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Abstract: Accurate oil and gas production forecasting is essential for optimizing field
development and operational efficiency. Steady-state capacity prediction models based on
machine learning techniques, such as Linear Regression, Support Vector Machines, Random
Forest, and Extreme Gradient Boosting, effectively address complex nonlinear relationships
through feature selection, hyperparameter tuning, and hybrid integration, achieving high
accuracy and reliability. These models maintain relative errors within acceptable limits,
offering robust support for reservoir management. Recent advancements in spatiotem-
poral modeling, Physics-Informed Neural Networks (PINNs), and agent-based modeling
have further enhanced transient production forecasting. Spatiotemporal models capture
temporal dependencies and spatial correlations, while PINN integrates physical laws into
neural networks, improving interpretability and robustness, particularly for sparse or noisy
data. Agent-based modeling complements these techniques by combining measured data
with numerical simulations to deliver real-time, high-precision predictions of complex
reservoir dynamics. Despite challenges in computational scalability, data sensitivity, and
generalization across diverse reservoirs, future developments, including multi-source data
integration, lightweight architectures, and real-time predictive capabilities, can further
improve production forecasting, addressing the complexities of oil and gas production
while supporting sustainable resource management and global energy security.

Keywords: machine learning; steady-state capacity prediction; transient production
forecasting; spatio-temporal analysis; physics-informed neural networks

1. Introduction

Oil and natural gas, as pivotal energy resources, play indispensable roles in driving
global economic growth and societal advancement [1]. Despite the abundance of global
oil and gas reserves, significant challenges persist in oil and gas extraction, reservoir re-
serve estimation, and the optimization of transient production strategies, especially as
traditional fields approach depletion and newly discovered reservoirs exhibit increasing
complexity [2,3]. Ensuring a stable and sustainable energy supply necessitates accurate
production forecasting, comprehensive steady state capacity assessments, and the develop-
ment of efficient production strategies. These demands are not only critical for optimizing
resource utilization but also essential for long-term energy security and sustainable devel-
opment [4-6].

Steady state capacity and transient production forecasting, as a foundational tech-
nology in oil and gas field development, hold immense theoretical and practical signifi-
cance [7]. Accurate forecasting enables the formulation of optimized development strate-

Energies 2025, 18, 842

https://doi.org/10.3390/en18040842


https://doi.org/10.3390/en18040842
https://doi.org/10.3390/en18040842
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-9510-7270
https://doi.org/10.3390/en18040842
https://www.mdpi.com/article/10.3390/en18040842?type=check_update&version=1

Energies 2025, 18, 842

2 of 25

gies, enhances operational efficiency, and maximizes resource utilization [8,9]. Traditional
methods, such as decline curve analysis (DCA) [9-12] and reservoir numerical simulations
(RNS) [13-15], have been widely applied and provide valuable insights. However, as
the focus shifts toward unconventional reservoirs, the limitations of these conventional
approaches, including reduced accuracy and scalability, have become increasingly evi-
dent [16].

A bibliometric analysis of research publications from 2010 to 2024 reveals a significant
increase in studies related to oil and gas production prediction (OGPP), reflecting the
growing importance of this field. As shown in Figure 1, the number of publications in this
area has grown steadily, from 37 in 2010 to 1311 in 2023. Research in oil and gas productivity
forecasting (OGPF) has also increased, though at a slower pace, with annual publications
rising from 11 in 2010 to 119 in 2023. Additionally, studies in reservoir modeling (RM) have
exhibited notable growth, starting from 148 publications in 2010, peaking at 1154 in 2022,
and slightly declining to 1080 in 2023. This trend underscores the increasing reliance on
advanced computational and data-driven techniques to enhance production prediction
accuracy and efficiency.
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Figure 1. Trends in the Number of Papers Related to Oil and Gas Production Prediction.

Recent advancements in computational power and algorithm development have cat-
alyzed the adoption of machine learning (ML) techniques in production forecasting [17].
Machine learning is primarily categorized into supervised learning and unsupervised learn-
ing. Supervised learning involves training models using labeled data, where the algorithm
learns the relationship between input features and known output values. Examples include
regression models (e.g., linear regression, support vector regression) and classification
models (e.g., decision trees, neural networks). The advantage of supervised learning is its
high accuracy when sufficient labeled data are available; however, it heavily depends on
data quality and requires significant manual labeling effort.

Unsupervised learning, on the other hand, is used when labeled data are unavailable.
It identifies patterns and structures in data through clustering (e.g., K-means, DBSCAN)
or dimensionality reduction (e.g., PCA, autoencoders). The advantage of unsupervised
learning is its ability to discover hidden patterns without requiring labeled data, but it
often produces results that are harder to interpret and evaluate.
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Steady-state capacity forecasting and transient production forecasting typically fall
under unsupervised learning, as they rely on recognizing historical data patterns without
explicit input-output mappings. However, hybrid approaches that integrate supervised and
unsupervised learning, such as semi-supervised and self-supervised learning, are emerging
to enhance predictive accuracy and robustness [18]. ML algorithms, characterized by their
ability to extract latent patterns from data, have demonstrated unparalleled potential in
improving prediction accuracy and computational efficiency. Emerging methods such
as deep learning frameworks, including recurrent neural network (RNN), convolutional
neural network (CNN), and physics-informed neural network (PINN), alongside proxy
models, provide innovative solutions to complex forecasting challenges. These techniques,
tailored to address nonlinear dynamics, spatiotemporal dependencies, and intricate physi-
cal constraints, offer a scientific and reliable foundation for decision-making in oil and gas
field development.

This paper aims to provide a comprehensive review of the application and opti-
mization of ML techniques in steady-state capacity prediction and transient production
forecasting. By systematically analyzing the strengths, limitations, and optimization strate-
gies of various approaches, this study identifies current trends and future directions in
ML-driven forecasting. Special emphasis is placed on integrating ML with physical con-
straints to enhance both prediction accuracy and interpretability. This paper is divided
into time-independent steady-state capacity forecasting and time-dependent transient pro-
duction forecasting. The transient production forecasting is further categorized into time
series models, spatiotemporal models, physics-based models, and proxy models. The paper
summarizes the latest forecasting methods and discusses future research directions. The
paper is structured as follows: Section 2 reviews machine learning methods for steady-state
capacity prediction. Section 3 examines transient production forecasting with a focus on
spatiotemporal approaches. Section 4 discusses integrating physical constraints into predic-
tions. Section 5 highlights proxy models for large-scale simulations. Section 6 summarizes
challenges and future research directions. Lastly, the conclusions of this paper are provided
in Section 7.

