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Abstract

Ultra-deep hydrocarbon formations in northwestern China are critical exploration targets,
but their reported measured depths (MD) exceeding 6700 m, low exploration degree, and
extremely sparse well control restrict efficient hydrocarbon exploration. Member-level
cumulative sandstone thickness provides a measure of sandstone abundance within a
stratigraphic member. Conventional methods face difficulties in representing nonlinear
relationships between seismic data and cumulative sandstone thickness under sparse
well control. To address these problems, this study proposes a CNN-based seismic multi-
attribute fusion method for cumulative sandstone thickness prediction in ultra-deep, sparse
well areas. Six model inputs were selected empirically with reference to attribute-thickness
and inter-attribute Pearson correlations. A geological continuity-constrained augmentation
strategy constructs 15 x 15 X 6 multi-channel input patches. The additional patches inherit
existing well-member labels and do not add independently measured thickness values.
For six well-member units from ss1/wtl, averaging the nine patch predictions for each
unit gives MAE = 3.51 m, RMSE = 4.42 m, MSE = 19.51 m?, and R? = 0.7653. These are
descriptive results from only two wells whose labels also informed model selection; they
do not establish independent predictive accuracy or spatial generalization. A preliminary
interpretation of the predicted thickness patterns, based on the regional geological setting,
suggests westward progradation and eastward retrogradation associated with fan delta
and braided river delta systems. Areas with predicted cumulative sandstone thicknesses of
30-60 m in interpreted delta front zones are considered potentially favorable exploration
targets requiring further petrophysical evaluation. This case study presents a workflow for
cumulative sandstone thickness prediction in the studied ultra-deep, well-sparse area; its
spatial generalization and applicability beyond the evaluated dataset remain unestablished.

Keywords: cumulative sandstone thickness prediction; convolutional neural network; seismic
multi-attribute fusion; ultra-deep reservoir; sparse well control; reservoir characterization

1. Introduction

Ultra-deep hydrocarbon resources have become a major frontier for global oil and
gas exploration. With the gradual depletion of shallow and medium-depth resources,
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exploration has increasingly shifted to ultra-deep strata, which possess enormous resource
potential but face severe challenges including complex diagenesis, strong reservoir het-
erogeneity, extreme burial depth, low exploration degree, and extremely sparse well con-
trol [1-3]. These conditions lead to great difficulties in reservoir characterization, especially
in quantitative prediction of sand body distribution and thickness [4].

Member-level cumulative sandstone thickness can inform geological interpretations
of depositional conditions, provenance supply, and sedimentary-system evolution [5-7].
In continental sedimentary systems, thick sand bodies developed in fan delta fronts or
braided river delta fronts may be favorable exploration targets [8,9]. Sandstone thick-
ness and depositional setting alone are insufficient to establish reservoir quality, which
requires independent assessment of petrophysical properties such as porosity and perme-
ability. Therefore, accurate prediction of member-level cumulative sandstone thickness is
of great significance for identifying potentially favorable exploration zones, optimizing
well locations, and improving exploration success rates.

However, under ultra-deep and sparse well-control conditions, traditional prediction
methods are limited by low accuracy, weak generalization, and strong non-uniqueness.
Single seismic attributes cannot fully reflect complex geological conditions and often lead
to one-sided interpretations [10,11]. Linear multi-attribute fusion ignores multicollinearity
and nonlinear relationships, leading to unstable predictions and low reliability [12,13].
Seismic inversion is limited by seismic resolution and non-uniqueness of solutions, and
cannot effectively characterize nonlinear relationships between seismic responses and
cumulative sandstone thickness [10,14].

In recent years, machine learning and deep learning methods have been widely applied
in geophysical prediction and reservoir parameter evaluation driven by seismic data [15].
Convolutional neural networks (CNNs) are particularly suitable for seismic data processing
because they can capture spatial features and nonlinear correlations [16-19]. However, most
CNN models require large-scale labeled datasets, which are scarce in ultra-deep frontier
exploration areas [20,21]. The use of data augmentation in this setting requires explicit
geological assumptions and consideration of dependence among generated samples. These
limitations motivate examining workflows for cumulative sandstone thickness prediction
under sparse well control. Tian et al. [22] also pointed out that deep learning models
integrating multi-dimensional geological constraints can significantly improve the stability
and accuracy of reservoir parameter prediction in low-data environments.

