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Abstract

Reliable prediction of final cavern responses is required for rapid screening of solution-
mined salt caverns used in large-scale underground energy storage. Final cavern volume
and maximum radius jointly control storage performance and geometric safety, but their
simultaneous and physically consistent prediction remains challenging. In this study,
a lightweight physics-guided neural network (LPGNN) was proposed for dual-target
prediction of these two design-critical responses. The 25 recorded stage-wise construction
variables were screened to retain 13 varying independent variables and are supplemented
by five nonredundant process-geometric features describing leaching-time allocation, mean
depth configuration, and staged depth adjustment. A shared residual encoder and two
target-specific heads were trained using Huber loss and original-scale relative error for data
fitting and a soft constraint related to source-defined cavern volume-coefficient consistency.
The framework was evaluated using 1253 simulated five-stage solution-mining cases. On
the independent test set, the LPGNN achieved mean absolute percentage error (MAPE) of
1.4779% for cavern volume and 2.8746% for maximum radius, with corresponding R? values
of 0.9506 and 0.8602, respectively. Correlation, Mantel-test, and feature-response analyses
indicate that cavern volume is mainly associated with the overall leaching scale and
vertical-control configuration, whereas maximum radius is more sensitive to staged depth
adjustment and localized radial development. These results suggest that the proposed
LPGNN can serve as an accurate and physically constrained surrogate for preliminary
comparison and rapid screening of solution-mined salt-cavern construction schemes.

Keywords: lightweight physics-guided neural network (LPGNN); salt-cavern design;
cavern-volume prediction; maximum-radius prediction; soft physical constraint

1. Introduction

Large-scale underground energy storage is increasingly required for sustainable low-
carbon energy systems. Among available subsurface storage options, solution-mined salt
caverns are widely regarded as promising facilities for compressed-air energy storage
(CAES), hydrogen storage, and natural-gas reserve regulation because rock salt is character-
ized by low permeability, favorable creep accommodation, and damage self-healing [1-3].
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However, cavern performance is controlled not only by storage demand but also by com-
plex geological conditions, repeated injection-withdrawal cycles, and thermo-mechanical or
creep-fatigue loading [4,5]. Therefore, engineering feasibility must be assessed in terms of
storage capacity, cavern geometry, and long-term stability [6,7]. During construction design,
final cavern volume and maximum radius are two particularly important responses: cavern
volume describes the final geometric storage space, whereas maximum radius informs
assessments of cavern regularity, wall clearance, inter-cavern spacing, and operational
safety [8].

Final cavern volume and maximum radius are largely determined during staged
solution mining. Freshwater injection, brine withdrawal, tube positions, blanket-pad depth,
flow rate, and stage duration jointly govern brine transport, salt dissolution, insoluble-
particle accumulation, and cavern-boundary evolution [9-12]. Previous mechanistic and
numerical studies have clarified these coupled processes and shown that reliable mor-
phology prediction requires explicit representation of mass transfer, brine convection, and
insoluble-particle sedimentation, particularly in bedded salt formations or formations
with high insoluble contents [13-15]. Although high-fidelity simulations remain indis-
pensable for detailed cavern design, their computational cost limits rapid exploration of
large construction-parameter spaces [16]. Efficient surrogate models are therefore needed
for preliminary design screening, provided that they preserve the principal relationships
between staged construction controls and final cavern geometry.

Machine learning models have increasingly been used as surrogate tools for analyses
of salt-cavern construction and operation [17]. For construction-stage prediction, Li et al.
trained a backpropagation artificial neural network (BPANN) on 1253 simulated cases to
predict cavern volume and maximum radius, thereby accelerating construction-parameter
screening [8]. Wang et al. later extended this concept from scalar design-index predic-
tion to full-geometry prediction and target-shape-oriented construction design [18]. For
operation-stage assessment, Zhao et al. applied deep learning models to forecast long-term
displacement and stability responses of CAES salt caverns [19,20]. Collectively, these stud-
ies show that data-driven surrogates can reduce the need for repeated forward simulations
and improve the efficiency of preliminary assessments.

Despite this progress, several issues remain unresolved. First, cavern volume and
maximum radius arise from the same leaching process but describe different aspects of
cavern development; their coupling should therefore be represented without assuming
identical response mechanisms. Second, the original stage-wise variables do not directly
summarize process-level controls such as stage-duration variability, mean vertical-control
positions, and staged depth-adjustment amplitudes. This limits the direct interpretability of
the link between model inputs and the geotechnical processes governing cavern formation.
Third, empirical error minimization alone does not explicitly encourage compatibility
between the two predicted responses and the source-defined cavern volume coefficient.
These issues are particularly relevant for simulation-derived datasets that contain strongly
correlated construction variables [21,22].

Physics-informed and physics-guided learning provides a practical way to address
these limitations [23-25]. In these frameworks, physical knowledge can be introduced
through feature engineering, auxiliary quantities, or soft constraints in the training objective,
rather than through empirical fitting alone [26,27]. For solution-mined salt caverns, such
guidance should remain lightweight: the computational efficiency of the surrogate should
be preserved while sufficient process-geometric information and engineering consistency
are incorporated to discourage implausible joint predictions. A physics-guided surrogate
is therefore best positioned as a complement to high-fidelity leaching simulations and
geomechanical stability analyses, rather than as a replacement for mechanistic modeling.
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In this study, a target-focused lightweight physics-guided neural network (LPGNN)
was developed to predict cavern volume and maximum radius simultaneously. The five-
stage construction sequence was represented by 13 independent stage-wise variables with
nonzero variance and five nonredundant process—geometric descriptors of duration alloca-
tion, mean depth configuration, and staged depth adjustment. A residual shared encoder
with two target-specific heads was then used to learn common construction-response pat-
terns while retaining target-specific prediction pathways. A soft consistency term based on
the source-defined cavern volume coefficient was incorporated into the training objective
together with Huber and original-scale relative-error terms. The framework was evaluated
through validation-controlled model selection, independent test performance, comparisons
with benchmark and ablation models, repeated training across five seeds, and geotechnical
feature-response analyses.