2. Steady-State Capacity Forecasting

Steady-state capacity forecasting is a fundamental aspect of oil and gas field develop-
ment. Accurate assessment of reservoir productivity before production testing is critical for
improving testing efficiency and informing development strategies [18]. In recent years, the
rapid advancement of machine learning algorithms has led to the widespread adoption of
both traditional machine learning and neural network methods in productivity prediction,
yielding promising results [19]. Traditional machine learning approaches include linear
regression (LR), support vector machines (SVM) [20-22], random forests (RF) [23-26], and
gradient boosting (GB) [27-29]. Researchers have made significant progress in exploring
these methods for capacity prediction. Figure 2 illustrates the workflow for productivity
prediction, encompassing feature selection, data splitting, model training, nested opti-
mization algorithms, and model evaluation. Common feature selection techniques include
the gray correlation approach (GRA) [30], principal component analysis (PCA) [31], and
K-means clustering [32].



Energies 2025, 18, 842

4 of 25

Optimization
Method

missing

state prod_year

<
s
&

Static Data and
Productivity

1
0
>

) Predict Y Model — Plot the
producivity Results

Figure 2. Workflow for productivity prediction.

2.1. Linear Regression Algorithm

Linear regression assumes a linear relationship between the input features and the
target variable, meaning the output can be expressed as a weighted sum of the inputs plus
a bias term. It also assumes that the independent variables are not highly correlated (no
multicollinearity), the residual errors are normally distributed with a mean of zero, and
homoscedasticity is present, meaning the variance of errors remains constant across all
values of the independent variables [33].

Steady-state capacity in oil and gas fields is influenced by numerous factors, many
of which are difficult to quantify. The relationship between these factors and productivity
often exhibits complex nonlinear behavior [34]. Changes in individual factors may lead
to nonlinear effects on productivity, while interactions among multiple factors can further
amplify these effects. Consequently, accurate capacity forecasting requires sophisticated
and advanced refined modeling techniques.

To address this challenge, researchers have proposed combining pre-regression tech-
niques with regularization methods such as the Least Absolute Shrinkage and Selection
Operator (Lasso) [35] and ridge regression (Ridge) [36]. Initially, pre-regression methods
identify variables significantly associated with steady-state capacity, simplifying model
structure and enhancing computational efficiency. Subsequently, Lasso and Ridge are
applied to build the productivity prediction model. Experimental results demonstrate that
this approach achieves high prediction accuracy on both training and test datasets, with
relative errors controlled within 15%. These findings validate the effectiveness and accuracy
of the strategy, offering robust technical support for oil and gas field development [35].

The model evaluation metrics used to assess the prediction results include the Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Coefficient of Determination (R?), and Mean Absolute Percentage Error (MAPE). The
calculation formulas are as follows:

1 n
MAE = —} |gi — il M
i=1
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In the formula, g; represents the actual value, g, is the mean of all actual values, and §;
represents predicted value

Due to the nonlinear relationships between the influencing factors, simple linear re-
gression may not capture these complexities, thus more advanced modeling techniques
are required. By combining pre-regression methods with linear regression (LR), the model
structure can be simplified, computational efficiency improved, and high prediction accu-
racy maintained.

2.2. Support Vector Machine

Support vector machines (SVM) are extensively utilized in traditional machine learning
for regression and classification tasks, including steady-state capacity prediction of oil and
gas wells, well classification, and fluid flow stage prediction [22,37]. SVM assumes that the
data can be separated by a hyperplane, or in the case of nonlinear SVM, that a suitable kernel
function can transform the data into a higher-dimensional space where it becomes linearly
separable [38]. It also assumes a trade-off between maximizing the margin and minimizing
classification errors, and the choice of kernel function significantly impacts performance.

Ibrahim demonstrated the effectiveness of SVM in predicting the steady-state capacity
of a single well [39]. Similarly, Jessica achieved a prediction accuracy of 84% by com-
bining stochastic gradient descent (SGD) with SVM [40]. highlighting the crucial role of
optimization techniques in improving prediction efficiency and accuracy.

To further enhance SVM’s predictive performance, researchers have focused on data
preprocessing, such as dimensionality reduction using PCA [41], K-means clustering for
screening fracturing construction parameters [42], and integrating multiple methods to
predict shale oil steady-state capacity [43]. Additionally, structural optimizations, such
as tuning SVM hyperparameters with the Gray Wolf Optimization (GWO) algorithm [44],
have yielded improved results.

In conclusion, SVM performs excellently in predicting the steady-state capacity of
oil and gas wells, effectively handling nonlinear relationships and performing both clas-
sification and prediction tasks. The use of optimization techniques, such as SGD and
hyperparameter tuning with GWO, significantly enhances the prediction accuracy of SVM.
Additionally, data preprocessing methods like dimensionality reduction using PCA and
K-means clustering have further improved SVM performance. The combination of these
techniques makes SVM highly applicable and effective in steady-state capacity prediction
in the oil and gas industry.

2.3. Integrated Classification Methods

Integrated learning methods, particularly random forest (RF) classifiers, have demon-
strated outstanding performance in recent years [45]. By combining multiple decision
trees in parallel, RF effectively mitigates overfitting and significantly enhances prediction
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accuracy and robustness [24]. With strong generalization capabilities, RF is suitable for
both classification and regression tasks, particularly in high-dimensional and complex
feature scenarios. Random forest assumes that the individual decision trees in the ensemble
are independent and that each tree captures different aspects of the data by randomly
selecting subsets of features. It also assumes that the selected features provide meaningful
information for the prediction task and that an ensemble of trees will generalize better than
a single tree. Sufficient training data are necessary to ensure diverse and robust trees.

For instance, Shi applied RF models to predict proven oil reserves, incorporating
multidimensional indicators such as oil resources, geological conditions, and extraction
technologies [46]. This approach overcame the limitations of traditional models, providing
accurate and reliable predictions for exploration decision-making. Further improvements
have been achieved through hyperparameter optimization, such as refining RF’s perfor-
mance with the Particle Swarm Optimization (PSO) method [47].

In conclusion, integrated learning methods, particularly Random Forest (RF) classifiers,
excel in prediction tasks. By combining multiple decision trees, RF effectively mitigates
overfitting, enhances prediction accuracy and robustness, and is especially suitable for
high-dimensional and complex datasets. RF assumes that each decision tree captures
different aspects of the data, thereby enhancing the model’s generalization ability. The
performance of RF is further improved through hyperparameter optimization techniques,
such as Particle Swarm Optimization (PSO).

