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1	 Introduction
Lacustrine carbonate reservoirs have attracted 
increasing at tent ion due to their  massive 

resource potential. Represented by the Qianjiang 
Depression in the Jianghan Oilfield, lacustrine 
carbonates develop a wide variety of complex 
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lithofacies types characterized by frequently 
alternating vertical mineral compositions and 
intense reservoir heterogeneity. Compared with 
marine carbonates, lacustrine carbonates are 
more significantly influenced by high-frequency 
fluctuations in the depositional environment. 
Their mineral assemblages exhibit rapid vertical 
variations at centimeter-to-meter scales, resulting 
in highly overlapping well logging responses and 
severe non-uniqueness. In addition, factors such as 
poor borehole conditions and instrument failures 
during actual logging operations frequently lead 
to missing or distorted logging curves(Kang et 
al., 2026),further exacerbating the difficulty of 
quantitative mineral content prediction. Accurate 
prediction of reservoir mineral compositions is not 
only the foundation for logging interpretation and 
reservoir evaluation, but also a critical prerequisite 
for petrophysical modeling, diagenesis research, 
and development plan formulation(Pothana and 
Ling, 2025; Guo et al., 2026).

Traditional mineral content prediction methods 
primarily rely on empirical formulas and multi-
variate statistical analysis. Traditional empirical 
equations and linear inversion methods struggle to 
characterize the complex non-linear relationships 
of coexisting multiple minerals(Guo et al., 2026) 
and heavily depend on subjective parameter 
assignments (Pothana and Ling, 2025). Meanwhile, 
point-to-point machine learning algorithms such as 
support vector machines and random forests (Pang 
et al., 2026), as well as deep learning methods 
(Haritha et al., 2025; Hussain et al., 2025), typically 
ignore the vertical contextual dependencies of well 
logging sequences along the depth direction(Sun et 
al., 2026). Although deep learning methods such 
as convolutional neural networks (CNNs) and 
long short-term memory (LSTM) networks have 
demonstrated advantages in feature extraction, the 

fixed receptive field of conventional CNNs limits 
their capacity to represent multi-scale sequence 
information, while standard LSTMs still face 
bottlenecks regarding gradient vanishing and 
computational efficiency when processing long 
sequences (Wu et al., 2024; Park et al., 2026). 
More critically, the vast majority of existing deep 
learning models treat mineral content prediction as 
a standard multi-output regression problem, directly 
applying the Softmax function in the output layer to 
normalize the concentrations of individual mineral 
components. However, mineral content is a typical 
form of compositional data subjected to closure 
constraints, meaning that the sum of all components 
must strictly equal 1. Mapping the outputs to a 
simplex space via the Softmax transformation 
introduces a forced negative correlation among 
components. This induces a severe "gradient 
vanishing" phenomenon during gradient optimi-
zation: when one component approaches 1, the 
gradients of the remaining components approach 
zero, hindering effective network parameter 
updates. This mathematical flaw not only degrades 
prediction accuracy but also prevents the reasonable 
integration of the physically vital density constraint 
equation, (where is the rock 
solid equivalent density, iV  is the volume fraction 
of the i -th mineral, and  is the grain density of the 
i -th mineral), into the model framework.

The aforementioned analysis indicates that 
existing methods suffer from critical deficiencies 
in three areas: deep sequence contextual mode-
ling, mathematical treatment of compositional 
data, and the integration of physical constraints. 
To address these limitations, this paper proposes 
a deep learning mineral prediction framework 
based on sliding-window deep contextual 
modeling and physical constraint fusion. This 
approach fully captures local contextual features 
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and depositional sequence information from 
well logging curves using a sliding window 
mechanism. Inspired by the concepts of Phys-
ics-Informed Neural Networks (PINNs) (Bodong 
et al., n.d.), petrophysical constraints such as 
the density conservation equation are embedded 
into the loss function to ensure the physical 
consistency of the predictions. Concurrently, 
a robust approximation of mineral component 
normalization is achieved through an output 
truncation strategy combined with a closure 
constraint loss term. Taking the lacustrine car-
bonate reservoirs in the Qianjiang Depression 
of the Jianghan Oilfield as the study object, this 
paper systematically validates the effectiveness 
of the proposed framework for mineral content 
prediction under complex lithofacies conditions.

