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ABSTRACT

Dynamic analysis and reserve estimation for deep
fractured-vuggy carbonate reservoirs pose significant
challenges due to severe reservoir heterogeneity,
complex production dynamics, and the extreme scarcity
of key static formation pressure data. While
conventional physics-based models struggle with such
data sparsity, standard Artificial Intelligence methods
often lack the physical consistency and interpretability
required for high-stakes engineering applications. To
bridge this gap, this paper introduces PG-TCRN, an
innovative physics-guided Al architecture that integrates
a Temporal Convolutional Network with a Long Short-
Term Memory network to synergize deep learning with
domain knowledge. Guided by a composite physics-
based loss function, this model leverages continuous
production data to intelligently reconstruct a reliable
formation pressure profile from only a few static
measurements. Subsequently, with the material balance
equation serving as a strong physical constraint, our
framework transforms the history matching task into a
low-dimensional optimization problem, enabling the
accurate inversion of key parameters like dynamic
reserves and water influx coefficient. Application to a
real-world case from the Z Reservoir validates our
approach, achieving a precise match of the production
history and confirming the physical reliability of the
inverted parameters. Furthermore, the framework's
interpretable results quantify the contribution of
different energy sources, revealing the dominant
reservoir drive mechanism. This study presents an
efficient and interpretable new paradigm for Al-driven
dynamic analysis in fractured-vuggy reservoirs, offering a
powerful tool for data-scarce scenarios.

Keywords: artificial intelligence, physics-guided deep
learning, fractured-vuggy reservoirs, dynamic parameter
inversion, intelligent energy systems, material balance
equation

NONMENCLATURE

Abbreviations
MBE Material Balance Equation
TCN Temporal Convolutional Network
LSTM Long Short-Term Memory
RNN Recurrent Neural Network
MSE Mean Square Error
MAPE Mean Absolute Percentage Error
TV Total Variation

Symbols
N Dynamic oil in place
Np(t) Cumulative oil
Wo(t) Cumulative water
p(t) Reservoir pressure
pi Initial reservoir pressure
Bo(p) Oil FVF
Boi Initial oil FVF
Bw Water FVF
a Water-influx coefficient
We(t) Water influx term
Cw Water compressibility
G Rock compressibility
Swi Initial water saturation
LHS(t) MBE left-hand side
RHS(t) MBE right-hand side
r(t) MBE residual
T Sequence length
F Feature dimension
Ve Cut-off frequency
L Low-pass kernel span
Wt Time weight

1. INTRODUCTION

Deep fractured-vuggy carbonate reservoirs
represent a vital component of global oil and gas
resources. They hold particular strategic and economic
significance in regions such as China's Tarim Basin, where
proven reserves are immensel?. These reservoirs are
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typically characterized by deep burial, severe reservoir
heterogeneity, and complex, unpredictable production
dynamics®4. These characteristics present two primary
challenges for dynamic analysis and reserve estimation.
First, while conventional methods like material balance
and numerical simulation are built on clear physical
principles, they are prone to non-uniqueness and
sensitivity to initial values when applied to inverse
problems with sparse monitoring data®’!. Second,
although deep neural networks possess strong non-
linear fitting capabilities for production time-series, their
lack of verifiable physical consistency and interpretability
hinders their application in practical engineering
decision-making!®°..

For deep fractured-vuggy carbonate reservoirs,
continuous downhole pressure monitoring is often
infeasible due to prohibitive costs and technical risks.
While static gradient tests provide crucial static reservoir
pressure data, they are disruptive to normal well
production, resulting in only sporadic and extremely
sparse pressure measurements being available!*%Y, |n
this context, material balance methods like the Havlena—
Odeh straight-line analysis remain common in low-data-
density scenarios, but their validity depends on a series
of idealized assumptions and a sufficient amount of
stable pressure data’®. Therefore, the essence of the
current problem is to achieve robust history matching
and inversion of dynamic parameters under the stringent
constraints of sparse data combined with strong physical
laws.