2.4. Extreme Gradient Boosting Algorithm

Extreme Gradient Boosting (XGBoost), a gradient boosting-based integrated learning
method, offers high efficiency, accuracy, and interpretability [48]. XGBoost assumes that
weak learners (decision trees) can be improved iteratively by correcting the residual errors
of previous trees in a boosting framework. It follows an additive model where each tree
refines the predictions of the previous ones. The model assumes that the loss function is
differentiable for gradient-based optimization and that the data are not excessively noisy,
as boosting methods are sensitive to overfitting on noisy datasets. By iteratively training
multiple weak classifiers and combining them into a strong classifier, XGBoost effectively
handles large-scale datasets and improves prediction accuracy [49]. For instance, Liao
employed XGBoost to predict productivity in low-permeability reservoirs, incorporating
feature relationships, multi-modeling, and k-fold cross-validation to enhance accuracy
and robustness [50]. Similarly, Liu applied gradient boosting algorithms like XGBoost,
LightGBM, and Gradient Boosting Decision Tree (GBDT)to predict the steady-state capacity
of shale oil horizontal wells, identifying key features that inform extraction strategies [51].

XGBoost is an efficient, accurate, and interpretable integrated learning method that
iteratively optimizes weak learners (decision trees) by correcting the residual errors of
previous trees, thereby improving prediction accuracy. XGBoost is suitable for large-scale
datasets and effectively handles complex prediction tasks, especially in applications such
as predicting productivity in low-permeability reservoirs and steady-state capacity in
shale oil wells. It relies on differentiable loss functions for gradient-based optimization
and is sensitive to noise, emphasizing the importance of clean and high-quality data. By
combining multi-modeling, feature relationships, and cross-validation, XGBoost provides
high accuracy and robustness in its predictions, demonstrating its strong potential in the
oil and gas industry.
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2.5. Neural Network Approach

Multilayer Perceptron (MLP), a type of artificial neural network (ANN), consists
of multiple hidden, input, and output layers. MLP assumes that the input data can
be transformed into a separable form through nonlinear activation functions. It also
assumes that the training data are independent and identically distributed (IID), ensuring
stable learning. The model relies on sufficient training data to learn complex patterns
and assumes that hyperparameters, such as learning rate, network depth, and activation
functions, are properly tuned to avoid issues like vanishing or exploding gradients. MLP
excels at learning complex nonlinear relationships and is widely applied in productivity
prediction [52]. However, MLP models are highly sensitive to hyperparameters, and
incorrect configurations can lead to significant computational costs [53]. Table 1 outlines
key factors affecting prediction accuracy and corresponding strategies for improvement.

Table 1. Factors Affecting Capacity Prediction Accuracy and Coping Strategies.

Factors Influence on Prediction Accuracy Coping Strategies

. . Improve data
Noise, missing values, and p

Data Quality outliers reduce model robustness co'llectlon,' cleaning, and
imputation methods
Feature Selection and Poor selection causes overfitting Use ML/ statistical methods
Dimensionality Reduction and reduces accuracy and regularization
Model Complexity Excessive complexity leads Apply regula.rlzatlon,
. o cross-validation, and
and Overfitting to overfitting .
early stopping
Nonlinear Relationship Unadch.*essed n.on.hnearltles Employ quels handhng
bias predictions nonlinearity

Wang applied ANN methods to predict and analyze the steady-state capacity of the
Bakken shale reservoir [54]. To improve robustness of ANN, k-fold cross-validation was im-
plemented, while Sobol analysis was used to examine engineering parameters influencing
production. Additional techniques, such as Kalman filtering for data preprocessing, fur-
ther alleviated the impact of missing data, optimized computational speed, and enhanced
prediction accuracy [55]. Jiang combined ANN with conservation of mass equations in a
control volume model to indirectly predict production capacity changes, enhancing both
prediction accuracy and interpretability [56].

MLP is a type of ANN that excels at learning complex nonlinear relationships and
is widely used in productivity prediction. MLP assumes input data can be transformed
into a separable form through nonlinear activation functions, and requires IID training
data for stable learning. While MLP is effective at capturing intricate patterns, it is highly
sensitive to hyperparameter settings, and incorrect configurations can lead to significant
computational costs. To improve robustness and prediction accuracy, various strategies
have been employed, such as k-fold CV (Cross-Validation), Sobol analysis, and KF (Kalman
Filtering) for data preprocessing. Additionally, combining MLP with physical models, like
CMM (Conservation of Mass equations), can enhance both accuracy and interpretability
of predictions.

Different prediction models show varying accuracy and advantages in forecasting
steady-state capacity for oil and gas field development. Table 2 summarizes the character-
istics, applicable scenarios, advantages, and limitations of different methods for capacity
prediction. Linear regression, due to its simplicity and the assumption of a linear relation-
ship between input features and the target variable, typically provides lower prediction
accuracy (R? around 0.5-0.7) and struggles with complex, nonlinear data. Support Vector
Machines (SVM) offer moderate accuracy (R? around 0.6-0.8) for small to medium datasets,
but their performance is highly dependent on the choice of kernel function and can be
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slow for large datasets. Random Forest performs relatively well with higher accuracy (R?
around 0.7-0.9) due to its ability to handle nonlinear relationships, though it comes with
higher computational cost. XGBoost, with its strong ensemble learning capability, often
achieves higher accuracy (R? around 0.8-0.95), but its sensitivity to noisy data can reduce
its robustness. Multi-layer Perceptrons (MLP) can capture complex nonlinear patterns with
accuracy ranging from 0.8 to 0.95, but require large datasets and substantial computational
resources, and are sensitive to hyperparameters [57-59].

Table 2. Applicability and Pros/Cons of Capacity Prediction Methods.

Applicable

Algorithm Type Characteristics Scenarios Advantages Limitations
. . . . . Low computation, easy Poor for complex,
Linear Regression Method Simple, interpretable Typically < 1000 samples to explain nonlinear data
SVM Flexible, handlgs 100-5000 samples Works well with Slow for large datasets
complex boundaries small samples
Integrated Classification Combines multiple 500-50,000 Reduces overfitting, High computation, long
Methods models for accuracy samples handles high dimensions training time
MLP Lea.rns complex 10,000+ samples Powerful learning, Hard to tune,
nonlinear patterns adapts to complex tasks resource-intensive

Optimization algorithms significantly improve the accuracy of prediction models by
fine-tuning hyperparameters. For example, regularization and cross-validation help linear
regression reduce overfitting and improve accuracy. For SVM, optimizing kernel functions
and penalty parameters enhances its performance, improving R? to 0.75-0.85 [60]. Random
Forest and XGBoost, by adjusting tree depth, learning rates, and regularization terms,
can achieve R? values between 0.85 and 0.98, improving their ability to handle complex
nonlinear data [61,62]. MLP can improve its accuracy by fine-tuning hidden layers and
learning rates, helping to reduce overfitting [63]. Overall, optimization algorithms refine
hyperparameter settings, boosting model generalization and accuracy, making them more
effective for handling complex, high-dimensional data in oil and gas field development.