2	 Methodology
To address the aforementioned limitations of 

traditional methods in deep sequence modeling, 
compositional data processing, and physical 

constraint integration, this paper constructs a 
deep learning mineral prediction framework that 
integrates sliding-window contextual modeling 
with physics-informed constraints. Using the 
preliminary predictions of a baseline tree model 
as auxiliary inputs, the framework extracts mul-
ti-scale contextual features of logging sequences 
via a Temporal Convolutional Network (TCN). 
Subsequently, it simultaneously achieves residual 
correction of mineral content and density physical 
constraints through dual output heads, ensuring 
that the prediction results possess both data-driven 
fitting accuracy and petrophysical consistency. 
The model takes a 3D tensor B C WX × ×∈  as input, 

where B is the batch size, W is the sliding window 
length, and C is the number of input feature 
channels. The feature channels are constructed 
by concatenating two parts: feat baseC C C= + , 
where featC  is the number of standardized original 

logging feature channels (including depth, natural 
gamma, deep/shallow laterolog resistivity, com-
pensated neutron, density, acoustic transit time, 

Figure 1.  Schematic diagram of the hybrid deep learning mineral prediction framework structure.
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caliper, photoelectric absorption cross-section 
index, and their cross-features), and 

baseC  is 

the number of preliminary prediction channels 
for each mineral component generated by the 
baseline tree model. The prediction results of the 
baseline model are concatenated with the original 
features as additional input channels, enabling the 
subsequent deep learning model to focus solely 
on learning the residual correction for the baseline 
predictions, thereby circumventing the complex 
process of learning the complete mineral-logging 
mapping from scratch. This hybrid architecture 
significantly reduces the fitting burden on the deep 
model and accelerates the convergence process.

The prediction results of the baseline model 
(LightGBM) are concatenated with the original 
logging features as additional channels. After the 
sequence features are extracted by the TCN, the 
residual correction and density physical constraints 
are accomplished separately through dual output 
heads. The construction of sliding windows is 
grouped by well to strictly maintain the continuity 
of intra-well sequences. At the boundaries of each 
well, when the center point of the window ap-
proaches the beginning or end of the sequence and 
the window cannot fully cover it, a mirror padding 
strategy is adopted—the portion of the window 
exceeding the sequence boundary is padded with 
a mirror reflection of the internal sequence data, 
ensuring that a complete window tensor can be 
generated for every depth sampling point.

This study employs a three-layer 1D-TCN 
architecture as the feature extractor. By setting the 
dilation factor { }1,1,2,2,4,4d ∈ , the final receptive 
field of the network is exponentially expanded to 
29 sampling points without increasing the number 
of parameters, thus fully covering the depositional 
sequence features within the sliding window, and 
symmetric padding is applied to maintain the 

consistency of the sequence dimensions.
Within each temporal block, the outputs of the 

two dilated convolutional layers, following batch 
normalization and ReLU activation, are added to 
the block’s input via a residual connection:

	 ( ) ( )( )o ReLU x x= +  � (1)
where ( )x  is the transformation path of the 

feature variable, in which the input signal sequen-
tially undergoes feature extraction by two layers of 
dilated convolutions, numerical scaling by batch 
normalization, and regularization constraints by a 
Dropout layer. ( )x  is the shortcut path of a 1×1 
convolution, used for dimensional alignment when 
the number of input channels and output channels 
is inconsistent. When the number of input and 
output channels is identical, ( )x . degrades to 
an identity mapping. The introduction of residual 
connections effectively mitigates the gradient 
decay problem in deep convolutional networks, 
allowing gradients to be directly propagated back 
to shallow layers via the shortcut path, thereby 
supporting the stable training of deeper networks.

The output of the TCN backbone network 
compresses the temporal dimension to 1 via global 
adaptive average pooling, and is subsequently 
mapped to the hidden feature space through a 
fully connected layer. Based on this, the model is 
equipped with two parallel output heads.