2. Data and Methods
2.1. Data Source

This study used the publicly available numerical dataset describing the staged solution min-
ing of energy-storage salt caverns, available at https://doi.org/10.1016/j.energy.2022.124238.
The dataset comprised 1253 valid cases generated for a homogeneous salt formation with
10% insoluble content, a fixed injection flow rate of 60 m3/h, and a prescribed final cavern
height of 80 m. Geological properties were not varied across the cases; consequently, the
dataset represents the effects of construction parameters within a single fixed geological
and numerical domain. In each case, stage-specific geometric and operational settings were
paired with final cavern responses, providing a consistent basis for learning the relationship
between construction design and final cavern geometry.

The source files contained 25 stage-wise columns: inner-tube depth, outer-tube depth,
blanket-pad depth, dissolution duration, and flow rate for each of five stages. The five flow-
rate columns, Stage-1 inner-tube depth, and Stage-5 blanket-pad depth were invariant, and
each outer-tube depth was determined by subtracting 5 m from the corresponding blanket-
pad depth. These columns were retained as source-simulation metadata but excluded from
the learnable input matrix. The remaining independent stage-wise inputs comprised four
inner-tube depths, four blanket-pad depths, and five stage durations. The depth values
were expressed in a shifted relative vertical coordinate and should not be interpreted as
site-specific burial elevations.

The source responses comprised final effective cavern volume (m?), maximum radius
(m), the cavern volume coefficient, and the leaching-efficiency coefficient (m3/day). Cavern
volume and maximum radius were used as the two prediction targets. The cavern volume
coefficient served only as an auxiliary reference in the final consistency loss. The leaching-
efficiency coefficient was retained during source-data verification but was not used as an
input, target, or loss term in the selected model. Cavern volume is a geometric quantity
and does not represent the working inventory of compressed air, hydrogen, or natural gas.

2.2. LPGNN for Cavern Volume and Maximum-Radius Prediction

The overall workflow of the proposed LPGNN for cavern-volume and maximum-
radius prediction is illustrated in Figure 1. After fixed and deterministic columns had been
removed, the predictor matrix contained 13 independent stage-wise variables and five
nonredundant process—geometric descriptors. Pearson correlations and Mantel tests were
used to characterize associations among the retained inputs and between each input and
the two target responses [28]. The resulting 18 variables were used as inputs to a residual
shared-encoder, dual-head LPGNN. The network was trained using Huber loss on the
standardized log scale, original-scale relative error, and a consistency term based on the
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source-defined cavern volume coefficient. Model behavior was interpreted using SHAP,
PDP/ICE curves, and response-surface analysis, whereas consistency with the auxiliary
coefficient was evaluated separately [29,30].
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Figure 1. Overall workflow and architecture of the proposed LPGNN.

2.2.1. Feature Engineering

After zero-variance and deterministic-redundancy screening, five nonredundant
process—geometric descriptors were derived from the five-stage construction records and
retained for modeling (Table 1). These descriptors supplemented 13 independent stage-
wise variables with nonzero variance, yielding an 18-variable input matrix that represented
both the construction sequence and selected process-level summaries.

The retained descriptors comprised the standard deviation of stage durations, mean
inner-tube depth, mean blanket-pad depth, inner-tube depth range, and blanket-pad depth
range. Together, they represented inter-stage time allocation, the mean vertical-control
configuration, and the amplitude of staged depth adjustment. Total duration and mean
duration were excluded because they were nearly invariant and deterministically related.
Mean outer-tube depth and outer-tube depth range were excluded because they were
deterministic transforms of blanket-pad depth, whereas the tube-blanket gap was excluded
because it was constant.

All descriptors were calculated from the recorded five-stage sequence before the
excluded columns were removed. The five flow-rate columns were fixed at 60 m3/h; Stage-
1 inner-tube depth and Stage-5 blanket-pad depth were fixed boundary conditions; and
each outer-tube depth equaled the corresponding blanket-pad depth minus 5 m. Targets
and auxiliary coefficients were never included in the predictor matrix. This procedure
preserved informative process summaries while preventing invariant or deterministically
duplicated quantities from entering the learnable input space.

Pearson correlations and Mantel tests were used as descriptive diagnostics to charac-
terize, rather than select, the 18 retained inputs (Figure 2). The Pearson matrix reflected
both the prescribed construction geometry and the derivation of the engineered descriptors.
In particular, Stage-1 blanket-pad depth showed a perfect negative correlation with blanket-
pad depth range, whereas Stage-5 inner-tube depth was strongly positively correlated with
inner-tube depth range. The Mantel tests showed that dissimilarities in cavern volume were
associated most strongly with Stage-2 blanket-pad depth, followed by Stage-3 blanket-pad
depth and mean blanket-pad depth. Smaller but significant associations were observed for
inner-tube depth range and Stage-5 inner-tube depth.
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Table 1. Retained stage-wise variables and engineered process—geometric descriptors used as LPGNN
inputs, with symbols, physical interpretations, and dataset statistics.