3. Considering Spatiotemporal Sequence Production Prediction

Transient production is a critical indicator of oil and gas field development, and
accurate prediction of future production is essential for analyzing reservoir development
dynamics [64]. Changes in single-well production are influenced by various factors such as
reservoir properties and production enhancement measures. To achieve accurate single-
well production prediction, it is necessary to comprehensively consider the temporal
and spatial series of production and understand the characteristics of production changes.
Conventional production forecasting methods include production DCA, RNS and analytical
methods [65]. However, machine learning methods, with their stronger nonlinear fitting
ability and higher efficiency, show greater potential, particularly for transient production
prediction [66].

Building on single models, researchers have optimized predictions through hyper-
parameter selection, data preprocessing and elimination of outliers to make model more
accurate [67]. Figure 3 demonstrates the workflow for transient production prediction
considering spatio-temporal series, involving feature selection, dataset partitioning, model
selection, model training, and evaluation.
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Figure 3. Spatio-temporal series yield prediction process.

3.1. Considering Time Series Transient Production Prediction

Numerous machine learning algorithms address production forecasting, with promi-
nent models including MLP, RNN, and CNN. MLP updates parameters via backpropaga-
tion to predict production [68], RNN effectively handles temporal dependencies through
its recurrent structure [69], and CNN excels in feature extraction and spatial hierarchy
recognition [70]. However, due to inherent limitations in these models, Table 3 shows
researchers have optimized their structures to better align with the characteristics of oil
and gas production data, resulting in improved accuracy and broader applicability in
production prediction tasks.

Table 3. Methods for Improving Transient Production Prediction Accuracy.

Optimization Method Advantages Challenges and Limitations

Complex process,
computationally intensive,
time-consuming
Reduces noise, improves data  Requires deep understanding
stability, enhances training of data, risks information loss
Results depend on initial
clustering centers, may
be unstable
Requires careful
Handles linear and nonlinear model/algorithm selection,
data, improves accuracy risk of overfitting or heavy
computational load

Hyperparameter Significantly improves model
Optimization accuracy, reduces overfitting

Data Preprocessing

Identifies patterns using

Feature Selection . T
clustering, optimizes inputs

Ensemble Techniques

3.1.1. Multi-Layer Perceptron

MLP is a foundational model for time series prediction problems. Tian developed
a back-propagation (BP) neural network model using time, cumulative production, and
formation pressure as inputs and shale gas daily production as output [71]. To enhance
model performance, a genetic algorithm (GA) was employed to optimize BP network bias
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and weights, significantly improving prediction accuracy. Zhou proposed a combined BP-
LSTM model, further improving prediction accuracy by integrating empirical constraints
with the BP-LSTM algorithm [72].

3.1.2. Recurrent Neural Network and Variants

RNN, particularly Long Short-Term Memory (LSTM) networks, have been widely
applied in production prediction. LSTM addresses long-term dependencies through gating
mechanisms. Traditional RNNs assume that short-term dependencies in time series can be
captured through recursive structures, but they may struggle with long-term dependencies,
leading to issues like vanishing or exploding gradients [73]. LSTM and Gated Recurrent
Unit (GRU) are improvements that address these problems and enhance the model’s ability
to handle long-term dependencies. Hou demonstrated the superiority of LSTM over
traditional backpropagation (BP) methods by utilizing oilfield production data spanning
13 years and incorporating Dropout layers to prevent overfitting [74].

Researchers have focused on hyperparameter optimization and data preprocessing
to improve LSTM’s prediction accuracy. For example, Song optimized LSTM parameters
using a particle swarm optimization (PSO) algorithm, significantly enhancing production
prediction accuracy in fractured horizontal wells [75]. Liu further improved LSTM input
processing by combining integrated empirical modal decomposition (EEMD) with dynamic
time regularization (DTW), achieving higher prediction precision [76].

Some scholars have combined multiple LSTM models through integration methods,
improving accuracy and robustness [77]. Fan divided production forecasts into linear and
residual parts, using ARIMA for linear trends and LSTM for residual variations [78]. This
hybrid approach enhanced prediction accuracy and provided a comprehensive understand-
ing of yield change patterns.

However, LSTM suffers from a large number of parameters and low convergence
rates, especially when handling large datasets, resulting in poor processing capabilities.
To address these issues, Cho proposed the GRU based on LSTM [79]. GRU simplifies the
internal structure of LSTM, reduces network training time, and maintains a certain level
of prediction accuracy. Li introduced a novel framework combining a bidirectional gated
recurrent Unit (Bi-GRU) and the sparrow search algorithm (SSA) [80]. The Bi-GRU fully
exploits past and future information from production sequences and relevant features,
while SSA is utilized for hyperparameter tuning of the Bi-GRU model, thereby enhancing
the accuracy of oil production rate prediction. Gao developed GRU and LSTM-based yield
prediction models, integrating regression interpolation for noise reduction and differencing
methods for data preprocessing [81]. These approaches address issues such as outliers and
periodic fluctuations in oilfield production data, ultimately improving model prediction
accuracy. Li proposed a combined neural network model based on Bi-GRU and Multi-Task
Learning (MTL) [82]. MTL integrates multi-stage production forecasting tasks by sharing
task-related representations to enhance prediction accuracy. It also adjusts the loss func-
tion weights to improve the model’s fitting ability. Du structurally improved the GRU to
extract external economic information and incorporated autoregressive models to embed
prior knowledge, enhancing the model’s capability to capture temporal sequence informa-
tion [83]. This improvement not only increases prediction accuracy but also accounts for
the impact of economic changes on production variations.

In recent years, RNN and their variants, particularly LSTM networks, have been widely
applied in oilfield production forecasting. By incorporating techniques such as dropout
layers and transfer learning, LSTM has demonstrated superior performance in prediction
tasks. To further enhance prediction accuracy, researchers have explored areas such as
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hyperparameter optimization, data preprocessing, and model integration, employing
techniques like PSO and integrating EMD with GA [84].