The first output head is the residual correction 
head, which outputs a D-dimensional vector (D 
is the number of mineral components) through a 
fully connected layer. After the output range is 
constrained by the tanh activation function, it is 
multiplied by a preset scaling factor α ( 0 1α< 

) 
for scaling:

	 ( )· r rtanh W s bα= +ä � (2)
Where s is the output of the fully connected 

hidden layer, and rW  and rb  are the weights and 

biases of the residual head. The final mineral 
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content prediction is the superposition of the 
baseline model prediction basev̂  and the residual 
correction amount, constrained to [ ]0,1  via a 

clamp operation:
	 ( )1ˆ̂ ,0,basev clamp v= + ä � (3)

The tanh activation restricts the correction 
amount to the range ( ),α α− , which, combined 
with the small scaling factor α, ensures that the 
TCN only applies minor fine-tuning to the baseline 
predictions, avoiding drastic deviations and 
guaranteeing prediction stability.

The second output head is the physically 
constrained density head, which outputs the 
density parameters of the D mineral components 
in parallel. Because mineral densities have explicit 
physical range constraints, the raw output of this 
head is mapped into the preset physical boundaries 

,min max
j jρ ρ    via a sigmoid function:
	 ( ) ( )ˆ ··min max min

j j j j j jw s bρ ρ ρ ρ σ= + − + � (4)

Where  is the sigmoid function, and  
and  are the physical density boundaries of 
the j -th mineral. This design enables the density 
parameters to be adaptively learned and adjusted 
during the training process while consistently 
satisfying physical feasibility constraints. The 
density balance equation constitutes the core of the 
physics-informed loss term:

	 � (5)

Combining the two output heads mentioned 
above, the total loss function is a weighted 
combination of the data-driven loss and the 
physics-constrained loss:

	 total data data phys phys··w w= +   � (6)
Where data  is the weighted mean squared error 

of the mineral content. The regulation of loss 
weights operates synergistically through a two-lay-
er mechanism: the first layer is a staged scheduling 
strategy based on cosine annealing, which 
smoothly and monotonically increases dataw  

from its initial value to its final value according 
to a cosine curve based on the training epoch t. 
Correspondingly, phys data1w w= −  decreases from a 
high value to a low value, achieving a progressive 
transition from “physics-constraint dominant in 
early training” to “data-fitting dominant in later 
stages.” The second layer involves a learnable 
uncertainty weight, which adaptively corrects the 
magnitude difference between the two losses by 
introducing a trainable log-variance parameter 

2logσ , avoiding optimization bias caused by the 
differing numerical scales of data  and phys .

3	 Experiments and Results Analysis

3.1	 Dataset construction and feature engineering
Experimental data were collected from five wells 
(W-1, W-2, W-3, W-4, and W-5) within the 
lacustrine carbonate strata of the study area, totaling 
16,648 depth sampling records. The prediction 
targets are three mineral component end-members: 
quartz-feldspar content ( Qtz+Felv ), carbonate 
mineral content ( Carbonv ), and clay mineral content 
( Clayv ), which satisfy the closure constraint 

Qtz+Fel Carbon Clay 1v v v+ + = .The input features 
consist of nine conventional logging curves, 
including GR, RD, RS, CNL, DEN, DTC, CAL, 
and PEF, as well as three physical cross-features 
(PEF×DEN, CNL×DEN, and GR×DEN) and the 
one-hot encoding of stratigraphic horizons, totaling 
15 dimensions. During the preprocessing stage, 
well W-5 was entirely excluded due to the complete 
absence of target mineral contents and was only 
involved in the auxiliary modeling for imputing 
missing CNL values. For the remaining four wells, 
after eliminating samples with missing target values 
or unfulfilled physical rationality ( solid 0ρ ≤  or 
exceeding the [ ]0.01 0.99,Q Q  range), a total of 14,104 
valid samples from wells W-1, W-2, W-3, and 
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W-4 were ultimately retained. After standardizing 
the data using RobustScaler, it was divided into a 
training set (12,693 records) and a validation set 
(1,411 records) at a ratio of 90%:10%.