In recent years, various techniques have been widely
applied to history matching, including deterministic
optimization based on sensitivity or adjoint methods,
stochastic assimilation using ensemble Kalman filters or
smoothers, and frameworks for re-parameterization and
uncertainty  quantification  of  high-dimensional
parameter fields!®”). However, when available pressure
observations are extremely sparse, these methods also
face challenges related to insufficient information,
reliance on regularization, and a lack of convergence
robustness. Concurrently, data-driven methods have
advanced rapidly in modeling time-series for energy and
process control systems. Research in deep time-series
modeling shows that modern architectures can achieve
higher prediction stability and interpretability even with
missing data points, non-uniform sampling, and
multivariate coupling. For instance, the deep Koopman
model enhances the robustness of long-term predictions
by learning an approximate linear manifold*?, while
Transformer-based models with attention mechanisms
have demonstrated strong long-term memory and

feature selection capabilities in applications like wind
power and load forecasting!*3%°!,

To bridge the gap between physical models and data-
driven approaches, technologies such as Physics-
Informed Neural Networks (PINNs) and Physics-Guided
Machine Learning (PIML) have emerged. These methods
embed physical constraints like conservation laws,
monotonicity, and boundary conditions into the loss
function or network architecture to guide the learning of
physically self-consistent solutions, particularly in small-
sample and extrapolation scenarios!*®*”!. For example, a
physics-guided, non-iterative optimal control framework
has proven the effectiveness of PIML in geothermal
reservoir optimization and building control systems!*®,
while PINNs driven by structural or trend priors have
significantly improved extrapolation stability and
interpretability in chiller optimal control and energy
consumption modeling!*®!. These advancements inspire a
new approach for deep fractured-vuggy reservoirs with
sparse pressure constraints: first, reconstruct a
continuous pressure profile using physical priors, and
then perform parameter inversion constrained by
reservoir engineering principles to obtain key water
influx parameters. However, for the inverse problem
studied in this paper—which involves coupled unknown
functions and unknown global parameters—designing a
single, end-to-end PINN or PIML framework still presents
significant optimization challenges.

To overcome this dilemma, this paper proposes an
innovative physics-guided decoupled framework that
decomposes the ill-posed problem into two sequential
sub-tasks: (1) Physics-guided pressure reconstruction: A
bespoke hybrid time-series network (PG-TCRN) is
utilized, taking continuous production data as input.
Guided by a composite loss function that embeds
multiple physical priors such as smoothness,
monotonicity, and boundary conditions, this stage
generates a high-quality, continuous pressure profile
from sparse static pressure measurements. (2) Physics-
constrained parameter inversion: The reconstructed,
complete pressure sequence is treated as a known input.
With the material balance equation serving as a strong
physical constraint, the problem is transformed into a
well-defined, low-dimensional optimization task to
accurately invert key water influx parameters.

This work focuses on three primary contributions: (1)
It proposes a physics-guided decoupled workflow
tailored for extremely sparse pressure scenarios,
explicitly separating reconstruction and inversion to
mitigate the ill-posed nature of the problem. (2) It
develops the PG-TCRN (Physics-Guided Temporal
Convolution—Recurrent Network) and employs a



composite physical loss to ensure the smoothness and
physical plausibility of the reconstructed curve. (3) It
validates the framework on a real-world oilfield case,
demonstrating accurate history matching over the well's
life cycle. This research offers a efficient and
interpretable new paradigm for reservoir history
matching and dynamic parameter inversion from sparse
dynamic data.