To examine an approach under these constraints, this study proposes a CNN-based
seismic multi-attribute fusion method integrated with a geological continuity-constrained
small-sample augmentation strategy. The main contribution is the integration of neigh-
borhood augmentation based on a local sand-body connectivity assumption with multi-
attribute CNN prediction of cumulative sandstone thickness under sparse well control.
Empirical attribute selection informed by Pearson correlations and the dual convolutional
block CNN serve as established methodological components supporting this workflow.
Neighboring samples inherit the thickness label of their source well and member as an
approximation, since connectivity alone does not guarantee constant thickness. The work-
flow is examined as a case study in the available ultra-deep, sparsely drilled study area.
Because the evaluation wells also informed model selection, the results do not establish
independent predictive accuracy or spatial generalization.

2. Geological Setting and Data
2.1. Tectonic and Sedimentary Setting

The study area is a typical ultra-deep hydrocarbon-bearing sag in northwestern China,
located in the central depression zone of a large petroliferous basin [23]. The basin has
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a typical “north uplift, south gentle tilt” tectonic framework, with multi-stage tectonic
activities controlling sedimentary system development [24,25]. The target interval belongs
to a Permian clastic succession, which can be subdivided into three members according to
sedimentary cycles.

The depositional system is dominated by northwest provenance and supplemented
by northeast provenance, forming a fan delta—lacustrine-braided river delta sedimentary
assemblage. Sand bodies are mainly developed in the first and third members during
regressive stages, while the second member (transgressive stage) is dominated by mudstone
with relatively thin sand bodies. Previous exploration indicates hydrocarbon accumulation
in delta front sandstones, suggesting exploration potential. The hydrocarbon type in the
predicted target areas has not been established in this study. Areas with greater predicted
cumulative sandstone thickness are interpreted only as potentially favorable exploration
targets requiring independent verification.

2.2. Data Overview and Preprocessing
2.2.1. Seismic Data

Three-dimensional post-stack seismic data with a dominant frequency of approxi-
mately 30 Hz and a trace spacing of 25 m x 25 m were used. Seismic interpretation and
horizon calibration were completed using Petrel (version 2022). An extraction window
extending from 10 ms above the target-member top horizon to 10 ms below its bottom
horizon was used to extract 12 seismic attributes related to amplitude, frequency, and
energy [26-29]. Trace spacing describes lateral sampling rather than vertical resolution. An
approximate quarter-wavelength benchmark for vertical bed separation is v/(4f), where v
is the target-interval P-wave velocity, and f is the dominant frequency [10]. Target-interval
P-wave velocity data are available but confidential; their values are not disclosed, so no
numerical resolution estimate is reported here. Effective resolution also depends on seismic
bandwidth, wavelet shape, and signal-to-noise ratio. The cumulative sandstone thicknesses
for Member 3 range from 21 to 58 m and represent summed sandstone interval lengths
along the logged well-depth axis, rather than individual-bed vertical thicknesses. Limited
bandwidth and thin-bed interference may therefore constrain thickness prediction. The
CNN estimates member-level cumulative sandstone thickness from seismic attributes and
well labels; its reported accuracy does not demonstrate that individual thin-bed boundaries
are resolved.

2.2.2. Well Data

Eight wells with gamma-ray (GR), acoustic, and density logs were used. The reported
depth of more than 6700 m refers to measured depth (MD), the distance along the wellbore,
rather than true vertical depth (TVD) or true vertical depth below sea level (TVDss). MD
alone does not establish source-rock thermal maturity or hydrocarbon-generation stage.
Core data were available for all eight wells and covered all three target members of the
Fengcheng Formation. Sandstone intervals were identified using a uniform GR < 80 API
criterion across all wells and target members, with core observations used for lithologic
calibration. This cutoff was used as a study-specific sandstone-identification criterion.
The prediction target was the cumulative sandstone thickness within each member of the
Fengcheng Formation, calculated by summing the lengths of all interpreted sandstone
intervals along the logged measured-depth (MD) axis. Thus, multiple sandstone layers
within a member contribute to one thickness label. This lithological total does not represent
the thickness of a single sand body or net hydrocarbon pay. Core observations confirm
thick sandstone with good sorting, consistent with log interpretation. For Member 3, the
eight wells have cumulative sandstone thicknesses of 21-58 m, with a mean of 40.5 m. Core
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analysis shows that the sandstones are characterized by good sorting and low mud content
(<10%), consistent with logging interpretation results. The exact coordinates of the eight
wells are not disclosed because of confidentiality restrictions. The CNN predictions com-
plement geological interpretation and do not replace well logging or drilling observations.