Additionally, the GRU, a variant of LSTM, simplifies the internal structure to reduce
training time, while the Bi-GRU leverages both past and future information in sequences
for improved predictions. Figure 4 illustrates the network structures of RNN, LSTM, and
GRU. The integration of methods such as regression interpolation, differencing, and MTL
has further enhanced the accuracy and robustness of predictions. Moreover, structurally
improved GRUs can extract external economic information and incorporate autoregressive
models to enhance the ability to capture temporal sequence information, thereby better
accounting for the impact of economic changes on production variations.
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Figure 4. Machine learning models for time-series analysis: (a) RNN (b) LSTM (c) GRU.

RNN and its variants, especially LSTM, have demonstrated significant effectiveness in
production forecasting by addressing long-term dependencies in time series data. Optimiza-
tions such as hyperparameter tuning, advanced preprocessing, and hybrid integrations
have further improved accuracy and robustness. Additionally, simplified variants like GRU
and frameworks like Bi-GRU optimized with algorithms such as SSA have reduced com-
putational demands while maintaining accuracy. Despite these advancements, challenges
in scalability, computational efficiency, and overfitting remain, highlighting the need for
lightweight architectures, automated tuning, and advanced noise mitigation techniques to
enhance future production prediction applications.

3.1.3. Convolutional Neural Networks and Variants

Convolutional Neural Networks assumes that the data have local features that can
be captured through convolution operations. The convolution operation assumes that
the input data exhibits translation invariance in space or time, meaning that the same
feature will behave similarly at different locations [84]. CNN extracts higher-order features
of the data layer by layer, making it effective for capturing local patterns, particularly
in image and time-series data. Originally designed for image processing, CNNs have
been adapted to time-series data by incorporating one-dimensional convolutions and
structural modifications. Temporal Convolutional Networks (TCNs), for instance, introduce
causal convolutions and residual concatenations, enabling the model to handle variable-
length sequences while avoiding gradient vanishing and explosion issues in RNNs [85].
Additionally, adjustable convolution kernel sizes enhance adaptability to varying time
series lengths, further improving prediction accuracy [86,87]. Figure 5 illustrates the
structures of CNN and TCN models structure.
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To improve CNN's prediction accuracy, Zheng proposed a TCN model combined with
an attention mechanism [88]. By expanding TCN'’s sensory field through causal convolution,
the model processes longer time-series information with fewer network layers. Residual
connectivity enhances information transfer across layers, addressing network degradation
issues. The attention mechanism focuses on critical input sequence components, further
boosting prediction accuracy. Similarly, Zhang optimized TCN hyperparameters using
SSA, enhancing performance and generalization capabilities [89]. SSA (Sparrow Search
Algorithm) is a population-based optimization algorithm that effectively explores the
solution space to identify the optimal solution.

3.1.4. Multi-Model Production Prediction

Building on CNN’s ability to extract features, many scholars have combined CNN
with other models to achieve higher prediction accuracy [53]. Zha proposed a CNN-
LSTM model for gas well production prediction, where CNN extracts features and LSTM
captures sequence-dependent learning [90]. This combination proved more effective than
standalone CNN or LSTM models in describing production trends. Song developed a
horizontal well production prediction model using a hybrid neural network (CNN-LSTM),
which incorporates both production and engineering factors as inputs, improving the
model’s accuracy [91].

Researchers have also refined "CNN+’ models based on prior studies. Li extracted
temporal features with CNN and fed them into an LSTM model optimized by the PSO
algorithm [92]. This approach significantly enhanced yield prediction accuracy. Zhou [93]
introduced the Duong-CNN-LSTM (D-C-L) model, which integrates CNN and LSTM with
the Duong decline model. Residuals from the Duong method guided further iterations of
the CNN-LSTM model, resulting in higher accuracy, efficiency, and cost-effectiveness for
shale oil production prediction compared to conventional methods.

Similarly, Chen developed a CNN-GRU model for enhanced oil recovery (EOR) pre-
diction [93]. CNN layers extracted relevant features affecting oil production, while GRU
layers modeled temporal relationships. Bayesian optimization was used to fine-tune the
model’s hyperparameters, achieving robust prediction performance.

Various machine learning models, including TCN, GRU, LSTM, and MLP, exhibit
different levels of effectiveness in spatiotemporal sequence production prediction. Table 4
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summarizes the prediction accuracy, recommended dataset length, and the main advan-
tages and disadvantages of each model [73,84].

Table 4. Summary of Basic Machine Learning Models for Production Prediction.

Prediction Recommended Dataset .

Model Accuracy Range Length (Days) Advantages Disadvantages

MLP 75-80% 200-1000 Simple, fast convergence Overfitting, 11m'1ted

sequence learning
LSTM 80-88% 1000-5000 Captures long.—term High comp.u’Fatlon,
dependencies slow training
GRU 85-89% 1000-5000 Faster training, Less expressive than LSTM
fewer parameters
TCN 87-91% 5000-10,000 Efficient time-series modeling Requires fine-tuning

In summary, integrating MLP, CNN, and RNN’s advantages with multi-model opti-
mization strategies provides an effective solution for oil and gas well production prediction.
Future research should explore novel architectural combinations and optimization tech-
niques, particularly for large-scale and complex datasets, to further improve accuracy and
broaden applications to other time series prediction tasks.

3.2. Considering Temporal-Spatial Sequence Production Prediction

While temporal dependencies play a significant role in yield prediction, the spatial
context, such as well geography and reservoir heterogeneity, also critically impacts produc-
tion. Many researchers have integrated CNN’s feature extraction capabilities with other
models to incorporate spatial sequence effects on production [94].

Fargalla proposed TimeNet, a hybrid model combining CNN, Bi-directional Gated
Recursive Units (BiGRU), Attention Mechanisms (AM), and Time2Vec [95]. The Time2Vec
module effectively captures complex temporal patterns, reducing preprocessing complexity,
while BiGRU identifies advanced temporal features and trends. Attention mechanisms
enhance prediction accuracy by focusing on critical embedded information, and these inte-
grated components collectively improve learning outcomes and overall prediction precision.

Pan introduced the CNN-LSTM-SA model, which integrates CNN, LSTM, and a self-
attention mechanism (SA) to explore hidden spatiotemporal correlations in well production
data [96]. The self-attention mechanism captures internal dependencies with high accuracy,
leading to more robust and reliable predictions. Similarly, Mandella combined BiGRU and
AM within a CNN framework to extract spatiotemporal features, achieving significant
improvements in predictive accuracy and reliability [97]. The BiGRU network can provide
new, more detailed temporal information or capture irregular trends in time series compo-
nents. Additionally, the Attention Mechanism (AM) aids in understanding the impact of
intrinsic information on ensuring learning accuracy:.