2. PROBLEM DEFINITION AND EQUATIONS

During the primary recovery of deep, bottom-water
drive, fractured-vuggy reservoirs, the expansion of
connate water within the vugs and the energy released
from reservoir rock deformation are particularly
significant due to the high overburden pressure.
Assuming the conservation of oil and water volumes, the
MBE for a bottom-water drive, fractured-vuggy reservoir
is expressed as:

N, (6)8, (5(6))=N[ &, (5()) -8, ]
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In this equation, the left-hand side represents the
subsurface volume of cumulative oil production. The
terms on the right-hand side are, respectively: first, the
volume change due to the expansion of the oil phase as
reservoir pressure declines; second, the volume of water
influx from the bottom aquifer into the reservoir; third,
the subsurface volume of cumulative water production;
and fourth, the volume change attributed to the
compressibility of the vugs and the connate water.

To achieve closure for the system of equations and
reduce the degrees of freedom, a parameterized model
for the water influx term is required, which transforms
the problem into one of estimating a finite set of
parameters. In this study, water influx is treated as a
response to the pressure drop and is represented by a
linear approximation:

W,(t)=a-N-{p,—p(t)] (2)
Where «a is the water influx coefficient (MPa™),
characterizing the strength of the aquifer response per
unit of pressure drop.

Substituting Eq. (2) back into Eq. (1) yields a balance
equation with only two unknown parameters:
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To clearly formulate the optimization objective, we
first define the right-hand side of Equation (3) as a
parameterized function, denoted by O®:

O(t; p(t),N,a) =N| B, ()-8, |+aNAp

C,S.+C, (4)
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This allows the MBE to be simplified into the compact
form of Equation (5):
N, (t)B, (A(t) = (t; A(t),N, ) (5)
In the above relationship, the oil formation volume
factor B,, is a function of the formation pressure.
Acquiring direct pressure measurements through
methods like static pressure surveys is often disruptive
to normal production operations, resulting in a sparse set
of available data points. For this reason, we employ a
neural network model to reconstruct a continuous time
series of the average formation pressure.
Given the availability of the continuous formation
pressure p(t) and the corresponding B, values, the

parameter inversion problem is explicitly defined as
follows: conditioned on the production history and the
reconstructed pressure trajectory, solve for the optimal
set of parameters (N, a). The optimization objective is to
minimize the material balance residual, r(t), at every time
step:
r(t)=N, (t)8, (A(t)) - ®(t; A(t),N, ) (6)
Collectively, Equations (1) through (6) establish the
physically-constrained foundation for the parameter
inversion stage of this study.

3. METHODOLOGY

To address the ill-posed inversion of reservoir
parameters from sparse pressure observations, this
study proposes an innovative, two-stage physics-guided
framework. The core strategy is to decouple the complex
problem into two sequential sub-tasks. First, a hybrid
deep learning model, the Physics-Guided Temporal
Convolutional-Recurrent Network (PG-TCRN), is utilized.
This TCN-LSTM network is trained with a composite loss
function embedding physical priors—such as
smoothness and boundary conditions—to reconstruct a
continuous and plausible average pressure profile from
production dynamics and scarce static measurements.
Subsequently, this high-quality pressure sequence
transforms the inverse problem into a well-posed, low-
dimensional optimization task. With the material
balance equation serving as a hard constraint, key
parameters, including dynamic reserves and the water
influx coefficient, are accurately inverted by minimizing
the physical residual.



3.1 Physics-guided continuous pressure reconstruction

Given the sparsity of static pressure measurements,
it is imperative to first obtain a continuous and physically
plausible average formation pressure curve. If the
pressure curve contains non-physical high-frequency
oscillations or spikes, the associated errors will
propagate directly into the material balance equation
through the pressure-drop term, thereby amplifying the
systematic bias in the MBE residual. Therefore, the
pressure reconstruction must simultaneously satisfy the
dual requirements of fitting the static pressure
measurements and adhering to morphological
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constraints. This process must be implemented in an
end-to-end differentiable manner, allowing the shape
priors to be incorporated into backpropagation.