Feature

Type Feature Symbol/Formula Physical Interpretation Mean + SD Range cv
Inner-tube Freshwater-injection depth at each
depth ) varying sta e'] controls tI;e vertical —2009.03 —2035.00to 0.009
(Stages 2-5; Diy, 5=2...,5 ying stage; contro’s the v 1721m ~1970.00m -
4 variables) position of active dissolution.
Retained Blanket-pad Blanket-pad position at each
etaine depth (s) _ varying stage; controls roof —1995.48 + —2030.00 to 0.009
st?ge—wwe (Stages 1-+4; Dy’ s=1,....4 protection and the upper leaching 18.88 m —1965.00 m ’
eature 4 variables) boundary.
Dissolution Time allocated to each
duration () -1 5 construction stage; represents 119.98 + 0.00 to 0.462
(Stages 1-5; 78T ey inter-stage redistribution of the 55.37 day 305.00 day '
5 variables) fixed-duration leaching schedule.
Sta;gtz—s;;:élon 1 5 . Unevenness of dissolution-time 60.97 + 35.07 to 0176
deviation T =4\5-7 s§1 (TC) —T) allocation among the five stages. 10.72 day 106.85 day ’
faner e = L £ Dl oston over the complete WISV 2Ol 00
I Din = 5 L. Djy P _ P 322m ~200680m
epth s=1 construction sequence.
Engineered Mean Average roof-protection and _ .
physical blanket-pad D, = 1 i p® upper-boundary control position 139 ngfj + 7%82388 Iﬁ 0.002
descriptor depth 55 ¢ over the five stages. ’ '
Amplitude of staged adjustment
Inner-tube (s) . (s) e 54.04 + 38.00 to
depth range ADjn, = maxsD;, — minsD;, of the freshvx‘/e%ter injection 8.29 m 70.00 m 0.153
position.
Amplitude of staged adjustment
Blanket-pad (s) . (s) . 59.70 + 50.00 to
depth range ADy, = max;D;” — min;D, of the roof-protection and upper 6.20 m 70.00 m 0.104

leaching boundary.

Note: The final input matrix contained 13 independent stage-wise variables with nonzero variance and five
engineered descriptors. Fixed flow-rate and boundary columns, deterministic outer-tube depths, and redundant
aggregate descriptors were excluded. Statistics for stage-wise variables were calculated by pooling the retained
stage columns across all cases. The standard deviation of stage duration was calculated using the sample
standard-deviation formula across the five stages. SD denotes standard deviation; CV denotes SD divided by the
absolute mean.

Dissimilarities in maximum radius showed weaker and more distributed associations.
The strongest associations involved Stage-4 blanket-pad depth, Stage-3 blanket-pad depth,
and Stage-3 dissolution duration. Inner-tube depth range, duration variability, Stage-5
inner-tube depth, and blanket-pad depth range were also significant. By contrast, neither
mean inner-tube depth nor mean blanket-pad depth was significantly associated with
dissimilarities in maximum radius.

These descriptive results suggest that cavern volume is associated primarily with mid-
stage vertical control, whereas maximum radius shows weaker, distributed associations
with later-stage positioning and temporal-depth variability.

2.2.2. Physics-Guided Neural Network Architecture

Before model training, all input features were standardized using means and standard
deviations estimated from the training subset. Cavern volume and maximum radius were
first transformed using the loglp function and then standardized using the corresponding
training-subset statistics. This preprocessing improved numerical stability and reduced the
scale imbalance between the two targets [31,32].

The final LPGNN used a residual shared encoder (Figure 1). An input projection
mapped the 18 retained variables to a 192-dimensional representation, followed by a SiLU
activation and LayerNorm. Each of the three residual blocks applied pre-normalization, a
192-t0-384 linear expansion, SiLU activation, dropout, a 384-to-192 linear projection, and a

https:/ /doi.org/10.3390/app16157573


https://doi.org/10.3390/app16157573

Appl. Sci. 2026, 16, 7573

6 of 20

second dropout operation. The projected output was then added to the block input through
an identity skip connection. A final LayerNorm and a 192-t0-96 linear projection with SiLU
activation formed the shared 96-dimensional latent representation. The dropout probability
was 0.06. Each target-specific head mapped the shared representation through a 96-to-64
linear layer and SiLU activation and produced one standardized log-scale output [33].
One head predicted cavern volume, whereas the other predicted maximum radius. The
predictions were inverse-standardized and transformed using expm1 before losses and
evaluation metrics were calculated on the original physical scale.

Inner-tube depth Blanket-pad depth Dissolution duration Engineered descriptors
Mantel's p Mantel's |r]|

— <001 <02
—— 001-0.05 —— 0204 R
3 > >
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Figure 2. Pearson correlation structure and Mantel-test associations of the 18 LPGNN inputs. The
upper triangular matrix reports Pearson correlation coefficients among the 18 retained inputs. Curved
links connect cavern volume and maximum radius to each input; link width denotes the absolute
Mantel correlation category, and link color denotes the two-sided permutation p-value category.

2.2.3. Physics-Guided Loss Design

The model was trained by minimizing a composite objective that combined robust data
fitting with soft physics-guided regularization. The data-fitting component used Huber
losses for cavern volume and maximum radius after both targets had been transformed to
the standardized log scale. Huber loss reduced the influence of occasional large residuals
while retaining sensitivity to typical prediction errors. Because the two responses differed in
scale and prediction difficulty, an additional weight was assigned to the maximum-radius
branch to balance learning between the two targets [34]:

ﬁdata = ﬁHuber(Vs/ Vs) + wrﬁHuber(Rs/ Rs) (1)

where V; and Rs denote the predicted standardized log-transformed cavern volume and
maximum radius, respectively; V; and Rs denote the corresponding reference values.
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Because model selection and performance reporting emphasized percentage error,
an additional relative-error term was evaluated after the predictions had been inverse-
transformed to the original physical scale:

_ IVl R Ry
bt = | TViTwe R TR @

The cavern volume coefficient provided the only retained physics-guided coupling
between the two output heads. In the source dataset, the final cavern height was fixed at
H =80 m, and the inter-cavern safety distance was defined as four times the maximum
radius. Under these source-data assumptions, the coefficient was reconstructed as follows:

N

Vi

Jei = SereH v ¢

©)

The reconstructed coefficient was compared with the source cavern volume coefficient
using the mean relative error. The constant ¢ = 10° prevents division by zero:

’ 12 fei— fei ”
fe = n.= |fc,i| +e
The complete training objective is defined as follows:
Liotal = Ldata + Arel Lrel + Afc Efc ®)

2.2.4. Hyperparameter Setting and Optimization Workflow

To ensure reproducible model development and controlled comparisons, all candidate
models followed a common data-splitting, preprocessing, and optimization protocol. After
feature construction, the 1253 cases were partitioned using joint stratification of the two
targets and a fixed split seed. The resulting subsets contained 801 training cases, 201 valida-
tion cases, and 251 independent test cases (64:16:20). The test indices were isolated before
configuration selection and were not accessed during standardization, early stopping, or
epoch selection. After the configuration and training duration had been frozen, the selected
model was refitted for 163 epochs on the combined training and validation subsets.