3. Methodology
3.1. Overall Workflow
The overall workflow includes four steps (Figure 1):

e  Seismic attribute extraction and empirical selection informed by Pearson correlation
analysis.

) Data preprocessing (normalization, invalid-data screening, spatial matching);

e  Sample construction and augmentation (neighborhood sampling and spatial interpolation);

e  CNN model training, joint validation/model selection and evaluation, and cumulative
sandstone thickness prediction.
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Figure 1. Workflow of CNN-based cumulative sandstone thickness prediction, including seismic
attribute selection, well-log and core calibration, sample construction, model training, and evaluation.
The two-well evaluation subset also supplies the labels used for early stopping and selection of the
restored weights; it is not an independent final test set.

3.2. Seismic Attribute Selection

Pearson correlation coefficient () was used to quantify the linear relationship between
the 12 extracted seismic attributes and cumulative sandstone thickness, as well as the
mutual correlation among seismic attributes [30]. Attribute-thickness and inter-attribute
correlations were calculated from matched observations from all eight wells across the
three members, including ss1 and wtl. The ss1/wtl thickness labels therefore contributed
to attribute selection, which was not confined to the six training wells. The correlation
coefficients between the 12 candidate seismic attributes and cumulative sandstone thickness
are presented in Table 1, while the pairwise correlations among the six selected seismic
attributes are shown in Table 2. The two tables provide descriptive correlations that
informed the empirical selection of the six-attribute input set. No fixed numerical exclusion
threshold or formal mathematical optimization was applied. The empirical input set
comprised six seismic attributes: root mean square amplitude (RMS, r = 0.790), amplitude
asymmetry (AA, r = 0.788), energy half-time (EHT, r = 0.721), maximum absolute amplitude
(MAA, r = 0.637), average absolute amplitude (AAA, r = 0.438), and total energy (TE,
r = 0.287). Total energy (TE) was retained empirically as an energy-related descriptor
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within the six-attribute input set, despite its lower correlation with cumulative sandstone
thickness (r = 0.287) and its correlation with MAA (r = 0.6469). The independent predictive
contribution of TE has not been established. Pairwise correlation was used as a preliminary
assessment of linear redundancy, rather than as a complete multicollinearity diagnosis. As
an additional descriptive diagnostic, approximate variance inflation factors (VIFs) were
derived as the diagonal entries of the inverse of the six-attribute correlation matrix in
Table 2. This matrix was calculated from the same complete paired observations from eight
wells across the three members. Using the rounded coefficients reported in Table 2, the
approximate VIFs are 2.25 (RMS), 1.68 (AAA), 2.22 (MAA), 1.76 (TE), 1.19 (AA), 1.19 (EHT).
These estimates were derived from rounded coefficients rather than recalculated from raw
attribute data, and their precision is limited by rounding. They provide an approximate
descriptive check of linear redundancy in the existing input set, not a diagnostic confined
to the training data or evidence of an optimal attribute combination. They do not establish
the absence of nonlinear dependence or independent predictive contributions of individual
inputs. These six attributes describe amplitude and energy characteristics and were used
as the input parameters for the subsequent CNN model.

Table 1. Pearson correlation coefficients between the 12 candidate seismic attributes and cumulative
sandstone thickness, using matched observations from all eight wells, including ss1 and wtl.

Seismic Attribute Name Correlation Seismic Attribute Name Correlation Seismic Attribute Name Correlation
Root Mean Square 0.790 Energy Half-Time 0.721 Average Instantaneous Phase 0.016
Average Absolute Amplitude 0.438 Amplitude Asymmetry 0.788 Average Trough Amplitude 0.177
Maximum Absolute . . .
: 0.637 Average Reflection Strength 0.221 Amplitude Kurtosis —0.013
Amplitude
Total Energy 0.287 Total Absolute Amplitude 0.079 Average Energy 0.100

Table 2. Pairwise Pearson correlation coefficients among the six selected seismic attributes, using
matched observations from all eight wells, including ss1 and wtl.