The model input is defined as the production
dynamics feature matrix X €R™ ,where T is the time
length and F is the feature dimension. We construct a
hybrid model architecture named PG-TCRN (Physics-
Guided Temporal Convolutional-Recurrent Network),
which combines a Temporal Convolutional Network
(TCN) with a Long Short-Term Memory (LSTM) network.
The model architecture is illustrated in the figure 1.

@ Input Output

Dropout

LayerNorm

1x1 Conv
@ GELU (channel alignment), O

*:DD

Dilated CasualiConv.

Causal padding

Fig. 1 Physics-guided temporal convolutional-recurrent network  (PG-TCRN ) architecture

First, a one-dimensional Temporal Convolutional
Network (TCN) module is employed as a feature
extractor. Through the use of causal and dilated
convolutions, it produces the following output:

H" =@, (X)eR™ (7)

Subsequently, the deep feature sequence, H™",
extracted by the TCN is fed into a two-layer Long Short-
Term Memory (LSTM) network to model medium- to
long-term dependencies, yielding:

Hlstm — LULSTM (Htcn) c RTxH ,
Z(t)=W, H*™(t)+h

As a classic recurrent neural network, the core
advantage of an LSTM lies in its gating mechanism, which
effectively addresses the vanishing and exploding
gradient problems inherent in traditional RNNs. This
enables the network to learn and retain long-term
dependencies within time-series data. A diagram of the
LSTM unit is shown below.
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Fig. 2 Basic structure of LSTM cell

Stacked LSTMs, as deep neural networks with
multiple hidden layers, have become an established
technique for solving complex sequence prediction
problems??. The architecture of a stacked LSTM is
illustrated in Figure 3. This network consists of two LSTM
layers, each containing multiple interconnected LSTM
units. The first LSTM layer receives the raw data as input,
while the input for any subsequent LSTM layer is the
hidden state from the preceding layer. Therefore, in
contrast to a standard LSTM, the hidden state of a given
layer in a stacked LSTM propagates both through time to
the next time step and is also passed to the next layer.
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Fig. 3 The architecture of stacked LSTM

Subsequently, a linear layer maps the hidden states
to a preliminary pressure trajectory. However, pressure
profiles generated directly by the neural network may
exhibit physically implausible, high-frequency local
oscillations. In a complex, multi-porosity medium such as
a fractured-vuggy reservoir, the dynamic evolution of the
average formation pressure is governed by the
fundamental principles of fluid dynamics. The
propagation of a pressure transient through the porous
medium, induced by fluid movement during production,
is fundamentally a diffusion process. The governing
diffusion equation dictates that any pressure wave is
rapidly attenuated and smoothed with distance and time
as it propagates’???, From the principle of material
balance, the rate of pressure change is given by:

do a8

dt gV, c,
For a given production rate g, the vast pore volume, ¢V,
and low total compressibility , c¢:, characteristic of these
reservoirs constrain the rate of pressure decline. This
results in a macroscopically smooth and slow-varying
pressure response. Therefore, to ensure our model
honors this physical behavior, we incorporate the
"smooth and gradual change" as a physical prior in the
training process. This is achieved by introducing a
symmetric, differentiable Gaussian low-pass filter at the
output, which implements smoothing via discrete
convolution:

(9)

plt) =D g,(r)z(t—1),

T=—L
e 7/ (10)

golt)=7——

Ze_kZ/(ZGZ)

k=—L

The kernel radius L and scale o determine the effective
support and the strength of the smoothing. This low-pass
head is implemented as a small convolutional layer,
acting analogously to a signal processing filter. It
smooths the output curve to ensure that the
reconstructed average formation pressure sequence is
consistent with the characteristics of fluid pressure

propagation in fractured-vuggy media.
To guide the model's training towards a physically
consistent solution, we designed a composite loss

function whose objective comprises four components:
anchor point fidelity, shape regularization, a frequency-
domain constraint, and an initial boundary condition. Let
the set of sparse pressure measurement time steps be

Sc{1,..,T} , the observed pressure values be p,, the
first-order difference be Ap(t)=p(t)—p(t—1) and the
second difference as Ap(t) = p(t +1)—2p(t)+p(t —1) . The
total loss is then formulated as:
1 N «\2
(B—pi)

bes | S|

T-1 -
o2 LS o (8(0) + A, —— 3| 8(0)] (11)
-2 t=2 T-1 t=2
> |Fipw)f
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N 2 +
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The first term, anchor point fidelity, ensures that the
reconstructed curve honors all sparse, measured static
pressure points.