The maximum-radius branch weight, w,, was determined exclusively from validation
performance. Candidate values of 0.75, 1.00, 1.25, 1.50, and 2.00 were evaluated under
otherwise identical model and loss settings across three prespecified seeds. The maximum-
radius branch weight was set to 1.25, which gave the lowest balanced mean absolute
percentage error (MAPE). The key hyperparameters of the final optimized model were as
follows: learning rate = 6 X 1074, dropout = 0.06, batch size = 64, relative-error weight 0.05,
cavern volume-coefficient weight 0.10, Huber 6 = 1.0, and AdamW weight decay 5 x 10-5.
The median seed-specific validation-optimal epoch was 163.

The proposed LPGNN was compared with pure data-driven baselines and physics-
guided LPGNN variants. Pure data-driven baselines included random forest (RF), support-
vector regression SVR, PSO-SVR, CatBoost, XGBoost, and LightGBM [35-40]. The LPGNN-
based models included the optimized model, LPGNN-opt; an input-representation ref-
erence model using only the 25 original stage-wise variables, LPGNN-raw25; a baseline
physical-regularization variant, LPGNN-base; a maximum-radius-emphasized variant,
LPGNN-Rmax; and a smaller-batch variant, LPGNN-SB. Additional physics-guided candi-
dates, including PGHE-risk, PGHE-avg, PGS-I, PGMTL, and PGWT, were used to examine
whether alternative forms of physical regularization or hybrid prediction could further im-
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prove performance. Because the same data split, preprocessing strategy, target definitions,
and evaluation metrics were used for all models, the comparison directly reflected the
effects of model class, input representation, and physics-guided loss design. All model were
conducted under Windows 11 on a workstation equipped with an Intel Core i9-14900HX
CPU, 32 GB RAM, and an NVIDIA GeForce RTX 4060 Laptop GPU with 8 GB VRAM,
using Python 3.12.5, PyTorch 2.11.0 (CUDA 12.8), scikit-learn 1.8.0, NumPy 2.0.1, and
pandas 2.2.2.

2.3. Evaluation Metrics

Model evaluation focused on the predictive accuracy of the two primary engineering
responses: cavern volume and maximum radius. All metrics were calculated on the inde-
pendent test set after the predictions had been inverse-transformed from the standardized
log scale to their original physical units.

Let y; and #j; denote the reference and predicted values for sample i, respectively, and let
n be number of independent-test samples. Four metrics were used: MAPE, mean absolute
error (MAE), root mean square error (RMSE), and the coefficient of determination (R?).

MAPE was used as the primary comparison metric because it provides a dimensionless
percentage-based error measure, allowing errors in cavern volume and maximum radius to
be compared on a common scale. A small e was included to avoid numerical instability.

100
MAPE = ==}

i

Yi— Ui

yite )

MAE quantified the mean absolute prediction error in the original physical units of
each target:

1 N
MAE = 23 lyi — i 7)
i

RMSE was included because squaring the residuals gives greater weight to large
deviations, which may be important in engineering assessment:

RMSE = [ 13" (y; — ;) ®)

The coefficient of determination was used to quantify the proportion of variance in
the reference values explained by the predictions:

A2
Y (vi — 1)
RP=1-1—— 9)
—\2
)y (vi—v;)
1
where 7 denotes the mean reference value.
In addition to target-prediction metrics, agreement with the source-defined cavern-
volume coefficient was evaluated on the independent test set. The case-wise coefficient-
consistency error was defined as

oi = fus 100% (10)
ey i = —— X o.
Sl = feil +e

Because the relation was implemented as a soft regularizer rather than a hard admissi-
bility condition, the distribution was summarized using the mean, median, 95th percentile,
maximum, and the descriptive proportions within 1%, 2%, and 5% tolerances.
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3. Results and Discussion
3.1. Training Convergence of LPGNN-Opt

Figure 3 summarizes the validation-only model-selection results for the configuration
later frozen as LPGNN-opt across three prespecified seeds. The mean smoothed training
objective decreased from 0.346 at epoch 1 to 0.035 at epoch 50 and 0.011 at epoch 163. Over
the same interval, validation MAPE decreased from 3.745% to 2.221% for cavern volume
and from 5.086% to 3.943% for maximum radius. Subsequent changes were small: at epoch
200, the corresponding validation MAPEs were 2.216% and 3.957%. The median of the
three seed-specific optimal epochs was therefore fixed at 163 before the final refit.

——— Mean across three search seeds — Caplacity
5.0 I "
— Maximum radius

= Fixeb epoch = 163
1
4.5 A !

4.0

3.5

Training objective
Validation MAPE (%)

25 A

T T T T T T T T T 2.0 T T T T T T T T T
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch

Figure 3. Validation-guided training behavior of LPGNN-opt. (a) Training objective smoothed with
a 15-epoch moving average and then averaged across the three prespecified model-selection seeds;
the shaded band denotes mean =+ SD. (b) Corresponding validation MAPEs for cavern volume and
maximum radius. The vertical dashed line marks the fixed training duration of 163 epochs, defined
as the median validation-optimal epoch before the independent test set was accessed.

