This study first validates the algorithm’s performance based
on the Marmousi II model.* Building upon the classical
Marmousi model, this iteration incorporates reservoir
simulation capabilities, rendering it suitable for assessing
the performance of gas-bearing identification algorithms.
The core research target comprises a representative gas-
bearing sandstone lens located within the common depth
point (CDP) 420-550 interval and spanning 1.3-1.4 s, as
illustrated in Figure 3A.

To simulate complex field acquisition conditions and
assess model robustness, random Gaussian white noise
was introduced into the original seismic record, creating a
noisy dataset with an SNR of 0 dB. During model training,
both the original noise-free data and the 0 dB SNR noisy
data were utilized simultaneously to enhance MR-SSGAN’s
robustness and adaptability to noise.

3.1.1. Time-frequency concentration comparison

For the CDP 475 single-channel seismic signal, this study
compared the feature characterization accuracy of four TF
transformation methods (Figure 4). As the performance
of CWT is highly dependent on the mother wavelet,
the generalized Morse wavelet was selected. Its flexibly
adjustable TF window shape enables effective localized
characterization. As shown in Figure 4A, although the
CWT TF spectrum possesses extremely high temporal
resolution, its energy exhibits significant dispersion along
the frequency axis.

For the STFT, to overcome the severe spectral leakage
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inherent in traditional window functions (e.g., the Hanning
window) during detailed analysis, this study employed
the discrete phase shell sequence as the window function.
This sequence exhibits extremely low sidelobes and rapid
sidelobe attenuation characteristics.

Additionally, the findings demonstrated that the
frequency resolution of the discrete phase shell sequence-
based STFT significantly outperforms that of the CWT
(Figure 4B). However, constrained by the Heisenberg
uncertainty principle, its temporal resolution remains
limited. To further enhance the energy concentration and

resolution of the TF representation, the SST was introduced
to rearrange the energy in the aforementioned results.
Figure 4C, D confirm that both wavelet SST (WSST) and
FSST substantially enhance TF concentration: WSST
achieves frequency ridge convergence while preserving
high temporal resolution, whereas FSST significantly
strengthens energy concentration in the temporal
dimension while maintaining high frequency resolution.

Further examination of the characterization
performance of the aforementioned methods across the
profile data was conducted using the 45 Hz frequency-

Figure 3. Partial data from the Marmousi I model. (A) Clean profile. (B) Noisy profile.

Abbreviations: CDP: Common depth point; SNR: Signal-to-noise ratio.

Figure 4. The original time-domain signal of the common depth point-475 and its corresponding time-frequency profiles: (A) continuous wavelet
transform, (B) short-time Fourier transform, (C) wavelet synchrosqueezing transform, and (D) Fourier-based synchrosqueezing transform
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Figure 5. 45 Hz frequency slices: (A) continuous wavelet transform, (B) short-time Fourier transform, (C) wavelet synchrosqueezing transform, and (D)

Fourier-based synchrosqueezing transform
Abbreviation: CDP: Common depth point.

separated profile (Figure 5). Results indicate that, while
the CWT (Figure 5A) accurately delineates the reservoir
top and bottom interfaces, its ability to reveal hydrocarbon
enrichment within the reservoir is limited. The STFT
(Figure 5B) identifies energy anomaly zones extending
far beyond actual reservoir boundaries. Moreover, due to
temporal domain blurring effects, the predicted results
exhibit pronounced lateral discontinuities and spatial
dispersion.

Following synchrosqueezing processing, energy
focusing was substantially enhanced, yet identification
limitations persisted: WSST (Figure 5C) tended to amplify
reservoir boundaries, while FSST (Figure 5D) only displayed
high-energy responses within the central reservoir zone.
This series of qualitative comparisons demonstrates
that, although advanced TF analysis techniques can
significantly enhance the physical concentration of seismic
characteristics, manual interpretation relying solely on
traditional spectral decomposition attributes still suffers
from interpretational ambiguity and uncertainty, making
it difficult to achieve precise delineation of gas boundaries
and intensity.

3.1.2. Ablation and robustness analysis

Traditional gas-bearing prediction based on spectral
decomposition relies heavily on manual qualitative
interpretation of TF slices. This process is not only highly
subjective and inefficient but also struggles to capture
subtle, non-linear, sensitive features within seismic signals.
In contrast, deep learning frameworks can automatically
extract higher-order representations from complex seismic
data through multi-layer non-linear mappings. Addressing
the challenges of sparse labeling and vast unlabeled datasets
in practical geophysical exploration, this study developed
an MR-SSGAN model. The model’s core advantage lies
in leveraging the adversarial interaction between the
discriminator and the generator to simultaneously extract

prior distribution features from unlabeled data, while
strengthening the model’s generalization boundaries in
sparse labeling scenarios through manifold constraints.