The correlation analysis in Figure 2 demon-
strates that the input features and mineral targets 
possess clear petrophysical correspondence: 
DEN and PEF show strong positive correlations 
with carbonate rocks (r values of 0.63 and 0.45, 
respectively), while GR is strongly positively cor-
related with clay (0.58).Crucially, the correlation 
between the physical cross-feature PEF×DEN and 
carbonate minerals jumps to 0.68, significantly 
higher than that of single curves, proving the 

effectiveness of cross-features in amplifying the 
sensitive signals of specific minerals.

3.2	Model training parameters and evaluation 
metrics

The hybrid model adopts a two-stage training 
strategy: first, independent LightGBM regressors 
are trained for each mineral component to 
obtain baseline predictions; subsequently, the 
ResidualTCN model is trained to predict the 
residual correction amounts for the LightGBM 
outputs. The key training parameters are as 
follows: batch size of 512, learning rate of 3×10-4 
(Adam optimizer, weight decay of 10-4), maximum 

Figure 2.  Pearson correlation coefficient heatmap between input features and mineral targets.
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training epochs of 1000 (early stopping patience 
of 150), sliding window size of 21, and learning 
rate scheduling using ReduceLROnPlateau 
(decay factor of 0.5, patience of 30). The model 
converged stably after 1,000 training epochs, 
with the optimal validation loss appearing at the 
893rd epoch. The contrast baselines consist of two 
point-wise gradient boosting models: LightGBM 
(n_estimators=500, lr=0.05, max_depth=6) and 
CatBoost (iterations=500, lr=0.05, depth=6), 
both utilizing all 15-dimensional features without 
introducing sliding-window contexts. Utilizing 
point-wise inputs is the standard practice for 
tree models, whereas sequence contextual mod-
eling is an inherent advantage of deep learning 
architectures; the hybrid model did not surpass 
LightGBM in terms of R2, indicating that its core 
improvement stems from physical constraints 
rather than contextual information volume.

Figure 3 illustrates the evolutionary trajectories 
of six key metrics during the training process of 
the hybrid model. As shown in subplot (a), both 
the data MSE and the physics MSE exhibited a 
healthy trend of continuous decline as training 
progressed. Subplot (b) further demonstrates that 
the adaptive total loss for both the training and 
validation sets maintained stable convergence 
without divergence, which strongly confirms 
that no overfitting occurred throughout the entire 
training cycle. Regarding the execution of the 
dynamic optimization strategy, the previously de-
tailed weight scheduling mechanism is intuitively 
reflected in subplot (c), successfully guiding the 
data weight through a smooth transition from 0.3 
to 1.0. Accompanying this process, subplot (d) 
reveals the stable convergence states of the three 
dynamic density parameters within their physical 
boundaries, while subplots (e) and (f) record the 

Figure 3.  Visualization of the hybrid model training process. (a) Original MSE loss (logarithmic scale); (b) Adaptive 
total loss; (c) Weight scheduling curve; (d) Evolutionary trajectories of dynamic density parameters; (e) Homoscedastic 

uncertainty parameter; (f) Data/physics loss ratio.
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continuous decline of the homoscedastic uncer-
tainty parameter and the synchronous increase 
in the ratio of data loss to physics loss in tandem 
with weight scheduling, respectively. This series 
of detailed training dynamics fully indicates that 
the cosine annealing weight scheduling and the 
adaptive uncertainty mechanism produced highly 
efficient synergistic effects. This synergy not only 
drove the model to achieve an optimal balance 
between data fitting accuracy and petrophysical 
consistency but also enabled the physical prior 
information to gradually internalize into the deep 
inductive bias of the model’s predictions, rather 
than merely remaining as a superficial external 
penalty term.