3.2. Comparative Performance Against Data-Driven and Physics-Guided Models

Table 2 summarizes the predictive performance of LPGNN-opt and the comparison
models. The published BPANN model of Li et al. [8] was first used as an external bench-
mark. Compared with BPANN, LPGNN-opt reduced the cavern volume MAPE from
1.838% to 1.4779% and the maximum-radius MAPE from 3.144% to 2.8746%. The corre-
sponding relative reductions were 19.6% and 8.6%, respectively. Although the numerical
margins were modest, improvements were obtained for both responses simultaneously.
This is important for salt-cavern design because cavern volume and maximum radius
represent different engineering requirements; an improvement in storage-volume predic-
tion should not be achieved at the expense of geometric-control prediction. This balanced
improvement can be attributed to the target-focused formulation of LPGNN-opt. In this
formulation, cavern volume and maximum radius were retained as the two primary pre-
diction targets, whereas the source-defined cavern volume coefficient was retained only as
a soft consistency link between the two output heads. As a result, the model was guided to-
ward physically reasonable joint predictions while the main optimization priority remained
focused on the two design-critical responses. The LPGNN-opt contained 480,738 trainable
parameters, corresponding to 1.834 MiB of raw float32 weights. For comparison, the pub-
lished 15-512-512-512-2 BPANN contains 534,530 trainable parameters under a standard
dense implementation with biases; one LPGNN member therefore contains 10.1% fewer
trainable parameters.
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Table 2. Benchmark comparison between pure data-driven surrogate models and physics-guided
candidate models.

Cavern Maximum-
Group Model Volume Radius Model Description
MAPE (%) MAPE (%)
Gradient-boosted decision-tree baseline; the
CatBoost 2.3126 4.3250 strongest pure data-driven model in
this comparison.
XGBoost 23504 44438 Extreme gradlent—boqstmg tree ensemb.le used as
Pure a pure data-driven tabular baseline.
data-driven LightGBM 23771 44751 Leaf-wise grad1ent—bqost1ng tree ensem"ble used
as a pure data-driven tabular baseline.
RE 29132 5.0047 Random forest enser.nple baseline using bagged
decision trees.
PSO-SVR 25936 42986 Support—ve.ctor regression optlmlzed using
particle swarm optimization.
LPGNN-opt 1.4779 2 8746 Final shared-encoder cilue?l-head LPGNN selected
as the optimized model.

Strict ablation variant using the same split,

dual-head architecture, physics-guided loss terms
LPGNN-raw25 1.9675 33048 and training cohntlrols as the LPGNN but using

only the 25 original stage-wise construction

variables. It is included to isolate the contribution
of engineered physical descriptors.
Dual-target LPGNN variant with baseline-like
LPGNN-base 1.7450 3.0910 physical regularization, used to evaluate the

effect of the final lighter-physics
weighting strategy.

Dual-target LPGNN variant that increases
LPGNN-Rmax 1.8881 3.1865 emphasis on the maximum-radius branch to test
target-balancing sensitivity.

Physics-
guided

Dual-target LPGNN variant trained with a
LPGNN-SB 1.8337 3.2618 smaller mini-batch size to examine optimization
sensitivity to batch-level sampling.

Post hoc physics-guided ensemble that combines
2.2758 3.7348 candidate predictions using risk-aware weights
derived from physical-consistency behavior.

Physics-guided hybrid
ensemble (PGHE-risk)

Simple average ensemble of selected
2.2807 3.7325 physics-guided candidates, used to test whether
ensemble averaging improves robustness.

Physics-guided hybrid
ensemble (PGHE-avg)

Physics-guided strategy I

Physics-guided weighting strategy that
2.5629 4.1196 strengthens radius-related influence through

(PGS-D) inverse-maximum-radius-squared weighting.

Physics-guided multi-task
learning network (PGMTL)

Earlier physics-guided multi-output network that
4.6543 5.9965 treats multiple related physical quantities as
coequal learning targets.

weighted-training baseline 2.6445 4.3842

Weighted-training baseline that introduces
physical preference through the training objective
without the final target-focused
LPGNN formulation.

Physics-guided

(PGWT)

The comparison with pure data-driven models further indicates that the performance
difference did not arise from nonlinear regression alone. Among the newly trained data-
driven baselines, CatBoost achieved the best overall performance, with MAPEs of 2.3126%
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for cavern volume and 4.3250% for maximum radius. These errors were reduced by
LPGNN-opt to 1.4779% and 2.8746%, corresponding to relative reductions of approximately
36.1% and 33.5%, respectively.

The LPGNN-based comparison models were used to examine the contribution of
the input representation and loss design. When only the 25 original stage-wise variables
were used, the resulting LPGNN-raw25 model produced higher MAPEs of 1.9675% for
cavern volume and 3.3048% for maximum radius. This result shows that the process—
geometric features generated through feature engineering provided useful information
beyond the raw construction variables. LPGNN-base achieved performance close to that of
LPGNN-opt but remained slightly less accurate, indicating that the final weighting of the
physical consistency terms was more suitable for this dual-target task. In contrast, greater
emphasis on the maximum-radius branch in LPGNN-Rp,ax and the smaller-batch setting in
LPGNN-SB did not improve the final prediction accuracy.

Other physics-guided candidates were also less effective than LPGNN-opt. PGHE-risk
and PGHE-avg yielded cavern volume MAPEs of approximately 2.28% and maximum-
radius MAPEs of approximately 3.73%. The PGS-I, PGMTL, and PGWT models produced
still larger errors. These results indicate that more complex weighting strategies, additional
output structures, or post hoc combinations do not necessarily lead to better prediction.
The effectiveness of physical guidance depends on how engineering relationships are
incorporated into the model.

Overall, the best joint accuracy was achieved by LPGNN-opt. The comparison results
show that the performance improvement was mainly associated with two design choices:
the use of process—geometric feature engineering to represent staged cavern construction,
and the use of moderately weighted consistency constraints to regularize the coupled
cavern volume-radius response. Therefore, LPGNN-opt provided a more effective balance
between predictive accuracy and engineering consistency than either pure data-driven
models or more elaborate physics-guided alternatives. The following section further
examines the observation—-prediction agreement of LPGNN-opt for the two target responses.