To achieve synchronous representation of TF features,
a 2D sliding window sampling strategy ( f,gh,t,gh) was
designed to construct 2D TF slice samples. Along the
time dimension (%, ), adjacent sampling points before
and after the target point are captured, balancing localized
temporal information with the integrity of contextual
feature learning and preventing degradation in localization
accuracy. In the frequency dimension ( £ g )» the window
range was determined based on the instantaneous spectral
energy distribution. To capture core signal features
while filtering out interference, the frequency interval
corresponding to the cumulative energy between the 5th
and 95th percentiles at each instantaneous frequency
was statistically determined. Through this approach,
each sample point was mapped onto a 2D slice sample
carrying adjacent spatiotemporal information. Within
the experimental configuration of the Marmousi II model
(sampling rate of 250 Hz), the extracted TF slice dimensions
were set to 45 x 5. The frequency window spans 21-65 Hz
(fq =45), while the time window covers 20 ms (7, =5).
This parameter selection is based on statistical analysis of
the reservoir response energy accumulation distribution,
ensuring coverage of over 90% of the target layer’s reflected
energy while physically suppressing interference from low-
frequency background noise and spurious high-frequency
components.

The semi-supervised dataset comprises labeled training
data, unlabeled training data, a validation set, and a test
set. Based on prior geological information such as logging
constraints, gas-bearing and gas-free slices were extracted
from well-side traces to form the labeled training set
D, ={(x; yl)}]: (sample size L_ ), while samples distant
from the well locations were selected to constitute the
unlabeled training set D, :{(xj )}jvil (sample size U). The
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labels (gas-bearing or gas-free) for 2D TF slices in the
labeled samples are determined by the actual gas content
at their center points.

Within the Marmousi II synthetic model, the elastic
parameters of gas-bearing sandstone lenses are explicitly
defined. Gas-bearing samples are defined as sampling
points with a V /'V, ratio below 1.5 that are located
within known sandstone lens boundaries; gas-free samples
are defined as sampling points with a V /¥, ratio
exceeding 1.5 and located outside known sandstone lens
boundaries. To ensure model generalization capability
and category balance, the ratio of gas-bearing to gas-free
samples, as well as raw noise-free to noisy (SNR = 0 dB)
samples, was maintained at 1:1. In the experiments, the
baseline values for L, U ,and T,  were set to 40, 2,400,
and 400, respectively.

To systematically evaluate the impact of labeled sample
quantity on model performance, four traces with CDPs
of 450, 475, 500, and 510 were selected as training wells.
Samples corresponding to quantities of IxL,, > 2xL,,
3xL,,»and 4x[  were sequentially extracted from these
wells to form the labeled training set (denoted as 1x L
4x L), while the unlabeled training and test sets retamed
their original sample sizes. The labeled and unlabeled
training sets collectively constituted the model’s training
data. Additionally, approximately 10% of the total training
samples were selected as the validation set during training,
with the discriminator loss monitored in real time using an
early stopping strategy.

The model was trained using a learning rate of 5 x 10™*
with a batch size of 10, combined with an early stopping
strategy (patience = 5) to ensure efficient convergence of
the discriminator. To mitigate random fluctuations, all
experiments were repeated using three random seeds, and
the results were averaged (see Table 1).

Evaluation results demonstrate that, compared to
purely supervised GANs, SSGAN effectively enhances
the extraction of gas-bearing features by incorporating
unlabeled samples into the learning process. Particularly
when labeled samples are extremely scarce (IxL  , ie.,
only 40 labeled samples), SSGAN achieves accuracy and
F1 scores that are 10.0% and 0.071 higher than those of
SGAN, respectively. The performance of MR-SSGAN,
which incorporates manifold-regularization constraints,
was further improved, achieving additional gains of 4.7%
in accuracy and 0.040 in F1 score over SSGAN.

Ablation experiments confirmed that manifold
regularization significantly enhances the training stability
and generalization of the discriminator under minimal

sample sizes by reinforcing the models predictive
smoothness within data manifold neighborhoods. When
the labeled data volume increased to 4 x L » MR-SSGAN
achieved its optimal performance. N01se resistance
analysis conducted under this configuration (Figure
6) demonstrates that the framework maintained high
alignment with the ground truth model even under strong
background noise at SNR = -5 dB.