Correlation RMS AAA MAA TE AA EHT
RMS 1.0000 \\ A\ A\ A\ A\
AAA 0.5938 1.0000 \\ \\ \\ \\
MAA 0.5405 0.3070 1.0000 \\ \\ \\

TE 0.4183 0.2858 0.6469 1.0000 \\ \\
AA 01780  —0.1131  0.2398 0.1002 1.0000 \\
EHT —0235  —02121 00955  —0.0126  0.1767 1.0000

3.3. Data Preprocessing

Data quality directly determines the reliability and upper limit of model performance.
To ensure the representativeness and consistency of input attributes, multiple seismic
attribute datasets were subjected to unified preprocessing and calibration procedures. Each
seismic attribute was linearly mapped to [0, 1] using its minimum and maximum values
over the study-area seismic attribute data. The same global ranges were used for training
and evaluation inputs; the normalization parameters were not estimated exclusively from
the six training wells. The scaling parameters depend on seismic input values rather than
measured thickness labels, but their use of full-study-area extrema means that normal-
ization was not isolated from the evaluation inputs. This scaling places attributes with
different numerical ranges on a comparable scale. Data quality control identified runs of
more than seven consecutive null entries, and the corresponding invalid data points were
excluded. Nearest-neighbor interpolation was used to fill the resulting gaps and other
missing attribute values. The number of excluded data points and interpolated values was
not quantified, which limits quantitative auditing of preprocessing. Generated patches
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were subsequently screened using the criterion for the proportion of filled grid points
described in Section 3.4.

Well-based cumulative sandstone thickness values were spatially matched with the
extracted seismic attributes at the well locations. Table 3 presents the matched Member
3 data for the eight wells as an example, including cumulative sandstone thickness and
the six selected seismic attribute values for each well. The matched observations form the
original labeled data for subsequent model training and sample augmentation.

Table 3. Cumulative sandstone thickness (CST) and matched seismic attributes for Member 3. CST is
reported in m.

Drill Name CST (m) RMS TE EHT MAA AAA AA
ttl 55 0.083429 0.020677 0.100596 0.55761 0.399958 0.299303
sp7 30 0.279489 0.102259 0.328779 0.622858 0.468999 0.230848
zjl 42 0.255927 0.106639 0.250034 0.556084 0.511522 0.243853
zsl 37 0.202685 0.142597 0.255966 0.650056 0.367327 0.285335
ztl 58 0.179794 0.049181 0.249237 0.617047 0.502321 0.143242
zt2 29 0.136759 0.072055 0.14626 0.658876 0.268594 0.476189
ssl 52 0.116974 0.104251 0.126048 0.65758 0.426675 0.875388
witl 21 0.25441 0.064773 0.338941 0.540764 0.532436 0.148454

3.4. Small-Sample Augmentation Strategy

The computational workflow was implemented in Python (version 3.9.18), using
TensorFlow (version 2.10.0), NumPy (version 1.26.4), pandas (version 2.3.2), SciPy (version
1.13.1), and scikit-learn (version 1.6.1). A geological continuity-constrained augmentation
strategy was proposed (Figure 2). Neighborhood sampling and spatial interpolation were
used under a local sand-body connectivity assumption. This assumption provides the basis
for assigning the well-center thickness to neighboring locations within the same member.
For each well and member, a 3 x 3 set of sampling centers comprised the well center and
eight neighboring locations. Adjacent centers were separated by three sampling steps along
each sampling direction, corresponding to the physical separation of 30 m shown in Figure 2.
Seismic attribute features were extracted around each sampling center, and all nine locations
for a given well and member were assigned the cumulative sandstone thickness label at the
well center, providing the thickness labels for the augmented samples. Each sample retained
its source-well and member identity. These augmented inputs were derived from eight
source wells and do not represent 216 independent well observations. The inherited label is
an approximation: connectivity does not guarantee constant thickness, and the assumption
may fail near faults, facies boundaries, or rapid thickness changes. Neighboring patches
may share thickness labels and overlapping seismic information. As specified in Section 3.6,
all samples derived from a source well belong exclusively to one subset. This keeps source-
well membership distinct between the training and joint validation/evaluation subsets, but
does not remove dependence among neighboring samples or make the final evaluation
independent of model selection. Subsequently, an image-patch generation method based
on spatial interpolation was applied. Using the griddata function from the SciPy library
(version 1.13.1), each sampling center was used to construct a 15 x 15-pixel image patch
with six seismic attribute channels (15 x 15 x 6). The 3 x 3 layout defines the sampling-
center locations, whereas 15 x 15 defines the pixel grid within each patch. For blank
regions at the boundaries, the mean values of neighboring data points were used for filling.
Finally, patches were screened using the proportion of filled grid points. This proportion
was defined as the number of originally missing grid points that received filled values
divided by the 225 grid points in a 15 x 15 patch. It was calculated after missing-value
filling by counting the points that had been filled, rather than the remaining missing entries.
Patches with this proportion below 0.3 were retained, meaning that fewer than 30% of their
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grid points had received filled values. The final dataset comprised 216 patches after this
screening (eight wells x three members x nine neighborhood samples). A typical multi-
channel sample example is displayed in Figure 3. The augmentation increases the number
of local input patches without adding independently measured thickness labels.
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Figure 2. Schematic diagram of geological continuity-constrained small-sample augmentation.
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Figure 3. Example of 15 x 15 x 6 multi-channel training samples constructed from empirically
selected seismic attributes. The star marks the well location.