This study employs three metrics to evaluate 
model performance: Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE), and 
Coefficient of Determination (R2). RMSE is sen-
sitive to large errors, and a lower value indicates 

a smaller overall dispersion of the predictions; 
MAE measures the average deviation magnitude 
linearly and is more robust to outliers; R2 measures 
the model’s ability to explain the variance of the 
target variable, with values closer to 1 indicating a 
higher degree of fitting.

3.3	 Comparative analysis of mineral composition 
prediction accuracy

Observing the comprehensive performance 
of each model on the validation set in Table 1  
reveals that conventional well logging data 
contain sufficient effective information for 
mineral content prediction. Among the purely 
data-driven baselines, LightGBM achieves the 
highest statistical accuracy. In contrast, the 
overall coefficient of determination of the hybrid 
model falls between the two baseline tree models, 
which is due to the strong regularization effect 
introduced by the physics-informed loss term. This 

Table 1.  Comparison of prediction performance across different models (R2 and RMSE).

Model Qtz+Fel R2 Qtz+Fel RMSE Carbon R2 Carbon RMSE Clay R2 Clay RMSE

LightGBM 0.8583 0.0452 0.8513 0.0450 0.8822 0.0267

CatBoost 0.8017 0.0534 0.7967 0.0526 0.8505 0.0301

Hybrid (LGB+TCN) 0.8368 0.0485 0.8360 0.0472 0.8713 0.0279

Figure 4.  Bar chart comparing R2 across different models for the three mineral components.
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mechanism directs the prediction trajectory toward 
a petrophysically consistent manifold space at the 
expense of minor purely statistical fitting metrics. 
(Figure 4.)

The bar chart in Figure 4 intuitively reflects the 
accuracy differences across models and compo-
nents. Among them, the carbonate component is 
the most difficult to predict; however, the hybrid 
model achieves a significant improvement over 
CatBoost for this component. Combined with the 
cross-scatter plot in Figure 5, it can be seen that 
although the overall R2 improvement is limited, the 
sequence contextual modeling of TCN effectively 
corrects local systematic deviations. Particularly in 
the high- and low-value regions of quartz-feldspar 
and clay, the hybrid model (blue scatter points) 
clusters more tightly along both sides of the 
ideal 1:1 reference line than the baseline model 
(green scatter points), confirming the corrective 
effect of contextual information on extreme value 
predictions.

3.4	Evaluation of physical constraints and 
petrophysical consistency

In quantitative mineral analysis, closure constraints 
and density consistency are the core metrics for 
evaluating the geological rationality of a model 
(Tables 2 and 3). Although the purely data-driven 
LightGBM achieved the highest R2, its closure 
consistency is the weakest (Table 2), which pro-
foundly reveals the trade-off contradiction between 
purely pursuing statistical fitting and petrophysical 
consistency in well logging inversion. The hybrid 
model performs best on the closure RMSE metric, 
with nearly 100% of the predicted values falling 
within a 5% deviation (Figure 6a).

F u r t h e r m o r e ,  b e c a u s e  t h e  t r a d i t i o n a l 
fixed-density scheme fails to adapt to the complex 
diagenetic alterations of lacustrine carbonates, 
the solid density (DEN_solid) prediction R2 of 
all baseline models fell into negative values 
(Table 3). The dynamic density optimization 
mechanism introduced in this study successfully 
breaks this deadlock, enabling the hybrid model to 

Table 2.  Evaluation of closure constraints for each model.

Model Closure Mean Closure Std. Dev. Closure RMSE Proportion of Δ < 5% (%)

LightGBM 1.0008 0.0189 0.0190 98.4

CatBoost 0.9996 0.0140 0.0140 99.6

Hybrid (LGB+TCN) 0.9981 0.0122 0.0124 99.7

Figure 5.  Cross-scatter plot of predicted versus measured values for the hybrid model.
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significantly reduce the density RMSE (a relative 
reduction of 73.3%, Figures 6b and 6c). Crucially, 
the carbonate equivalent density (2.638 g/cm³) 
obtained through the model’s adaptive learning 
is lower than the theoretical value of pure calcite. 
This highly aligns with the actual lithofacies 
characteristics of the lacustrine strata in the study 
area, which are influenced by detrital inputs and 
rich in argillaceous impurities, strongly confirming 
that the physical output head has captured true 
geological significance.