To investigate the impact of feature representation
quality on classification performance, this study
systematically compared the performance differences of
four TF transforms—CWT, STFT, WSST, and FSST—as
model inputs under fixed data volume (4x L, -labeled
data) (Table 2). The findings revealed that, ih" the vast
majority of cases, the MR-SSGAN model based on FSST
input delivers optimal performance, with its predicted
profiles (Figure 7) exhibiting the best alignment with
the true gas reservoir morphology. This advantage stems
primarily from FSST’s superior frequency resolution and
its more focused energy distribution within the TF domain.
These characteristics facilitate the networks learning of
clearer feature representations, thereby generating higher-
resolution predictive outputs.

In contrast, while STFT also possesses good frequency
resolution and its network can partially compensate for
temporal resolution limitations through short-time window
feature learning, its overall performance was inferior to
FSST. CWT and WSST, however, fail to adequately reveal
internal details due to energy concentration near reservoir
edges in their TF representations (Figure 5), resulting in
trained models struggling to accurately identify central
reservoir zones. The ablation experiment demonstrates
the critical importance of the deep coupling between high-
resolution TF characterization and manifold-regularized
SSL for enhancing prediction accuracy in gas-bearing
reservoirs.

3.1.3. SHapley Additive exPlanations analysis on
synthetic data

To gain deeper insight into how the trained MR-SSGAN
model (based on 4x[  -labeled FSST data) makes gas
content decisions from 2D TF inputs, this study employed
SHAP analysis. SHAP values quantify the contribution
of each specific frequency component and time sampling
point within the TF data to the prediction outcome for
an individual sample. Figure 8 illustrates the feature
dependency patterns across both frequency and time
dimensions when the model detects gas-bearing states on
the Marmousi IT model synthetic data, presented through
feature importance bar charts and scatter plots.

Analysis revealed that the model assigns the highest
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Table 1. Performance comparison of different models using Fourier-based synchrosqueezing transform data on the Marmousi IT

model
Performance Gain vs. SGAN
Network architecture  Number of labeled samples
Accuracy (%) F1-score Accuracy (%) Fl-score
XL, 82.2 0.858 - -
2xL,, 86.3 0.892 - -
SGAN 4
3xL, 91.6 0.928 - -
4xL 95.0 0.955 - -
XL, 92.2 0.929 10.0 0.071
2xL,, 94.1 0.947 7.8 0.055
SSGAN 4
3xL, 96.3 0.963 47 0.035
axL 97.2 0.972 22 0.017
1x Lsym 96.9 0.969 14.7 0.111
2xL, 95.9 0.962 9.7 0.069
MR-SSGAN 4
3xL, 97.5 0.976 5.9 0.048
4xL 98.4 0.985 34 0.030

synt

Abbreviations: MR: Manifold-regularized; SGAN: Supervised generative adversarial network; SSGAN: Semi-supervised generative adversarial network.

Table 2. Performance comparison of different time-frequency data using MR-SSGAN on the Marmousi II model

Performance Loss vs. FSST
Input Number of labeled samples
Accuracy (%) F1-score Accuracy (%) F1-score
IxL 95.9 0.960 0.9 0.009
2xL 96.9 0.971 -0.9 ~0.009
CWT !
3xL, 95.9 0.962 1.6 0.014
4xL 96.6 0.968 1.9 0.017
IxL 73.1 0.803 23.8 0.165
2 x Ls " 96.3 0.964 -0.3 -0.003
STFT 4
3xL, 97.2 0.973 0.3 0.003
4xL_ 97.2 0.973 1.3 0.012
XL, 80.6 0.817 163 0.151
2xL,, 83.1 0.831 12.8 0.130
WSST 4
3xL, 84.1 0.841 134 0.135
4xL_ 85.3 0.855 13.1 0.129
XL, 96.9 0.969 - -
2xL 95.9 0.962 - -
FSST 4
3xL, 97.5 0.976 - -
4xL 98.4 0.985 - -

synt

Abbreviations: CWT: Continuous wavelet transform; FSST: Fourier-based synchrosqueezing transform; STFT: Short-time Fourier transform; WSST:
Wavelet synchrosqueezing transform.
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Figure 6. Prediction probability of gas-bearing reservoirs by the Fourier-based synchrosqueezing transform manifold-regularized semi-supervised
generative adversarial network under varying SNR conditions: (A) clean, (B) 0 dB, (C) -5 dB, and (D) -10 dB

Abbreviations: CDP: Common depth point; SNR: Signal-to-noise ratio.