The second term provides shape regularization to
maintain the overall smoothness of the curve. It consists
of two components: a penalty on the first-order
difference, Ap(t) , to constrain the total variation of the
curve, and a penalty on the second-order difference,
Kp(t) , to suppress high curvature. The penalty on the

second-order difference employs the Huber loss, which
is more robust than the standard L2 loss, allowing it to
suppress "ringing" artifacts while preserving gradual
changes in curvature:

%uz, lul<é
p,s(u)z (12)

6(|u|—%6j, otherwise

To encourage the model to prioritize fitting the data
points during the initial training phase, the smoothing

weight Aiffw is dynamically adjusted according to the
training progress ¢€[0,1] using a linear annealing
schedule:

Koy =Aun (1.2-0.89) (13)

The third term is a frequency-domain constraint.
Complementing the shape regularization, this term
directly  penalizes non-physical, high-frequency
components above a specified cutoff frequency v. . The
cutoff frequency v, and the low-pass filter scale o are
determined by minimizing a validation metric via a grid
search.

The final term is the initial boundary condition,
which constrains the starting point of the trajectory, p, ,



to be consistent with the known initial formation
pressure, p;.

By minimizing this composite loss function, the PG-
TCRN network generates a pressure trajectory that is
both faithful to the observational data and consistent
with physical principles, thus providing a stable and
reliable input for subsequent material balance
calculations.

3.2 Parameter Inversion under Material Balance
Constraints

Building upon the continuous average formation
pressure sequence p(t) obtained previously, this section

leverages the material balance equation as a strong
physical constraint to jointly invert for the dynamic
reserves (N) and the water influx strength parameter (@)
using an optimization algorithm. With the pressure
trajectory p(t) serving as a prior input, the history
matching task is formulated as an optimization problem
aimed at minimizing an objective function. This function
is defined as the mean squared error (MSE) of the
material balance residual, r(t), across the entire
production history. This approach assigns equal weight
to all time steps, seeking an optimal set of parameters
(N, a) by minimizing the global residual:

L =%ir(t)z (14)

To ensure the inverted parameters N and a remain
within their physically feasible domain, we employ a
differentiable reparameterization technique. Instead of
directly optimizing the parameters, we optimize their
unconstrained counterparts in the logarithmic domain
and map them back to the original space via an
exponential transformation:

N=exp(N), a=exp(d) (15)

Here, N and @& are unconstrained latent variables
within the optimization process. Furthermore, to
enhance the stability of the optimization and prevent the
parameters from drifting in intervals dominated by
noise, a lightweight L2 regularization term is
incorporated into the objective function:

Lreg ZAN (N_Nprior )2 +Ao( (&_&prior )2 (16)

The final objective function is therefore the sum of the
MSE and regularization terms:

Ltotal :LJ +Lreg (17)

This optimization problem is solved using a first-

order, gradient-based method, complemented by a

learning rate scheduler and an early stopping criterion.

To mitigate numerical issues arising from the different

scales of various physical quantities, all input variables
are normalized before being passed to the loss function.

4. CASE STUDY
4.1 Dataset and Experimental Setup

4.1.1 Data source and features

To validate the effectiveness and practicality of the
proposed framework, we conduct a case study using
dynamic data from a real production well in the Z oilfield,
located in China's Tarim Basin. This deep, fractured-
vuggy carbonate reservoir is characterized by extreme
heterogeneity and complex production dynamics. Harsh
downhole conditions make continuous pressure
monitoring prohibitively expensive, resulting in
exceptionally sparse data, which provides an ideal and
challenging test case for our method.