The above results confirm the dual advantages 
of the hybrid model in statistical accuracy and 
physical consistency, and indicate that physical 
cross-features and stratigraphic horizon encoding 
played a key role. However, the nonlinear contri-
butions of each input feature to the prediction of 
specific mineral components and their interactive 
mechanisms still require further analysis, which 

will be detailed in Chapter 4 through SHAP 
analysis in the discussion of model interpretability.

4	 Model Interpretability and Feature 
Contribution Analysis

Global feature attribution based on SHAP (Figures 
7 and 8) indicates that the model automatically 
evolved a feature-specific allocation mechanism: 
CNL×DEN and PEF×DEN suppressed pore fluid 
interference through nonlinear combinations, 
becoming the core for identifying the sandstone 
matrix and carbonates; meanwhile, DTC and 
GR×DEN relied on their sensitivity to hydration 
and high-gamma/low-density properties to influ-
ence the discrimination of clay components. This 
synergistic discrimination pattern perfectly matches 
known petrophysical response mechanisms.

Notably, Figure 8 shows that the hybrid model 
did not adopt a uniform global weight strategy, 

Table 3.  Evaluation of density consistency (DEN_solid).

Model RMSE (g/cm³) R2 MAE (g/cm³)

LightGBM（Fixed ρ） 0.1458 −4.083 0.1235

CatBoost（Fixed ρ） 0.1396 −3.662 0.1195

Hybrid（Fixed ρ） 0.1295 −3.009 0.1145

Hybrid（Dynamic ρ） 0.0390 0.636 0.0293

Figure 6.  Evaluation of physical constraint effectiveness. (a) Probability density distribution of the sum of mineral con-
tents; (b) Scatter plot of predicted versus measured DEN_solid (purple diamonds: hybrid model + dynamic density); (c) 

Bar chart comparing closure and density RMSE.
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but automatically evolved a feature-specific 
allocation mechanism: DTC serves as the core 
anchor for identifying clay, utilizing its sensitivity 
to compaction and clay hydration to achieve 
high-precision discrimination; CNL×DEN and PE-
F×DEN serve as the core discriminative features 
for quartz+feldspar and carbonate, respectively, 
fully utilizing the cross-coupled information of 
mineral physical responses. This differentiated 
allocation of internal weights is the key intrinsic 
reason why the model can simultaneously predict 
multiple components with high precision. The 
model does not rely on a single logging curve, but 
has learned a synergistic discrimination pattern 
among multiple logging parameters. The physical 
output head forces the model at the architectural 
level to adhere to 1iV∑ = . This strong constraint 
is objectively projected into the SHAP attribution 

space: when a certain feature drives an increase in 
the predicted value of one component, the model 
inevitably and synergistically suppresses other 
components to maintain total balance. This penalty 
mechanism is accurately captured by SHAP as 
a negative contribution. This confirms that the 
baseline model is not merely performing statistical 
fitting, but is executing strict decision logic within 
the physically constrained manifold space.

5	 Discussion

5.1	Petrophysical implications
The prediction of well logging mineral content 
is essentially a compositional data analysis 
problem constrained by closure effects. Through 
a physics-informed loss and output truncation, the 
proposed model achieves a robust closure approx-

Figure 7.  SHAP feature importance analysis of the LightGBM baseline model.

Figure 8.  Normalized heatmap of SHAP feature importance for the three mineral components.
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imation (with a closure RMSE of only 0.0124), 
circumventing the fundamental mathematical flaw 
of treating the three major mineral components 
as independent regression targets. Furthermore, 
the dilated causal convolutions of the TCN 
structurally align with the hierarchical nesting of 
sedimentary microcycles, equipping the model 
with the ability to distinguish whether “high den-
sity originates from carbonate minerals” or “high 
density merely reflects physical compaction.”