Figure 7. 45 Hz frequency slices of synthetic data: (A) CWT, (B) STFT, (C) WSST, and (D) FSST
Abbreviations: CDP: Common depth point; CWT: Continuous wavelet transform; FSST: Fourier-based synchrosqueezing transform; STFT: Short-time

Fourier transform; WSST: Wavelet synchrosqueezing transform.

decision weights to the mid-to-high frequency bands
(e.g., 41-45 Hz, 46-50 Hz, 51-55 Hz, and 56-60 Hz).
When energy in these bands is elevated, SHAP values
predominantly cluster on the positive half-axis, strongly
favoring gas-bearing predictions; conversely, they tend
toward the negative half-axis, indicating gas-free. Notably,
the Marmousi II model employs the Ormsby source
wavelet (5-80 Hz), with 41-60 Hz falling precisely within
its primary frequency response range. The pattern captured
by the model, where enhanced energy indicates gas
presence, likely stems from relative energy amplification
in specific frequency bands within gas-bearing sandstone
lenses. This amplification arises from thin-layer tuning
effects or constructive wavefield interference. These
results demonstrate that MR-SSGAN is not constrained
by a single linear attenuation assumption but possesses
the capability to uncover complex, non-intuitive seismic
physical characteristics.

In the temporal dimension, analysis focused on the
current time T, and five surrounding sampling points (T
-2, T, -1, T, T+ 1,and T + 2). SHAP results revealed
that the model focuses most on the energy characteristics
at the three time points: T, T + 1, and T, + 2. When T
and subsequent sampling points exhibit high energy values
while earlier points (e.g., T, — 2) display relatively low

energy, the model tends to classify the event as gas-bearing.
This observed rearward shift in the energy centroid aligns
with the instantaneous phase delay and energy envelope
tailing characteristics induced by gas-bearing reservoirs,
reflecting the physical process of kinetic energy dissipation
as seismic waves propagate through fluid-saturated media.

The comprehensive SHAP analysis revealed that the
MR-SSGAN establishes a logically rigorous decision
criterion on the synthetic data. In the frequency
domain, the model relies critically on energy resonance
within specific sensitive frequency bands, while in the
time domain, it identifies evolving patterns of energy
distribution asymmetry. This process not only statistically
validates the model’s high accuracy but also geophysically
confirms its decision logic aligns closely with tuning effects
and wavefield attenuation patterns.

3.2. Results of real seismic data

To validate the practical applicability of the proposed
framework, this study employed actual data from deep
marine carbonate reservoirs of the Leikoupu Formation
in the Triassic strata of the western Sichuan Basin, China.
The target interval (T1-T2), buried at depths exceeding
5,000 m, exhibits strong heterogeneity, complex pore
structures, and extremely thin interbeds due to multiple
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Figure 8. SHapley Additive exPlanations (SHAP) analysis of the manifold-regularized generative adversarial network on synthetic data. Each point
represents a single feature from one sample, with purple and green corresponding to high and low feature values, respectively. The x-axis position denotes
the SHAP value for that feature (positive values indicate promotion of gas-bearing predictions, whereas negative values indicate promotion of gas-free
predictions). The bar lengths on the left intuitively reflect the average absolute SHAP value for each feature, indicating its importance. On the frequency
dimension, the frequency axis of the TF plot is divided into bands at 5 Hz intervals.
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episodes of tectonic deformation. This has resulted in
severe absorption attenuation of seismic signals and an
extremely low SNR environment. Furthermore, complex
lateral facies transitions and uneven gas—water distribution
pose significant challenges to gas content prediction due to
non-uniqueness.

A representative 2D seismic profile (Figure 9) was
selected, traversing three key calibration wells: Well A
(gas-poor), Well B (gas-rich), and Well C (gas-bearing).
From top to bottom, four main reflection horizons were
identified within the profile: T1 (weathered crust at the
top of the Leikoupo Formation), T2 (top of the fourth
member of the Leikoupo Formation), T3 (top of the third
member of the Leikoupo Formation), and T4 (bottom of
the third member of the Leikoupo Formation). Intelligent
detection focused specifically on gas content within the
T1-T2 interval, aiming to validate the model’s capability
for detailed characterization of actual gas presence within
complex geological settings.