The dataset contains the well's complete daily
production history, including cumulative oil (N,) and
water (W,) production, alongside other dynamic
features. Critically, only six discrete static pressure
measurements were available over the well's entire
production life.

4.1.2 Physical parameter setup

The rock and fluid properties required for the
material balance equation were determined based on
the geological and PVT analyses of the reservoir block.
Some of these are known constants, while others are
typical values established from offset well data and
empirical knowledge, as detailed in table. 1:

Table. 1 Reservoir and fluid properties

Parameter Value Unit
pi 85.2 MPa
Boi 2.463
Bw 1.034
Cw 4.5x10* MPa?
Cr 1.0x10* MPa?
Swi 10 %

4.1.3 Model implementation and setup

The algorithmic framework for this research was
implemented using PyTorch and adheres to the two-
stage process outlined in the Methodology section.

Stage One: The PG-TCRN model, with 3 ConvTCN and
2 LSTM modules (hidden dimension: 64), was trained
using an Adam optimizer (initial LR: 1E-3). Weights for
the composite loss function were determined via cross-
validation to balance data fidelity with physical
regularization.

Stage Two: Using the reconstructed pressure profile,
the physical residual loss was minimized with the Adam



optimizer to solve for dynamic reserves (N) and the
water influx coefficient (a). This optimization typically
converged within several hundred iterations.

These settings ensure the objectivity and
reproducibility of the entire case study process.

4.2 Results and Analysis

4.2.1 Validation of pressure reconstruction
performance

The pressure curve reconstructed by the PG-TCRN
model is presented in Figure 4.
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Fig. 4 PG-TCRN: Pressure Reconstruction Results

It is visually apparent that the reconstructed curve
not only passes precisely through all known data anchor
points but also demonstrates a high degree of fidelity to
the measured static pressure points.

In contrast to the highly fluctuating tubing pressure
curve that served as an input reference, the model
produced a continuous and smooth formation pressure
curve, successfully extracting a more stable and realistic
underlying pressure dynamic from the noisy signal.

To quantitatively assess the physical plausibility of
the reconstructed curve, Table 2 summarizes its
morphology and boundary-consistency metrics. The High
Freq Ratio is only 0.038%, indicating that the energy in
the frequency domain above the cutoff frequency, v, is
negligible. Combined with the Total Variation (TV) and
curvature energy values, it is evident that the curve has
no significant "sawtooth" or "ringing" artifacts at either
the first- or second-order levels. Furthermore, the initial
anchor point error is merely 0.38% of the original
formation pressure, which confirms the baseline
consistency in magnitude. Collectively, these metrics
verify that the physics-guided mechanism successfully
integrated engineering priors into the neural network's
training process. Therefore, using the reconstructed
pressure, p(t) , as the input for Equations (1)—(3) is
both physically acceptable and stable.

Table. 2 Quantitative metrics for pressure reconstruction quality

Metric Value Description
v 86.94 Metric of 1st-order smoothness; suppresses sawtooth artifacts.
Curvature Energy 5.047 Metric of 2nd-order smoothness; suppresses ringing artifacts.
High Freq Ratio 3.82x10™* Ratio of power above the cutoff frequency to measure non-physical oscillations.
Anchor Error 0.326 Absolute error (MPa) of the initial pressure prediction, ensuring baseline consistency.