3.5. CNN Model Architecture

The CNN model was designed to capture spatial structural features of seismic at-
tributes, with a dual convolutional block architecture (Figure 4):
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Figure 4. Architecture of the proposed dual convolutional block CNN model.

° Input layer: 15 x 15 x 6 multi-channel seismic attributes (normalized to [0, 1] to
eliminate dimensional differences);

e  Convolutional Block 1: Two 3 x 3 convolutional layers (32 kernels each) with ReLU
activation, followed by 2 x 2 max-pooling (downsampling to 7 x 7) and dropout
(rate = 0.2);

e  Convolutional Block 2: Two 3 x 3 convolutional layers (64 kernels each) with ReLU
activation, followed by 2 x 2 max-pooling (downsampling to 3 x 3) and dropout
(rate = 0.3);

e  Fully connected layers: Flattened 3 x 3 x 64 features (576 dimensions) — 64-dimensional
vector (ReLU activation, dropout rate = 0.4) — 1-dimensional output (member-level
cumulative sandstone thickness);

e  Loss function: Mean squared error (MSE); Optimizer: Adam (learning rate = 0.001, batch
size = 32, maximum epochs = 100). The learning rate, batch size, dropout rates, and
network architecture were set empirically, without a systematic hyperparameter search.

The model extracts multi-scale spatial features, with dropout used for regulariza-
tion. Early stopping monitored validation MSE (val_loss) and stopped training after
10 consecutive epochs without improvement (patience = 10). The weights from the epoch
with the lowest validation MSE were restored (restore_best_weights = True). Training
stopped before reaching the 100-epoch limit. The same 54 patches from ss1 and wtl formed
the subset used jointly for validation/model selection and evaluation. Their labels informed
the stopping epoch and selection of the restored weights. No separate validation subset
or untouched final test set was used. The well-member-level assessment described in
Section 3.6 uses these same source wells and does not constitute an independent final-test
evaluation. Detailed network parameters are shown in Figure 5.

Flatten

ConV ConV ConV ConV
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MaxPool MaxPool
DropOut Dropout Dropout
— Dense
f o
J 1
02 03 04
Output:cumulative sandstone
7x7x32 Seaees thickness
7

64

15%15%6 15%15%32 15%15%32 x7%64 Tx7%64

Input: 2D seismic attributes

576

Figure 5. Detailed configuration and parameter settings of the CNN model.

3.6. Model Evaluation Indicators

Four statistical indicators were used to evaluate model performance [6]:
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e  Mean Absolute Error (MAE): Measures the mean absolute prediction error, reported
in m.

e  Mean Squared Error (MSE): Measures the mean squared prediction error, reported in
m? and sensitive to large errors.

e  Root Mean Squared Error (RMSE): The square root of MSE, reported in m, with greater
sensitivity to large errors than MAE.

e  Coefficient of Determination (R?): A dimensionless measure of agreement between
predicted and observed values within the evaluated dataset, interpreted in the context
of the dataset’s size and independence.