3.2.1. Feature response in real data

This study conducted TF characterization analysis on
seismic records from the bypass Well B. The results (Figure
10)demonstrated high consistency with the synthetic
data experiments: STFT remained constrained by the
Heisenberg uncertainty principle, leading to TF energy
dispersion, whereas FSST and WSST significantly enhanced
feature concentration and resolution through their phase
rearrangement mechanisms. Further comparison of the 15
Hz frequency slices (Figure 11) revealed that the energy
clusters identified by traditional STFT and CWT in the
T1-T2 interval were primarily distributed between Wells
A and B, failing to effectively characterize the known gas-
bearing zone near Well C.

Following application of SST, the WSST frequency

slice (Figure 11C) revealed scarcely any pronounced zones
of high energy concentration within the target stratum.
While the FSST frequency slice (Figure 11D) demonstrates
improved local energy contrast, it still lacked physical
responses highly consistent with drilling conditions at the
critical Well B and Well C intervals. This phenomenon
clearly demonstrates that, for deep, strongly heterogeneous
thin reservoirs in western Sichuan, conventional spectral
decomposition properties remain constrained by seismic
multi-solutions. Consequently, even with advanced
synchrosqueezing operators, precise localization of gas-
bearing sweet spots remains challenging.

3.2.2. Accuracy and section evaluation

Given the complexity of seismic data from the field area,
this study employed a 2D sliding TF window technique
consistent with the synthetic experiments to construct
samples, systematically evaluating the predictive
performance of MR-SSGAN under sparse labeling
conditions.

During feature extraction, FSST was applied to
perform TF transformations on each raw seismic trace.
Given the low dominant frequency (approximately 20
Hz) characteristic of deep reflection signals, the frequency
truncation window was set to 1-45 Hz to ensure coverage
of the core energy range spanning 5th-95th percentiles
of most samples. The time window comprised the target
sampling point flanked by two preceding and two following
points. Given the 500 Hz sampling rate of the field data,
the resulting feature slice dimensions remained 45 x 5,
corresponding to a time-domain length of 10 ms.

To scientifically evaluate the model’s generalization
capability in strongly heterogeneous environments, a
neighborhood N, (p) of p units around well W, was
defined in the coordinate system composed of xline and

Figure 9. A post-stack seismic profile from the field area
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Figure 10. The original time-domain signal of the well-side trace at Well B and its corresponding time-frequency analysis results: (A) continuous wavelet
transform, (B) short-time Fourier transform, (C) wavelet synchrosqueezing transform, and (D) Fourier-based synchrosqueezing transform

Figure 11. 15 Hz frequency slices of real data: (A) continuous wavelet transform, (B) short-time Fourier transform, (C) wavelet synchrosqueezing

transform, and (D) Fourier-based synchrosqueezing transform

inline:

{(xl,il)eR2 (13)

p< \/(xl—xlw)2 —(il—ilw)2 < p+1}

where the well location (lel. Jily, ) is represented by N,,(0).
Besides the well location, the neighborhood one unit away
from the well is represented by N,, (1), which includes eight
seismic traces, namely (xlinetl,inline),(xlinex1,inline1),
(xlineil,inline+ l), and (xline,inlineil). Wells B and C were
used as training wells, with labeled samples selected from
the well-side traces. Unlabeled training samples, validation

samples, and test samples were derived from seismic traces
within a neighborhood of three units outside the training
well locations. The specific sample quantity allocation was
as follows: labeled training samples L, =40, unlabeled
training samples U_ =800, test samples T =40, and
the number of validation set samples was approximately
10% of the total training data. The learning rate, batch
size, and early stopping strategy (patience = 20) for model
training were generally consistent with the synthetic data
experiments.

Table 3 presents a comparative analysis of different
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model architectures on real seismic datasets (averaged
across three randomized experiments). Under conditions
of extremely sparse labeling, the semi-supervised strategy
demonstrates significant advantages: SSGAN achieves
an 18.8% improvement in accuracy (with an F1 score
increase of 0.200) over the purely supervised GAN,
robustly demonstrating the auxiliary role of unlabeled
data. Building upon this, the introduction of manifold
regularization in MR-SSGAN yields an additional 5.0%
gain in accuracy. This phenomenon aligns closely with
the trend observed in the synthetic experiments, further
validating that manifold constraints effectively suppress
prediction fluctuations caused by noise in the field area by
enhancing model smoothness on the data manifold.