4.2.2 Parameter Inversion and History Matching

Upon obtaining the high-quality, continuous
pressure curve, the process proceeds to the inversion
stage for key physical parameters related to water influx.
With the pressure profile, p(t), held constant, the
parameters for dynamic reserves and water influx
strength are estimated by minimizing the robust
weighted loss of the material balance equation's residual
at each time step. The results are presented in table 3:

Table. 3 Inverted parameters and goodness of fit

Metric Value Unit

N 12.61 10%m?3

a 6.36x10°3 MPal
MBE_RMSE 909.29 m?3

No_MAPE 0.218 %

The ultimate validation of the history match lies in
the model's ability to reproduce the historical production
dynamics using the inverted parameters. First, the two
sides of the material balance equation are compared in
the MBE space. Let:

LHS=N_B, (18)
RHS =N[B,—B, |+ W, -W,B,
c,S, +C . (19)

+NB, W].Lsfl:pi _p:|

A comparison plot of the LHS versus the RHS is
generated to verify historical consistency.
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Fig. 5 Verification of material balance closure: temporal
comparison and diagonal cross-plot analysis: (a)
Temporal comparison of LHS and RHS; (b) RHS vs. LHS
diagonal cross-plot verification

The cumulative oil production, calculated using the
inverted parameters (N, a) via the material balance
equation, was compared against the actual historical
cumulative production. As seen in figure 5, the two
curves show a high degree of overlap throughout the
entire production history, indicating that the method
achieves a precise fit of the historical production
dynamics and confirms that the conservation
relationship holds true for the inverted parameters.

To further investigate the drive mechanisms of the
fractured-vuggy reservoir, the RHS is decomposed into
four key components: the oil expansion term, the water
influx term, the water production term, and the total

compressibility term.
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Fig. 6 RHS components and stage shares

The analysis clearly indicates that during the early
production stage, the decline in formation pressure is
gradual. Nevertheless, water influx activates before a
significant pressure differential is established and rapidly
becomes the dominant drive mechanism. This suggests
the reservoir is connected to a highly active edge or
bottom aquifer that provides immediate pressure
support. As production continues, the pressure
differential across the reservoir grows, leading to a
progressively larger contribution from the expansion of

the reservoir fluids. By the later stages of production,
fluid expansion has supplanted water influx as the
primary drive mechanism. This sequence reveals the
transition of the dominant drive mechanisms at different
production phases of the reservoir.

5. CONCLUSION

Dynamic analysis of deep fractured-vuggy carbonate
reservoirs presents significant challenges due to sparse
formation pressure data, which creates a dilemma for
engineers. Traditional physical models often lack
adaptability, while purely data-driven methods lack
physical constraints. To address this issue, we have
innovatively proposed and validated a physics-guided
hybrid framework. The main conclusions of this study are
as follows:

(1) This research introduces an innovative,
decoupled two-stage framework that has been proven to
be an effective strategy for solving such complex
engineering inverse problems. By strategically
decomposing the problem into two logically sequential
sub-tasks—"physics-guided pressure reconstruction"
and "physics-constrained parameter inversion"—the
framework significantly reduces the difficulty of the
solution process and successfully integrates the powerful
non-linear mapping capabilities of neural networks with
the physical prior knowledge of reservoir engineering.

(2) The designed physics-guided temporal
convolutional-recurrent network (PG-TCRN) successfully
reconstructed a continuous, smooth, and physically
plausible average static formation pressure curve under
the strong constraint of only 6 sparse observation points.
Experiments demonstrate that through shape
regularization and frequency-domain suppression,
physical prior knowledge can be transformed into
learnable mathematical constraints, vyielding a
continuous, stable, and engineering-credible pressure
curve that provides a stable input for the subsequent
inversion stage.

(3) In its application to a real-world oilfield case, the
framework, using the reconstructed pressure curve,
accurately matched the entire production history of the
well's current life cycle through the subsequent material
balance inversion.

In summary, this paper provides a robust, efficient,
and interpretable new paradigm for history matching
and the inversion of key water influx parameters for
fractured-vuggy reservoirs using sparse dynamic data.
The framework not only offers technical support for the
dynamic analysis of deep fractured-vuggy carbonate
reservoirs, such as the A oilfield, but may also serve as a



valuable reference for other engineering domains facing
similar challenges of data scarcity.
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