In typical saline lacustrine basins such as the 
Qianjiang Depression in the Jianghan Basin, 
the mineral assemblages of lacustrine tight 
carbonates alternate rapidly in the vertical 
direction at centimeter-to-meter scales (Pothana 
and Ling, 2025)particularly in hydrocarbon 
exploration, CO2 sequestration, and geothermal 
energy development. Current techniques, such as 
multimineral petrophysical analysis, offer details 
into mineralogical distribution. However, it is 
inherently time-intensive and demands substantial 
geological expertise for accurate model evalua-
tion. Furthermore, traditional machine learning 
techniques often struggle to predict mineralogy 
accurately and sometimes produce estimations 
that violate fundamental physical principles. To 
address this, we present a new approach using 
Physics-Integrated Neural Networks (PINNs. Such 
deep-seated rocks develop rigid frameworks, and 
their pore evolution and compaction behaviors 
are primarily controlled by intense diagenesis. 
This causes empirical models based on the normal 
compaction trend (NCT) of clastic rocks to 
completely fail in these scenarios. The proposed 
framework discards the reliance on empirical 
compaction assumptions and directly embeds the 
law of density conservation into the network as 
a learnable constraint, opening a novel path for 
the evaluation of carbonate rocks under complex 

diagenetic alterations.

5.2	Limitations and future prospects
Despite achieving a favorable balance, this 
framework still presents certain limitations. The 
vertical resolution is constrained by the sliding 
window size (W=21). For extremely thin beds (e.g., 
laminated argillaceous limestone), the local aver-
aging effect of the TCN may cause signals to be 
diluted by the surrounding rock. Meanwhile, the 
current equivalent equation does not adequately 
account for the impact of secondary spaces, such 
as dissolution pores and vugs, on the framework 
density. Future research could introduce leave-
one-well-out cross-validation (Lai et al., 2024) 
to evaluate the extrapolation and generalization 
capabilities of the model, and utilize the frame-
work density parameters learned by the physical 
output head (Li et al., 2025) as indirect indicators 
of diagenetic intensity. Additionally, seismic 
attributes could be introduced as low-frequency 
spatial constraints to smoothly extend single-well 
predictions into three-dimensional space (Sun et 
al., 2026), ultimately constructing an end-to-end 
comprehensive reservoir evaluation system (Yang 
et al., 2016; Bagheri et al., 2024; Cao et al., 2026).

6	 Conclusions
Aiming at the quantitative mineral content predic-
tion challenge in strongly heterogeneous lacustrine 
carbonate reservoirs, this paper proposes a hybrid 
deep learning framework integrating a Temporal 
Convolutional Network with physics-informed 
constraints and a Gradient Boosting Decision Tree 
baseline. The framework achieves the unification 
of prediction accuracy and physical consistency 
through three synergistic mechanisms: a slid-
ing-window TCN captures the local depositional 
context of logging sequences using dilated causal 
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convolutions; an output truncation strategy, com-
bined with a physics-constrained loss function, 
jointly constrains the closure conditions of mineral 
components and the density balance equation; and 
a cosine annealing dynamic weight scheduling 
strategy progressively transitions the training 
objective from physics-constraint dominant to da-
ta-fitting dominant. SHAP interpretability analysis 
further reveals the internal decision logic of the 
model: different mineral components are driven by 
differentiated core features, with acoustic transit 
time playing a dominant discriminative role for 
clay content, and the neutron-density cross-feature 
for quartz-feldspar content, indicating that the 
model has learned a feature-specific allocation 
pattern. The introduction of physical constraints 
causes the multi-component predictions to exhibit 
a synergistic suppression effect within the attribu-
tion space, ensuring the intrinsic unification of in-
terpretability and physical consistency. Validation 
using four wells from the Qianjiang Depression in 
the Jianghan Oilfield demonstrates that the closure 
consistency and density prediction accuracy of the 
hybrid model are significantly superior to those 
of the baseline models, and the equivalent density 
parameters learned by the physical output head 
highly align with actual lithofacies characteristics. 
In summary, the proposed framework provides a 
novel approach for lacustrine carbonate mineral 
prediction that balances fitting accuracy, physical 
consistency, and interpretability.
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