To investigate the coupled effects of feature quality
and semi-supervised architecture, the classification
performance was compared using four TF representations
as input (see Table 4). Quantitative results confirm that
the MR-SSGAN model trained with FSST significantly
outperforms other approaches in both accuracy and F1
score. Prediction accuracy based on STFT, CWT, and WSST
exhibits a substantial decline, primarily due to spectral
leakage or spatiotemporal blurring during the processing
of deep, strongly inhomogeneous seismic signals.

To systematically evaluate the impact of different
TF inputs on model predictive performance, Figure 12
presents the predicted probability profiles of MR-SSGAN
trained using four TF representations.

First, predictions based on CWT (Figure 12A) and

STFT (Figure 12B) exhibit significant deviations from
known geological interpretations. Although CWT
possesses multiscale analysis capabilities, its energy
distribution becomes excessively dispersed when applied to
real data with low SNR. This resulted in missed detections
within the critical gas-bearing zones of Wells B and C,
while simultaneously generating false continuous high-
probability bands in the gas-depleted zone of Well A. The
STFT, constrained by the inherent resolution limitation
due to fixed window lengths, produces blurred boundaries
for predicted gas-bearing zones and generates large-scale
artefactual anomalies within non-target intervals (T2-T3
sections). These observations indicate that traditional TF
transforms were unable to effectively mitigate TF blurring
caused by the Heisenberg uncertainty principle, rendering
them incapable of providing robust discriminative features
for models under complex background noise.

Second, although synchrosqueezing technology
aims to enhance energy concentration, the WSST-based
model (Figure 12C) exhibits suboptimal performance in
practical applications. The predicted profile exhibits severe
fragmentation, poor lateral continuity, and significant
misclassification in the middle-lower section. This is
because, when processing complex wavefields, the energy
reassignment operator of WSST is highly sensitive to strong
noise interference, thereby compromising the physical
consistency of the input features. This further indicates
that, within the strongly heterogeneous conditions of the
field area, an algorithm’s robustness to noise is equally
critical to feature aggregation.

Table 3. Performance comparison of different models based on Fourier-based synchrosqueezing transform data (real data)

Performance Gain vs. SGAN
Network architecture ~ Number of labeled samples

Accuracy (%) F1-score Accuracy (%) F1-score
SGAN 1xL_, 61.3 0.613 - -
SSGAN 1xL_, 80.0 0.813 18.8 0.200
MR-SSGAN 1xL 85.0 0.885 23.8 0.272

real

Abbreviations: MR: Manifold-regularized; SGAN: Supervised generative adversarial network; SSGAN: Semi-supervised generative adversarial network.

Table 4. Performance comparison of different time-frequency data based on MR-SSGAN (real data)

Performance Loss vs. FSST
Input Number of labeled samples

Accuracy (%) F1-score Accuracy (%) F1-score
CWT 1xL 75.0 0.767 10.0 0.118
STET IxL,, 77.9 0.784 7.1 0.100
WSST 1L, 70.6 0.707 14.4 0.177
FSST 1xL 85.0 0.885 - -

real

Abbreviations: CWT: Continuous wavelet transform; FSST: Fourier-based synchrosqueezing transform; SGAN: Supervised generative adversarial
network; STFT: Short-time Fourier transform; WSST: Wavelet synchrosqueezing transform.
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Third, the FSST-based MR-SSGAN architecture (Figure
12D), in contrast, exhibits superior predictive performance,
with results highly consistent with drilling calibration. This
model not only accurately captured the gas anomalies in
the target intervals of Wells B and C, presenting clear and
laterally coherent high-probability responses, but also
precisely depicted the gas-depleted conditions near Well
A. The predicted reservoir morphology is well-defined,
with thickness characterization better aligned with the
geological development features of thin interbedded
formations, demonstrating exceptionally high vertical and
spatial resolution.

In summary, the experimental results further validate
the synergistic effect between FSST and MR-SSGAN.
FSST provides a highly focused and more noise-resistant
feature benchmark through energy reassignment, while
MR-SSGAN establishes a stable smoothing constraint in
the feature space via manifold regularization. The deep
integration of this high-quality input and robust learning
paradigm enables the architecture to effectively overcome
seismic ambiguity. Even under the constraint of extremely
sparse labels, it achieves high-reliability detection of
gas-bearing sweet spots in deep thin reservoirs in western
Sichuan, providing effective technical support for the
intelligent evaluation of complex hydrocarbon reservoirs.