The dataset was partitioned by source well into a training subset and a subset used
jointly for validation/model selection and evaluation. Wells ttl, sp7, zjl, zsl, zt1l, and
zt2 were assigned to training, giving six training wells (75%), while ss1 and wtl formed
the joint validation/evaluation subset, giving two evaluation wells (25%). All samples
from a given well, including all three members and the nine neighborhood samples per
member, belonged exclusively to the same subset. Each well contributed 27 patches,
yielding 162 training patches and 54 patches in the joint validation/evaluation subset.
Source-well membership determined the allocation; individual patches were not randomly
assigned across the two subsets. The ss1/wt1 labels supplied the validation MSE monitored
during early stopping and informed selection of the restored model weights. No separate
validation subset or untouched final test set was used. Thus, grouping by source well
does not make this evaluation independent of model selection, and the reported well-
member-level metrics summarize predictions derived from the reused ss1/wtl subset. The
source-well split did not isolate attribute selection or normalization from the evaluation
data (Sections 3.2 and 3.3).

For the descriptive evaluation reported here, the nine patch predictions belonging to
each well and member are averaged to obtain one predicted cumulative sandstone thickness.
This mean is paired with the corresponding measured thickness label from the central well.
The 54 patches therefore yield six well-member pairs (two wells x three members), rather
than 54 independent geological observations. MAE and MSE are calculated from the six
differences between mean predicted and observed thickness; RMSE is the square root of
this MSE. R? is calculated using the summed squared errors of these six pairs relative to the
summed squared deviations of their observed values from the six-value observed mean.
All six units receive equal weight. These reported metrics are distinct from the patch-level
validation MSE used during early stopping. The six units are clustered within two wells
and are not assumed to be statistically independent. Given the small, reused dataset, R? is
interpreted in the context of the number and dependence of the evaluated units, without
applying a universal performance threshold. Interpretation emphasizes MAE, RMSE, and
direct observed—predicted comparisons.

4. Practical Application and Results
4.1. Model Performance Evaluation

As described in Section 3.6, six wells supplied the training subset, and ss1/wtl sup-
plied the subset used jointly for validation/model selection and evaluation. Table 4 presents
observed cumulative sandstone thickness, the mean of the nine patch predictions, and the
corresponding error for each of the six well-member units. These units are clustered within
two wells; the 54 patches do not represent 54 independent geological observations.

Across the six displayed pairs, MAE = 3.51 m, RMSE = 4.42 m, MSE = 19.51 m?2, and
R? = 0.7653. The largest absolute error is 9.156 m for wt1 Member 3 (observed 21 m; mean
predicted 30.156 m); the other five absolute errors range from 1.017 to 3.568 m. These
values are descriptive summaries of the six pairs, and R? should be interpreted cautiously
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because the units are few and clustered within only two wells. The same source-well labels
also informed early stopping and selection of the restored weights. Aggregation does not
remove this reuse: the results do not constitute an independent final test or establish spatial
generalization.

Table 4. Observed and mean predicted cumulative sandstone thickness for the six well-member units.

Observed Mean Predicted

Well Member Thickness (m) Thickness (m) Error (m)
witl Member 1 39 42.568 +3.568
witl Member 2 34 36.132 +2.132
witl Member 3 21 30.156 +9.156
ssl Member 1 39 37.983 —1.017
ssl Member 2 36 37.686 +1.686
ssl Member 3 52 48.524 —3.476

wtl and ss1 denote wantanl and shashenl, respectively. Each mean prediction averages nine patches
sharing the central-well thickness label. Error is the predicted mean minus observed thickness;
positive values indicate overprediction.

4.2. Predicted Cumulative Sandstone Thickness Distribution
4.2.1. Distribution Across the Three Members

The CNN predicts member-level cumulative sandstone thickness. The thickness maps
show spatial variation in this cumulative quantity; they do not delineate the boundaries or
three-dimensional geometry of individual sand bodies. The depositional stages, facies, and
evolutionary processes discussed in Sections 4.2, 4.3 and 5.1 are preliminary interpretations
of these thickness patterns in the regional geological context described in Section 2.1; they
are not direct CNN outputs and have not been independently verified. Member 1 (Initial
transgressive stage): Predicted cumulative sandstone thicknesses of 25-50 m occur over
broad areas, with tongue-shaped or wedge-shaped spatial patterns (Figure 6¢). Within this
geological context, tectonic activity and multiple sediment sources are interpreted to have
favored fault-controlled fan deltas.