3.3. Prediction Accuracy and Target-Specific Error Structure

Reference and predicted responses are compared in Figure 4. For cavern volume, LPGNN-
opt achieved R? = 0.9506, RMSE = 1674.21 m®, MAE = 1080.26 m®, and MAPE = 1.4779%.
The bootstrap 95% interval for MAPE was 1.2553% to 1.7347%. For maximum radius, the
independent-test ensemble achieved R? = 0.8602, RMSE = 1.2103 m, MAE = 0.9015 m, and
MAPE = 2.8746%,; the bootstrap 95% MAPE interval was 2.5703% to 3.1953%.

R? =0.9506
85,000 | MAPE = 1.478%
95% Cl = 1.255-1.735%

R? = 0.8602
4251 MAPE = 2.875%
95% CI = 2.570-3.195%
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Figure 4. Independent-test reference—prediction agreement for LPGNN-opt for (a) cavern volume
and (b) maximum radius. Dashed lines denote perfect agreement. Insets report R>, MAPE, and the
95% bootstrap interval of MAPE obtained by resampling the independent-test cases.
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The target-specific difference can be interpreted in light of the physical character of the
two responses. Cavern volume is an integrated volumetric response associated with the
overall leaching scale, mean vertical-control configuration, and stage-duration allocation.
Maximum radius, by contrast, is a localized radial extreme that is more sensitive to staged
geometric adjustment and local boundary evolution. Its lower R? should therefore be
interpreted conservatively: maximum radius may depend on higher-order stage interac-
tions and spatial boundary evolution that are not fully represented by the fixed-length
tabular inputs. The performance difference reflects both the distinct physical character of
the targets and limitations of the current input representation.

3.4. Geotechnical Significance of Process—Geometric Descriptors and Prediction Reliability

The process—geometric descriptors were designed to express the original five-stage
construction records in coordinates with clearer geotechnical meaning. The 13 independent
stage-wise variables were retained, and five descriptors were added to represent stage-
duration variability, mean inner-tube and blanket-pad positions, and the ranges of staged
depth adjustment. This representation made the temporal allocation and vertical organi-
zation of the leaching sequence more explicit than the stage-wise variables alone, thereby
supporting geotechnical interpretation of the learned construction-response relationships.

The engineering value of the feature-engineered variables was examined by compar-
ing LPGNN-opt with LPGNN-raw25 under the same modeling conditions. The same data
partition, network architecture, physics-guided loss formulation, and training settings were
used in both models. The LPGNN-raw25 model was trained using only the 25 original
stage-wise construction variables. In this way, the effect of feature representation on the
prediction of cavern volume and maximum radius was evaluated under a controlled set-
ting. Improved prediction accuracy was obtained for both engineering responses after
the process—geometric features were included. For cavern volume prediction, the MAPE
was reduced from 1.9675% in LPGNN-raw25 to 1.4779% in LPGNN-opt. For maximum-
radius prediction, the MAPE was reduced from 3.3048% to 2.8746%. The simultaneous
improvement of the two targets indicates that the constructed features provided com-
plementary construction-process information that could not be fully represented by the
original stage-wise variables alone.

The larger improvement in cavern volume prediction is consistent with the volumetric
nature of cavern volume. Cavern volume is mainly controlled by the cumulative dissolution
scale and the effective vertical range of leaching. These controls were represented by total
leaching duration, mean depth configuration, and tube-blanket spacing, which describe
the overall cavern-forming conditions more directly than individual stage values. By
contrast, maximum radius is governed more strongly by localized boundary expansion
and by the redistribution of the active dissolution zone during different construction
stages. Therefore, depth-adjustment ranges and duration variability were more relevant to
maximum-radius prediction because they describe changes in the position and persistence
of the leaching interface. The smaller but consistent improvement in maximum-radius
prediction suggests that part of the localized radial-growth behavior was captured by
feature engineering, although this response remained more difficult to represent using
stage-aggregated construction information.

Robustness to random initialization was assessed through five independent training
runs in which the data partition, architecture, objective, and hyperparameters were held
fixed. For cavern volume, the mean + SD values were 1.573 & 0.034% for MAPE and
0.9449 + 0.0030 for R?. For maximum radius, the corresponding values were 2.988 + 0.075%
and 0.8500 =+ 0.0084. Across the five runs, cavern-volume MAPE ranged from 1.524% to
1.615%, whereas maximum-radius MAPE ranged from 2.919% to 3.102% (Figure 5). This

https:/ /doi.org/10.3390/app16157573


https://doi.org/10.3390/app16157573

Appl. Sci. 2026, 16, 7573

13 of 20

limited spread indicates low sensitivity to model initialization under the adopted training
protocol; it does not constitute a site-level uncertainty estimate.
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Figure 5. Prediction reliability of LPGNN-opt across five independent training runs. Panels show
(a) cavern-volume MAPE, (b) maximum-radius MAPE, (c) cavern-volume R2, and (d) maximum-radius
R2. Dashed lines denote the mean values, and shaded bands represent the mean =+ standard deviation.

Overall, the results demonstrate that process—geometric feature engineering improved
both the predictive accuracy and the geotechnical interpretability of LPGNN. By reorga-
nizing the original construction records into features related to leaching duration, vertical-
control configuration, staged adjustment, and tube-blanket spacing, a closer relationship
was established between construction design and cavern response. The repeatable perfor-
mance obtained across independent training runs further supports the use of the proposed
framework for preliminary design assessment and rapid screening of solution-mined
salt-cavern construction schemes.