3.2.3. SHapley Additive exPlanations analysis on real
data

SHapley Additive exPlanations analysis applied to field
seismic data (Figure 13) further elucidates the decision logic
of MR-SSGAN within complex geological environments,
revealing attribution patterns markedly distinct from those
observed in synthetic data.

Along the frequency dimension (Figure 13A), SHAP
attribution results maintain high consistency with classical
gas-bearing response theory. The feature importance
bar chart indicates that the model primarily relies on
information within the 6-30 Hz frequency band for
decision-making, with the 6-10 Hz low-frequency range
contributing most significantly. The scatter plot further
reveals that energy enhancement (high feature values) in
this low-frequency band is positively correlated with gas-
bearing discrimination, accurately capturing the typical
low-frequency shadow feature. In contrast, within the
11-30 Hz mid-to-high-frequency range, energy attenuation
(low feature values) contributes positive Shapley values
to gas-bearing prediction. This combined signature of
low-frequency resonance and high-frequency absorption
physically corroborates the expected dynamic evolution
of seismic waves as they propagate through gas-bearing
porous media. Compared to the mid-to-high-frequency

Figure 12. Gas-bearing reservoir prediction probability of the manifold-regularized generative adversarial network based on different time-frequency data
(input is real seismic data): (A) CW'T, (B) STFT, (Cc) WSST, and (D) FSST. (E) Comparison of labels versus predictions across time-frequency inputs.
Abbreviations: CWT: Continuous wavelet transform; FSST: Fourier-based synchrosqueezing transform; SGAN: Supervised generative adversarial network;
STFT: Short-time Fourier transform; WSST: Wavelet synchrosqueezing transform.
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enhancement pattern dominated by thin-layer tuning
effects in synthetic data, the analysis results from real data
align more closely with classical wavefield attenuation
theory, reflecting the intelligent discriminative adaptation
of the deep learning framework when addressing idealized
models versus complex real-world environments.

In the temporal dimension (Figure 13B), the model
exhibits sampling point dependency patterns distinct from
synthetic data. Analysis indicates that the present time
T, carries the highest importance weight, followed by T
-2 and T, + 2. The model identifies a specific temporal
evolution pattern: samples exhibiting localized energy
enhancement at T, — 2 followed by energy attenuation at
T, and T, + 2 are more readily identified as gas-bearing.
This complex response pattern likely originates from
the intricate wavefield interference and phase delay
phenomena within deep, thin interbedded reservoirs.
Compared to the simple energy center shift observed in
synthetic data, the SHAP attribution patterns in real data
reveal how actual stratigraphic absorption characteristics
modulate the waveform envelope morphology.

The comprehensive SHAP attribution analysis
demonstrates that the MR-SSGAN model not only
achieves statistically high-precision predictions but also
captures seismically plausible phenomena. The model
adaptively adjusts its decision logic based on data context—
transitioning from tuning-effect-driven behavior in
synthetic data to absorption-attenuation-driven behavior
in real data. This cross-dataset consistency in decision-
making, coupled with transparent physical logic, effectively
rules out the possibility of model classification arising from
overfitting noise. Consequently, it significantly enhances
the reliability and guidance value of artificial intelligence
technology in high-risk decision-making within oil and
gas exploration.

4, Discussion

4.1 Selection and parameter impact of
synchrosqueezing transform

During the feature characterization phase, experimental
results (Tables 2 and 4) show that FSST produces
downstream models with more discriminative input
features than WSST. Although the wavelet-based WSST has
advantages in multiscale analysis, its energy rearrangement
operator is sensitive to random noise when processing
seismic signals with a low SNR. This results in fractured
TF ridges and energy artifacts. In contrast, FSST integrates
the DPSS window function, which has greater sidelobe
suppression capabilities, resulting in a relatively robust
analysis framework. This design successfully mitigates
random disturbances during energy compression,

guaranteeing that extracted gas-bearing anomaly
responses are statistically stable. While this study provides
initial validation of the chosen window parameters, future
work should involve comprehensive sensitivity analyses
to develop tailored optimization strategies for SST,
targeting specific applications such as ultra-deep or tight
gas reservoirs. This will further advance the capabilities of
high-resolution TF characterization.