(a)

(b)

memberl

Figure 6. Predicted cumulative sandstone thickness distributions for the three target members:
(a) Member 3; (b) Member 2; (c¢) Member 1. The shared color scale shows predicted cumulative
sandstone thickness (m).
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Member 2 (Peak transgressive stage): Predicted cumulative sandstone thickness has
values of 15-30 m (Figure 6b), interpreted in the regional evolutionary context as corre-
sponding to peak lake level and expanded deep-water areas. Areas with greater predicted
cumulative sandstone thickness are tentatively attributed to transport through subaqueous
distributary channels.

Member 3 (Regressive stage): The predicted cumulative sandstone thickness pattern
(30-60 m; Figure 6a) is tentatively interpreted as westward progradation and eastward
retrogradation. Southward migration of the sedimentary center and multi-stage lobe devel-
opment along the northwest steep slope are interpretations within the regional evolutionary
context, rather than direct model predictions.

4.2.2. Lateral Distribution Characteristics

Predicted cumulative sandstone thickness shows a “thicker in west and north, thinner
in east and south” pattern (Figure 6). In this preliminary facies interpretation, the northwest
is assigned mainly to fan delta plain and front facies (predicted cumulative thickness of
40-60 m), the northeast to braided delta front facies (30—45 m), and the central and eastern
areas to littoral-shallow lacustrine and semi-deep lacustrine facies (<25 m).

4.3. Potentially Favorable Exploration Zones

Areas with predicted cumulative sandstone thicknesses of 30-60 m in interpreted delta
front zones are considered potentially favorable exploration targets (Figure 7). Predicted
thickness and depositional setting alone do not establish porosity, permeability, or reservoir
quality. Independent porosity and permeability data are needed to evaluate reservoir
quality in these zones.

Fan delta plain Semi-deep lacustrine Exploration well location
Fan delta front Braided river delta front Fluvial channel

Littoral-shallow lacustrine Braided river delta plain 3D survey area

Figure 7. Preliminary interpretation of sedimentary distribution and potentially favorable exploration
zones from predicted cumulative sandstone thickness patterns.

5. Discussion
5.1. Geological Interpretation of Cumulative Sandstone Thickness Patterns

Within the regional geological framework described in Section 2.1, the predicted
spatial distribution of cumulative sandstone thickness within the Fengcheng Formation
members is tentatively interpreted in relation to three factors:
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e  Tectonic setting: The “north uplift, south gentle tilt” framework may influence prove-
nance direction and sedimentary center migration.

° Provenance supply: The northwest DBS Uplift is the main provenance, providing
abundant clastic material, while the northeast provenance supplements.

e  Lake-level fluctuations: Transgressive-regressive cycles are interpreted as influencing
vertical sand body development, with regressive stages favoring thick sand body
accumulation.

5.2. Methodological Comparison with Traditional Methods

Post-stack model-constrained acoustic impedance inversion estimates sandstone dis-
tribution through a well-calibrated relationship between lithology and acoustic impedance,
whereas single-attribute linear regression relates RMS to cumulative sandstone thickness.
The present CNN workflow combines multiple attributes and spatial input patches. Corre-
sponding well-member-level predictions from the two baseline methods are not available
for a comparison on the same six-pair basis; therefore, no quantitative advantage over these
methods is established here. The following comparison concerns methodological compo-
nents, whose individual predictive benefits have not been independently demonstrated:

e  Nonlinear modeling of the relationship between seismic attributes and cumulative
sandstone thickness.

e  Neighborhood augmentation of input patches under a geological continuity assump-
tion, without adding independently measured thickness labels.

e  Convolution operations that encode spatial patterns within multi-attribute seismic
patches. These components describe the workflow; the current evaluation does not
independently establish their predictive benefits or the superiority of the CNN.