Another model that can consider spatiotemporal sequences is the coupling model
based on Graph Convolutional Networks (GCN). GCN assumes that the data can be
modeled using a graph structure, where the relationships between nodes are represented
by an adjacency matrix, and node features are propagated through graph convolution [98].
GCN assumes that node features should smooth out across neighboring nodes, meaning
that features of adjacent nodes should be similar. The graph convolution operation helps the
model capture the structural information between nodes, making it especially suitable for
non-Euclidean data such as social networks or molecular structures. Du developed a deep
learning framework that integrates Graph Convolutional Networks (GCNs) with GRU [99].
This framework includes an adaptive correction module using GCN to refine inter-well
connectivity based on dynamic production data and a GRU-based temporal learning
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module for well performance prediction. By addressing reservoir-specific conditions and
inter-well connectivity, this approach effectively resolves challenges in dynamic production
forecasting. Many researchers have explored the use of Graph Convolutional Networks
(GCN) to address spatial sequence problems, incorporating features from neighboring
wells into production forecasting models [100].

Further extending GCN applications, Du introduced the Multi-Graph Convolutional
Networks (MGCN) framework [101]. This model captures well interactions from various
interrelationship maps, including well patterns, spatial distances, and injection-extraction
dynamics. The extracted features are processed using LSTM and fully connected networks
to fuse spatiotemporal correlations with production factors, culminating in highly accurate
predictions. The empirical mode decomposition (EEMD) component threshold denois-
ing method is applied to preprocess real oilfield data. Bayesian optimization fine-tunes
hyperparameters to achieve optimal performance. However, GCN-based models often
require extensive training datasets and exhibit limited generalization capabilities when
encountering previously unseen nodes.

To address these challenges, Xue adopted the Graph Sampling and Aggregation
(GraphSAGE) architecture. This method improves generalization to unseen nodes by en-
abling mini-batch training on large graphs [102]. Coupled with GRU, the ST-GraphSAGE
model captures temporal interactions between target wells and neighboring wells, effec-
tively predicting future production. Similarly, Zhao proposed the T-DGCN model, which
integrates temporal, spatial, and geologic features [103]. In this model, Dynamic Time
Warping (DTW) measures geological similarities, while GRU extracts temporal features
to forecast daily gas production with high precision. For practical applications, algorithm
adaptability, multi-source data fusion, and real-time predictive capabilities will be critical
research focuses. Breakthroughs in these areas will further elevate model performance.

Temporal-spatial sequence models have been increasingly applied to production
prediction, addressing the dual challenges of temporal dependencies and spatial factors
such as well geography and reservoir heterogeneity. Table 5 shows common methods for
spatiotemporal sequence prediction. Advanced hybrid models, including TimeNet, CNN-
LSTM-SA, and BiGRU-AM frameworks, effectively combine CNN, RNN variants, and
attention mechanisms to enhance feature extraction and prediction accuracy. Graph-based
models, such as GCN-GRU, MGCN, GraphSAGE-GRU, and T-DGCN, further integrate
spatial correlations and temporal dynamics, leveraging advanced techniques like Dynamic
Time Warping (DTW) and multi-graph architectures to achieve precise predictions. Despite
these advancements, challenges persist, including high computational complexity, extensive
data requirements, and limited generalization to unseen nodes. Future research should
focus on developing adaptable algorithms, integrating multi-source data, and enabling
real-time predictive capabilities to enhance model scalability, efficiency, and robustness in
complex reservoir conditions.

Machine learning models for production prediction have significantly evolved to
address the dual challenges of temporal dependencies and spatial heterogeneity in reser-
voir conditions. Techniques like MLP, RNN, LSTM, GRU, and CNN have been optimized
through hyperparameter tuning, data preprocessing, and hybrid integrations, improving
accuracy and robustness. Advanced spatiotemporal models, such as TimeNet, CNN-
LSTM-5SA, and BiGRU-AM, effectively combine feature extraction, temporal learning, and
attention mechanisms to enhance prediction precision. Graph-based models, including
GCN-GRU, MGCN, GraphSAGE-GRU, and T-DGCN, further incorporate spatial corre-
lations and temporal dynamics using innovative methods like multi-graph architectures
and Dynamic Time Warping (DTW). Despite these advancements, challenges like high
computational costs, extensive data requirements, and generalization limitations persist.
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Future efforts should prioritize algorithm adaptability, real-time predictive capabilities,
and multi-source data integration to enhance scalability and reliability in complex oilfield
production scenarios.

Table 5. Common Methods for Spatiotemporal Sequence Prediction.

Method Category Specific Methods Characteristics and Summary

Suitable for time series data, but weak
at capturing long-term dependencies.
Optimized for temporal

RNN and Variants dependencies, widely used in oilfield
production prediction.
Handles sequential data well with 1D
CNN and Variants convolutions, improving
prediction accuracy.
Combines CNN, LSTM, GRU to
Multi-Model Coupling improve time feature extraction and
predictive capabilities.
Extracts spatiotemporal correlations
by combining spatial features (GCN)
with temporal models (GRU/LSTM),
improving prediction accuracy.

MLP, DNN
Time Series Prediction
Methods

Spatiotemporal

Sequence Methods GCN/CNN+GRU/LSTM

4. Considering Physical Constraint Production Prediction

In spatio-temporal sequence yield prediction, traditional data-driven models often
lack physical interpretability [104]. Physics-Informed Neural Networks (PINNs) address
this gap by embedding physical laws and domain knowledge into machine learning
models [105]. PINNs integrate physical constraints as regularization terms in the neural
network loss function, enhancing interpretability, generalization, and adaptability. By
incorporating physics, PINNSs effectively handle noisy data, reducing the negative impact
of noise on model performance.

However, challenges of PINNSs, such as computational scalability and data sparsity, are
not adequately addressed [106]. These challenges become more prominent when dealing
with large-scale reservoir simulations or complex models where high-dimensional spatio-
temporal data are involved [107]. Potential solutions for overcoming these computational
challenges include domain decomposition and parallel computing. Domain decomposition
involves dividing the computational domain into smaller sub-domains, allowing the model
to handle smaller chunks of data more effectively. Parallel computing enables simultaneous
processing of these sub-domains, significantly reducing computation time and improving
scalability [108].

In oil and gas production prediction, PINNs demonstrate significant advantages
by combining physical laws with neural networks’ learning capabilities. For instance,
transforming the Arps production decline model into partial differential equations allows
PINNS to accurately identify shale gas well decline curves. Techniques such as Caputo
fractional-order derivatives, experimental data, automatic differentiation, and sparse regres-
sion further improve predictions [109]. Introducing non-chiral fractional-order differential
equations enhances accuracy and physical validity.