4.2, Critical role of time-frequency coupled features

Seismic signals are inherently non-stationary, complex
wave processes. Traditional 1D attributes (e.g.,
instantaneous frequency or amplitude) represent time and
frequency information separately, resulting in the loss of
rich context-coupled characteristics. The comparative
experiment (Figure 14) clearly illustrates this limitation:
model predictions based solely on 1D instantaneous
frequency exhibit pronounced fragmentation, lack
geological lateral continuity, and struggle to characterize
the fine boundaries of thin reservoirs. In contrast, 2D TF
slices simultaneously capture complete spectral evolution
patterns at specific moments and within their adjacent
temporal windows. SHAP analysis (Figure 13B) further
confirms, from an attribution perspective, that the model’s
gas-bearing classification heavily depends on the energy
distribution ratio within the narrow time window from
T, — 2 to T, + 2. This cross-dimensional spatiotemporal
coupling characteristic cannot be expressed by 1D
attributes and constitutes the key physical prerequisite for
achieving high-precision identification of complex thin
reservoirs.

4.3. Comparison of learning paradigms

When addressing the challenge of sparse labeling, the
proposed MR-SSGAN demonstrates greater endogeneity
and robustness compared to data augmentation, which
depends on manually generated samples®?* or transfer
learning'***, which relies on external source domain
knowledge. Although the data augmentation strategy
(Figure 15A) enhances coverage, its predicted profiles
are often accompanied by false positive indications
of questionable geological plausibility and are highly
dependent on the quality of generated pseudo-samples.
Transfer learning (Figure 15B) focuses on sweet-spot
regions, yet suffers from weak continuity representation in
inter-well areas due to domain differences between source
and target domains.

In contrast, MR-SSGAN achieves end-to-end knowledge
extraction by directly mining the distributional manifold
of vast unlabeled data within the target field area. Its
predictions strike a favorable balance between smoothness
in macro-trends and focus on local details (Figure 12D).
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Figure 13. SHapley Additive exPlanations analysis of the manifold-regularized generative adversarial network on real seismic data
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Figure 14. Gas-bearing reservoir prediction probability of the manifold-regularized generative adversarial network based on different one-dimensional
instantaneous frequency inputs from real seismic data: (A) continuous wavelet transform, (B) short-time Fourier transform, (C) wavelet synchrosqueezing

transform, and (D) Fourier-based synchrosqueezing transform

Figure 15. Gas-bearing reservoir prediction probability using (A) a dual-branch spatio-temporal fusion model with data augmentation and (B) an efficient

transformer model with transfer learning

This semi-supervised paradigm, which directly acquires
prior information from the target domain’s topological
geometric features, not only reduces reliance on external
training datasets but also enhances the algorithm’s
generalizability in highly heterogeneous environments.
Future exploration of embedding small quantities of high-
quality augmented data into the semi-supervised training
process holds promise for further improving the intelligent
evaluation efficiency of complex reservoirs.

5. Conclusion

This study proposes an intelligent detection framework
that incorporates the STFT-based FSST, MR-SSGAN,
and SHAP analysis to address core challenges in gas
content identification within complex reservoirs, namely
scarce labeled samples, significant environmental noise
interference, and opaque model decision-making. This
paradigm shows strong prediction advantages in both
synthetic models and real seismic data. Under extreme
label scarcity (5% labeled samples), the SSL technique and
manifold-regularization constraint improved accuracy
by 18.8% and 5.0%, respectively (with simultaneous

significant gains in F1 scores). Ablation experiments
show that 2D TF coupled information better describes
transient dynamic anomaly responses in thin reservoirs
than 1D transient features. Furthermore, unlike transfer
learning, which relies on external previous information
or data augmentation using artificial rules, the proposed
semi-supervised architecture recovers latent distributional
patterns directly from real seismic data. This demonstrates
higher generalization capacity when dealing with low SNR
settings, such as deep marine reservoirs in the Sichuan
Basin. Further SHAP analysis demonstrates that the
MR-SSGAN model adapts its decision logic based on data
context, shifting from tuning-effect-driven in synthetic
data to absorption-attenuation—driven in real data. This
capability not only verifies the model’s ability to capture
true physical principles but also aligns its decision-making
process with conventional rock physics theories. This
considerably improves the dependability of data-driven
strategies in high-risk decision-making for oil and gas
exploration.

Looking ahead, research may deepen in two directions:
first, introducing automatic optimization algorithms—
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such as particle swarm optimization or Bayesian
optimization—for adaptive tuning of key parameters to
further enhance the framework’s generalizability; second,
integrating advanced architectures like Transformers with
multi-source physical information to uncover deeper
sensitivity patterns, ultimately constructing a more precise
and reliable intelligent evaluation system for hydrocarbon
exploration.
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