5.3. Limitations and Future Work

The existing model is retained in this case study, and interpretation is restricted to the
jointly used dataset. The 54 patches from ss1 and wtl were used to monitor early stopping
and select the restored weights; the reported performance is now summarized using six
well-member mean predictions derived from those patches. No separate validation set
or untouched final test set was used. This reuse makes the reported metrics descriptive
results on a dataset used jointly for model selection and evaluation, and they may be
optimistic. They do not establish independent predictive accuracy, spatial generalization,
or an independently tested advantage over the baseline methods. No additional wells with
matched seismic attributes and measured cumulative sandstone thickness labels from the
Fengcheng Formation in the study area are currently available to us for external validation.
This data limitation does not resolve the lack of an independent final test.

Only eight source wells were available, and the six-well training subset and two-well
joint validation/evaluation subset provide limited geological coverage. Augmentation
increases the number of input patches without adding independently measured thickness
labels. Augmented patches from the same well and member share the original thickness
label and may contain overlapping seismic information; consequently, the 54 evaluation
patches do not represent 54 independent observations. Their aggregation yields six well—
member units clustered within only two wells, not six statistically independent wells or sites.
The direct comparisons and error magnitudes in Table 4 should be emphasized, and the
six-pair R? should be interpreted cautiously. Grouping all samples by source well prevents
the same well from contributing to both subsets, but spatial correlation among samples
may persist, and this grouping does not ensure independence from model selection.

Attribute selection used correlations from all eight wells, including the ss1/wt1 thick-
ness labels, while normalization used minima and maxima from the full study-area seismic
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attribute data. Thus, feature selection and preprocessing were not fully separated from the
data subsequently used for evaluation. The VIF values are approximate estimates from
rounded all-well correlations, not values recalculated from raw training data. Evidence
from with-versus-without TE comparisons or feature-importance analysis is not provided
here. Consequently, the incremental predictive contribution of TE and the optimality of the
six-attribute input set remain unestablished. The effects of these shared procedures on the
reported metrics have not been quantified.

Future independent evaluation should derive attribute selection, raw-data redun-
dancy diagnostics, and normalization parameters from training data, use well-grouped
validation for model selection, and reserve untouched wells for final testing with the fixed
preprocessing applied unchanged. Applicability beyond the evaluated dataset, including
areas with similar geological conditions, remains unestablished. Application to another
area requires independent validation and locally appropriate attribute selection and model
construction. Future work could examine structural constraints, diagenetic parameters,
and 3D CNN architectures through independent evaluation.

Limitations include sensitivity to strong tectonic deformation and incomplete consid-
eration of diagenesis. All exploration implications drawn from the predicted cumulative
sandstone thickness patterns are limited to identifying potentially favorable exploration
targets. Cumulative sandstone thickness alone does not confirm hydrocarbon presence,
type, or recoverability. No economic evaluation is presented in this study. Drilling and
operating costs require a separate assessment before commercial viability can be evalu-
ated. Quantitative evidence of well spacing and coverage of formation boundaries is not
provided here. Predictions in areas with limited well control, including any extrapolation,
should therefore be treated cautiously and independently verified using geological and
well observations.

6. Conclusions

(1) Six seismic attributes were selected empirically with reference to attribute-thickness
and inter-attribute correlations calculated from all eight wells. This input set was not
established through formal mathematical optimization.

(2) The geological continuity-constrained augmentation strategy expands the local seis-
mic input-patch set through neighborhood sampling. The additional patches in-
herit existing well-member labels and do not add independently measured thick-
ness values. An independent predictive benefit from augmentation has not been
established here.

(3) For the six well-member units from ss1/wtl, nine-patch mean predictions yield
MAE =3.51 m, RMSE = 4.42 m, MSE = 19.51 m?, and R? = 0.7653. These values de-
scribe only six units clustered within two wells whose labels also informed model
selection. R? should be interpreted cautiously; the results do not constitute an in-
dependent final-test evaluation, establish spatial generalization, or demonstrate a
quantitative advantage over the baseline methods.

(4) A preliminary interpretation of predicted thickness patterns in the regional geological
context suggests progradation and retrogradation, and areas with greater predicted
cumulative sandstone thickness in interpreted delta front zones are considered poten-
tially favorable exploration targets requiring petrophysical evaluation.

(5) This case study presents a CNN-based workflow for cumulative sandstone thickness
prediction under the available ultra-deep, sparse well-control conditions. Its predictive
accuracy at independent wells and applicability beyond the evaluated dataset remain
unestablished and require independent validation, together with attribute selection
and model construction adapted to local geology.
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