PINNS also excel in solving complex fluid physics problems. Integrating physical infor-
mation reduces prediction bias while improving interpretability and portability [110,111].
To address data sparsity in large-scale reservoir simulations, researchers developed domain
decomposition-based PINN architectures (PINN-DD) [112]. These architectures divide
computational domains into sub-domains, leveraging PINN's ability to process small-scale
spatio-temporal data effectively.
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In conclusion, PINNs’ integration of physical laws with machine learning offers broad
application prospects in oil and gas production prediction. Figure 6 highlights key factors
affecting PINN performance. Continued research in this area promises more accurate,
reliable, and interpretable production predictions, advancing reservoir dynamic studies
and supporting future exploration and production strategies.
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Figure 6. Key factors influencing PINN prediction performance.

5. Yield Prediction by Agent Modeling

Agent modeling, as an innovative tool, integrates measurable data with numerical
simulation models to significantly enhance the reliability and accuracy of predictions while
effectively reducing computational cost and time consumption [113]. This technique holds
great potential in the development and utilization of oil and gas resources, particularly for
production prediction. Traditional proxy models have contributed to improving prediction
efficiency but face limitations in handling reservoir complexity and data requirements. With
the rapid development of artificial intelligence and data mining technologies, intelligent
agent models have emerged to address these challenges by accurately simulating dynamic
reservoir properties and generating high-precision predictions within shorter timeframes.
These intelligent agent models can accurately simulate the dynamic reservoir properties of
an entire oilfield and generate high-precision prediction results within a short time. This
capability optimizes decision support for oil and gas production, promoting more efficient
and cost-effective development of oil and gas resources [114,115].

Machine learning plays a critical role in surrogate models by efficiently replacing
traditional numerical simulations. By training deep learning models, such as convolu-
tional neural networks (CNNSs), surrogate models can rapidly learn the complex nonlinear
relationships between reservoir parameters and production rates, enabling efficient predic-
tion of reservoir states like pressure distribution and water saturation [87]. Compared to
traditional reservoir numerical simulations, the advantages of surrogate models include
faster computation, lower cost, and higher accuracy, allowing for real-time updates and
optimized decision-making, making them well-suited for large-scale reservoir manage-
ment and intelligent oilfield development [116]. The integration of machine learning with
agent-based models further enhances their predictive capabilities, enabling more robust
and adaptive forecasting methods for oil and gas production.

Proxy models play a vital role in oilfield production prediction, offering fast and
accurate insights into the dynamics of complex systems. For instance, Dong applied
migration learning with an LSTM model trained on historical data to predict production in
wells with shorter development timelines [113]. Similarly, Rodriguez et al. evaluated agent
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models for predicting oil and water production in water-injection fields by adjusting input
parameters [116].

Studies have demonstrated the effectiveness of agent models in various scenarios.
Mohaghigh et al. addressed data quality and coverage issues by coupling numerical simu-
lations with agent models, ensuring robust predictions [117]. Khazaeni et al. employed
40 years of production data to predict both new well outputs and overall field performance,
highlighting the high accuracy of agent models in data-rich environments [118]. Addi-
tionally, Aboaba improved prediction accuracy and robustness by developing a unified
network of multiple neural networks [119,120].

Despite these advancements, agent models face challenges such as sensitivity to data
quality and biases, especially with incomplete datasets. The necessity to combine agent
models with numerical simulations for reliability adds to their complexity. Furthermore,
constructing and optimizing proxy models demands significant computational resources
and extensive data support, increasing their overall cost and complexity. However, con-
tinued advancements in machine learning techniques, particularly in deep learning and
reinforcement learning, present opportunities to further optimize agent models, improving
their adaptability and efficiency for oil and gas production forecasting.

6. Discussion

The application of machine learning (ML) and artificial intelligence (Al) in oil and gas
production forecasting has provided significant improvements in accuracy, computational
efficiency, and interpretability. The rapid evolution from traditional methods, such as
decline curve analysis and reservoir numerical simulations (RNS), to advanced data-driven
approaches highlights the potential of modern ML techniques. However, challenges
including data sparsity, computational complexity, and the need for practical deployment
of interpretable models remain critical obstacles. This section discusses key developments,
ongoing challenges, and future directions in production prediction.

Steady-state capacity forecasting focuses on estimating a reservoir’s productivity
under stable production conditions. Traditional methods such as linear regression (LR)
and decline curve analysis (DCA) often provide simple yet suboptimal results due to their
limited ability to model nonlinear relationships. Advanced ML techniques, such as Support
Vector Machines (SVM), Random Forests (RF), Extreme Gradient Boosting (XGBoost), and
neural network models like Multi-Layer Perceptron (MLP), have significantly improved
prediction performance.

The use of optimization techniques, including feature selection, regularization, and
hyperparameter tuning (e.g., Particle Swarm Optimization and Bayesian optimization), has
led to further performance gains, reducing overfitting and enhancing model robustness.
However, these improvements are still constrained by the availability of high-quality training
data and the need for scalable computing frameworks to handle large datasets efficiently.

Transient production forecasting is essential for analyzing oilfield dynamics under
fluctuating production conditions. Time series-based models such as Recurrent Neural
Networks (RNNs), Long Short-Term Memory (LSTM), and Gated Recurrent Units (GRUs)
have shown significant success in capturing production dynamics. Their ability to capture
long-term dependencies makes them well-suited for transient production prediction.

Hybrid architectures, such as CNN-LSTM and BiGRU-AM, further enhance accuracy
by combining spatial and temporal learning capabilities. Graph Convolutional Networks
(GCN), integrated with temporal models like GRU, model inter-well spatial connectivity
while capturing reservoir heterogeneity. However, one of the primary challenges remains
the computational burden associated with training such models, particularly when in-
tegrating real-time streaming data from production wells. The development of more



Energies 2025, 18, 842

18 of 25

computationally efficient architectures, such as sparse neural networks and knowledge
distillation methods, could provide practical solutions to these issues.

Physics-Informed Neural Networks (PINNSs) incorporate physical principles (e.g.,
Darcy’s law, conservation of mass) as constraints in ML models, improving interpretability
and reliability. By embedding physics-based knowledge into ML algorithms, PINNs
address the shortcomings of purely data-driven models and improve generalizability in
noisy and sparse datasets. PINNs have demonstrated particular success in modeling shale
gas decline curves and fluid dynamics in fractured reservoirs.

However, scalability remains a major limitation of PINNs due to the complexity of solv-
ing partial differential equations (PDEs) within a neural network framework. To address
this, researchers should explore methods such as domain decomposition, transfer learn-
ing, and physics-guided pre-training, which could significantly improve computational
efficiency and make PINNs applicable to large-scale reservoir simulations.