3.5. Geotechnical Controls on Cavern Development and Physical Consistency of Predictions

The learned construction-response relationships were interpreted using PDP/ICE
curves, permutation importance, and SHAP analysis (Figures 6-8). Figure 6 shows average
and sample-specific response trends, Figure 7 quantifies permutation importance, and
Figure 8 presents SHAP values that describe the magnitude and direction of each input’s
contribution to individual predictions [41]. Because the construction variables are coupled
through the staged leaching design, the three analyses were interpreted jointly as model-
based associations rather than independent causal effects. Their combined evidence was
used to identify the principal geotechnical controls represented by the model.

Figures 6-8 identified two principal groups of construction controls. The first com-
prised the vertical-control conditions around Stages 2 and 3, particularly the Stage-2 and
Stage-3 blanket-pad depths. The second comprised staged geometric adjustments, includ-
ing inner-tube depth range and selected stage-duration and tube-position variables. Both
groups were associated with the final cavern responses, but their roles differed between
cavern volume and maximum radius. Cavern volume represents the integrated volu-
metric outcome of the leaching process, whereas maximum radius represents a localized
radial extreme.
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Figure 6. PDP and ICE responses of selected construction variables and process-geometric fea-
tures for the cavern volume and maximum-radius branches of LPGNN-opt. Thin curves represent
50 reproducibly sampled independent-test cases, and thick curves show the corresponding partial
dependence. Each variable was varied over the 5th-95th percentile of the training—validation distribu-
tion while the remaining model inputs were held fixed. The curves are conditional model responses
rather than independent causal effects.
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Figure 7. Permutation importance of selected construction variables and process-geometric features
for cavern volume and maximum-radius prediction. Bars report the mean increase in MAE after
independently permuting each input for (a) cavern volume and (b) maximum radius; error bars
denote SD across 30 permutations. Larger values indicate a greater loss of predictive accuracy when
the corresponding input information is disrupted.
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Figure 8. SHAP summary plots for (a) cavern-volume and (b) maximum-radius prediction. Expected-
gradient SHAP values were computed for 120 reproducibly sampled independent-test cases and
averaged across the five LPGNN-opt members. Horizontal position gives the contribution in the
original target unit, and color denotes the standardized feature value. Features are ordered separately
for the two targets by mean absolute SHAP magnitude.

For cavern-volume prediction, Stage-2 blanket-pad depth was the most influential
input: permuting this variable increased test MAE by 3408 + 201 m?. It was followed by
Stage-3 blanket-pad depth, inner-tube depth range, and Stage-3 dissolution duration. These
inputs describe the elevation of the active leaching interval and the allocation of dissolution
time during the transition from initial cavern formation to subsequent enlargement. Their
importance is consistent with the role of vertical control in defining the effective dissolution
space and final cavern volume. Because the source simulations prescribed each outer-tube
depth at 5 m below the corresponding blanket pad, outer-tube depths were excluded,
and the retained blanket-pad depths represent the independent vertical-control variables.
Because stage durations were coupled through the prescribed five-stage schedule, the
Stage-3 duration effect should be interpreted as inter-stage time allocation rather than
simply as a longer total leaching time.

For maximum-radius prediction, the largest permutation effects were associated
with inputs describing the migration and local persistence of the active dissolution zone.
Stage-2 and Stage-3 blanket-pad depths ranked first and second, with MAE increases
of 1.024 & 0.077 m and 0.703 & 0.055 m, respectively, followed by Stage-4 inner-tube
depth, inner-tube depth range, and Stage-4 blanket-pad depth. This ranking is consistent
with maximum radius being governed by localized radial enlargement and by the stage
at which dissolution is concentrated near a particular elevation. Compared with cavern
volume, maximum radius was therefore more sensitive to stage-to-stage changes in injection
position, blanket-pad control, and duration allocation.

Permutation importance and SHAP identified the same three leading inputs for both
targets: Stage-2 blanket-pad depth, Stage-3 blanket-pad depth, and inner-tube depth range.
The PDP/ICE curves showed smooth average trends but appreciable dispersion among
individual trajectories, indicating that the response to one input depended on the broader
construction sequence. These patterns are consistent with, but do not independently
validate, the use of a shared encoder with separate output heads. The ICE dispersion
is not a predictive probability distribution; it reflects conditional heterogeneity in deter-
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ministic model responses. Likewise, the five-seed spread measures sensitivity to random
initialization, whereas the bootstrap confidence interval quantifies sampling variation in
test-set MAPE. Neither is a calibrated prediction interval for an individual cavern or a new
geological site.

Target-specific interactions between the principal construction controls were further
examined using two-dimensional response surfaces (Figure 9). The model-predicted sur-
faces showed that shallower Stage-2 blanket-pad settings were generally associated with
increases in both cavern volume and maximum radius. A shallower Stage-3 blanket-pad
setting further increased predicted cavern volume but tended to reduce predicted max-
imum radius, particularly when the Stage-2 blanket pad was already relatively shallow.
This contrast suggests that the relative positions of adjacent blanket controls affect how
the model distributes dissolution between integrated cavern enlargement and localized
radial development. When total dissolution time was held constant, allocating more time
to Stage 3 produced a nonlinear increase in both predicted responses, whereas a larger
inner-tube depth range generally reduced them. These conditional patterns illustrate why
settings favorable for cavern volume need not produce an equivalent change in maximum
radius and are consistent with joint prediction through separate output heads. Gray regions
outside the support of the combined training and validation data should not be used for
engineering interpretation, and the displayed surfaces should be read as model-based
associations rather than causal effects.
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Figure 9. Two-dimensional response surfaces of the LPGNN-opt showing the coupled effects of vertical
control and duration—-depth adjustment on cavern volume and maximum radius. (a) Predicted cavern
volume as a function of Stage-2 and Stage-3 blanket-pad depths. (b) Predicted maximum radius for
the same vertical-control variables. (c) Predicted cavern volume as a function of Stage-3 dissolution
duration. (d) Predicted maximum radius for the same duration-depth-adjustment variables.

We also trained a strict ablation model, LPGNN-no-fc, using the same inputs, residual
dual-head architecture, data split, and original-scale relative-error term, with only Afc
changed from 0.10 to 0. As shown in Table 3, within the 1% coefficient-consistency tolerance
band, the LPGNN-opt included 35 of the 251 independent test cases (13.94%), whereas
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LPGNN-no-fc included 20 cases (7.97%). This corresponds to 15 additional cases and an
absolute increase of 5.98 percentage points for LPGNN-opt, indicating better coverage
within the strictest descriptive tolerance band. These mixed differences indicate that
removing Ly, cause a pronounced loss of accuracy or consistency in this initialization.

Table 3. Descriptive comparison between the LPGNN-opt and the LPGNN- no-fc ablation.

Maximum-
Model Radius e i (%) Within 1% (%) Within 2% (%)  Within 5% (%)
MAPE (%) MAPE (%)
LPGNN-opt 2.8746 6.025 13.94 (35/251) 23.11 (58/251) 54.98 (138/251)
LPGNN-no-fc 3.0216 6.3667 7.97 (20/251) 20.72 (52/251) 52.59 (132/251)

3.6. Methodological Transferability Across Geological Settings and Stage Configurations

The methodological contribution of the LPGNN lies in the formulation of the pre-
diction problem. Stage-wise construction variables are supplemented with physically
interpretable summaries, cavern volume and maximum radius are learned jointly through
separate output heads, and consistency of the source-defined cavern volume coefficient is
used to discourage incompatible predictions. These choices are not tied to a single fitted
network. For another dataset, the stage representation and consistency terms could be
reconstructed around the available variables while retaining the coupled-target architecture
and validation-based training procedure. What is transferable is therefore the modeling
strategy, not the fitted weights. The reported accuracy remains specific to the domain
represented by the source simulations.

The present dataset does not evaluate transfer across geological settings. All 1253 cases
share a homogeneous salt formation with 10% insoluble content, a final cavern height of
80 m, a constant injection rate of 60 m3/h, and five direct-circulation stages. Geological
factors, including salt purity, bed thickness, non-salt interbeds, faults and fractures, in situ
stress, temperature, permeability, and creep or damage properties, were not varied across
the cases; their effects therefore cannot be identified from these data. Accordingly, the
fitted LPGNN is limited to predicting construction-stage cavern geometry within this fixed
geological and operational domain. Application to a materially different site would require
a representative site-specific dataset and model retraining. The model does not assess
cavern stability, leakage, well integrity, or allowable operating pressure; these outcomes
require site-specific geological characterization and geomechanical analysis.

The fixed five-stage encoding imposes a related limitation. Each case is represented by
the same five stage slots within the 18-variable input vector. Repeating identical settings in
adjacent slots can encode a scheme with fewer operational adjustments because no effective
change occurs at the artificial boundary. This device does not, however, make the network
a variable-length model. A design with more than five stages or a substantially different op-
erating sequence lies outside the present input domain. Although operator preferences may
determine the number and timing of stages in practice, the current LPGNN can compare
only schemes that can be represented consistently within the five-slot format. Changing
the number of stages at inference would therefore constitute unsupported extrapolation.

A broader model would require data in which both geological conditions and stage
sequences vary. One option would be to represent each stage as an ordered record of tube
positions, duration, and flow rate and to process the sequence with a masked recurrent
or attention-based encoder. The resulting sequence representation could feed the exist-
ing volume and radius heads, while global process descriptors and physical-consistency
terms could be calculated from the complete sequence. Geological descriptors could enter
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through a separate branch and condition the sequence representation. Equipment limits,
admissible stage counts, and scheduling preferences could then be handled explicitly as
conditional inputs or optimization constraints rather than being embedded implicitly in a
fixed input format.

4. Conclusions

A lightweight physics-guided framework was developed for the preliminary assess-
ment of solution-mined salt-cavern construction schemes. Final cavern volume and maxi-
mum radius were selected as complementary design responses. In the proposed formu-
lation, the source-defined cavern volume coefficient was retained as a soft consistency
condition rather than an additional prediction target. This preserved the practical priority
of the two main design responses while discouraging incompatible joint predictions.

The staged construction process was represented by 13 independent stage-wise vari-
ables and five nonredundant process—geometric descriptors of duration variability, mean
depth configuration, and staged depth adjustment. Compared with the model using
original stage-wise variables, the inclusion of process—geometric features changed the
cavern-volume and maximum-radius MAPEs from 1.9675% and 3.3048% to 1.4779% and
2.8746%, respectively. This result indicates that the temporal and spatial organization of
the leaching process provides useful process-oriented information for interpreting final
cavern geometry.

Accurate and repeatable predictions were obtained by the optimized LPGNN. On
the independent test subset, MAPEs of 1.4779% for cavern volume and 2.8746% for max-
imum radius were achieved, with corresponding R? values of 0.9506 and 0.8602. Better
joint accuracy was obtained than that of the pure data-driven models, and other physics-
guided candidates. Repeated training under different initializations also produced limited
variation, suggesting that the prediction performance was stable under the adopted model-
ing protocol.

Different geotechnical controls were identified for the two target responses. Cavern
volume was mainly associated with the overall leaching scale and vertical-control configu-
ration, especially the Stage-2 and Stage-3 blanket-pad positions and the redistribution of
dissolution time among stages. Maximum radius was more sensitive to the migration and
local persistence of the active dissolution zone, as reflected by the inner-tube depth range
and selected later-stage tube positions and durations. These differences suggest that cavern
volume and localized radial enlargement should be assessed jointly rather than optimized
separately during salt-cavern construction design.

Overall, the LPGNN provides a physics-guided and computationally efficient sur-
rogate for comparing construction schemes within the fixed geological and operational
domain represented by the source simulations. It is intended for preliminary screening
before detailed leaching simulation and site-specific geomechanical stability analysis.
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