Surrogate models provide a practical alternative to high-cost, physics-based numeri-
cal simulations by using ML to approximate reservoir dynamics. Convolutional Neural
Networks (CNNs) and intelligent agent-based models have demonstrated success in pre-
dicting well productivity, optimizing field development, and providing near real-time
decision-making support.

However, further improvements are needed to enhance their adaptability and robust-
ness across varying reservoir conditions. For example, integrating meta-learning techniques
could enable surrogate models to quickly adapt to new reservoir conditions without requir-
ing extensive retraining. Additionally, reinforcement learning-based optimization strategies
could enhance their decision-making capabilities, particularly in production scheduling
and enhanced oil recovery (EOR) strategies.

To address the identified challenges and enhance the effectiveness of oil and gas
production prediction, future research should focus on:

(1) Future oil and gas production forecasting models must optimize efficiency and scal-
ability to handle vast data and complex computations. Developing sparse neural
networks and model quantization can minimize computational redundancy, making
ML models efficient for edge devices in oilfields. Distributed computing and federated
learning will enable collaborative model training across wells and fields, reducing
data transmission costs while ensuring privacy. Knowledge distillation can transfer
knowledge from large models to lightweight ones, enabling real-time forecasting on
resource-limited devices.

(2) Integrating diverse data sources is crucial for enhancing prediction accuracy and
model applicability. A comprehensive data platform should unify seismic, logging,
production, and remote sensing data to create high-quality training datasets. Data
augmentation and imputation algorithms, such as GANs and Bayesian interpolation,
can correct missing and noisy data, improving completeness and generalization. Deep
Fusion Neural Networks (DFNN) can integrate multimodal data (images, text, time
series) to enhance predictive accuracy and robustness.

(3) Given the dynamic nature of oilfield production, edge computing deployment will
enable local execution of ML models, minimizing cloud latency and enhancing real-
time predictions. A self-adaptive learning framework will allow models to adjust
dynamically based on real-time data streams, improving transient production fore-
casting. Efficient streaming data processing will enhance responsiveness to sensor
data, increasing reliability and predictive precision.
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4)

©)

(6)

To reduce manual tuning and enhance adaptability, AutoML techniques, such as
NAS and BO, should be applied for automatic model selection and hyperparameter
optimization. Reinforcement learning-based model selection will allow adaptive
learning strategies for varying reservoir conditions, further improving accuracy. Self-
supervised learning can help models learn reservoir dynamics in an unsupervised
setting, reducing reliance on extensive labeled data and improving adaptability.
Physics-Informed Neural Networks (PINNs) offer high interpretability in reservoir
modeling. Future research should optimize PINNs’ computational efficiency and
integrate transfer learning for rapid adaptation to different geological conditions.
Multi-scale physical-data fusion can combine microscopic pore-scale flow models
with macroscopic reservoir engineering models, making predictions more realis-
tic. Generative Al models (e.g., Transformers) can simulate reservoir properties,
improving predictions in data-scarce conditions and enhancing the adaptability of
physics-driven ML models.

To facilitate ML adoption in oilfield operations, SCADA-compatible ML platforms
should integrate predictive models with production monitoring systems for auto-
mated forecasting and intelligent decision-making. Digital twin technology should be
advanced to create real-time virtual oilfields for reservoir monitoring and optimiza-
tion. Collaboration with oilfield service companies can establish Al-driven smart field
optimization solutions, enabling direct ML deployment on-site, boosting efficiency,
and promoting sustainable hydrocarbon development.

7. Conclusions

The integration of machine learning (ML) and artificial intelligence (Al) in oil and

gas production forecasting has significantly enhanced prediction accuracy, efficiency, and

interpretability. This study examined various approaches, including steady-state capac-

ity forecasting, spatiotemporal sequence modeling, physics-informed neural networks

(PINNS), and agent-based modeling, highlighting key advancements and challenges. The

main conclusions are as follows:

@

@)

®)

@)

Traditional methods like linear regression (LR) and decline curve analysis (DCA) are
limited in capturing nonlinear reservoir behavior, while ML models, such as Support
Vector Machines (SVM), Random Forests (RF), and Gradient Boosting (GB), provide
better accuracy. Feature selection and hyperparameter tuning techniques enhance
model robustness, but challenges remain in handling dynamic production conditions.
Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM), and Gated
Recurrent Units (GRU) excel in modeling production dynamics. Hybrid models (e.g.,
CNN-LSTM, BiGRU-AM, and Graph Convolutional Networks) improve prediction
accuracy by integrating spatial and temporal learning. High computational costs
hinder large-scale applications, necessitating more efficient architectures like sparse
neural networks and model quantization.

PINNSs integrate physical laws into ML models, improving prediction reliability,
particularly in noisy and sparse datasets. Scalability remains a challenge due to the
complexity of solving partial differential equations (PDEs). Optimizations like domain
decomposition and transfer learning can enhance efficiency.

Agent-based models and surrogate ML models (e.g., CNN-based frameworks) offer
efficient alternatives to high-cost numerical simulations. Meta-learning and reinforce-
ment learning can improve model adaptability to new reservoir conditions.
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(5) To further improve oil and gas production forecasting, future research should focus
on enhancing computational efficiency and scalability by developing sparse neural
networks, federated learning, and knowledge distillation for real-time applications.
Multi-source data integration should be strengthened by combining seismic, logging,
production, and remote sensing data, while utilizing GANs and Bayesian interpolation
to handle missing and noisy data. Real-time prediction and adaptive learning can
be improved through edge computing, streaming data processing, and self-adaptive
learning frameworks to enhance responsiveness. Automated model optimization
should incorporate AutoML, reinforcement learning, and self-supervised learning to
reduce manual intervention and improve adaptability. Additionally, interpretability
and physics constraints should be enhanced by improving PINNs through multi-scale
physics-data fusion and generative Al for better modeling in data-scarce environments.
Finally, industrial application and deployment should be advanced by integrating
ML models with SCADA systems, developing digital twin technology, and fostering
collaboration with oilfield service companies to enable real-world implementation
and optimization of production forecasting models.

The convergence of ML, Al, and physics-based modeling is transforming production
forecasting, improving efficiency and sustainability. Addressing challenges in compu-
tational cost, real-time adaptability, and deployment will drive further advancements.
Future innovations in hybrid modeling, scalable architectures, and automated learning
will enhance predictive accuracy and industrial applicability, ensuring cost-effective and
optimized oilfield development.
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