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Abstract

Reservoir history matching is a key procedure in reservoir numerical simulation that
involves adjusting model parameters to align simulation results with historical
production data. The outcome of this process directly impacts the prediction accuracy of
the reservoir model and the effectiveness of development decisions. Traditional
approaches face challenges such as high computational demands, strong subjectivity,
and susceptibility to local optima. In recent years, data-driven surrogate models based
on machine learning have shown great potential in addressing these issues. This paper
reviews the application of data-driven surrogate models in reservoir history matching.
It begins by explaining the fundamental theory of surrogate models and the reasons for
their growing popularity in the reservoir domain. Subsequently, it organizes and
compares the technical characteristics, application scenarios, and representative case
studies of major surrogate models, including artificial neural networks, convolutional
neural networks, recurrent neural networks, graph neural networks, and the
Transformer architecture. The paper then analyzes how surrogate models are
integrated with optimization techniques such as particle swarm optimization,
differential evolution, and hybrid algorithms, along with the resulting performance
improvements. Finally, it summarizes current research challenges related to data
quality, model interpretability, and physical consistency, and offers insights into future
research directions, such as physics-informed neural networks, multimodal data fusion,
and adaptive learning mechanisms. This study aims to provide a comprehensive
theoretical foundation and technical pathway for the intelligent development of
reservoir history matching technology.
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1. Introduction

Reservoir numerical simulation serves as one of the key technical tools for formulating oilfield
development plans, conducting performance predictions, and making adjustment decisions [1].
History matching, its inverse problem, refers to the process of modifying uncertain parameters
in the initial reservoir model so that its output data—such as bottom-hole pressure, oil
production rate, and water cut—align with historical records from actual petroleum production
[2-3]. An accurately history-matched model enables reliable production forecasting and
development optimization [4].

Traditional reservoir history matching methodologies primarily encompass manual and
automatic approaches. Manual history matching requires engineers with extensive expertise to
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adjust parameters through trial-and-error, a process characterized by low efficiency and high
subjectivity, making it particularly challenging for large-scale, heterogeneous reservoirs [5].
Automatic history matching employs computers and optimization algorithms to perform the
search for optimal parameters. Since the pioneering work of Jacquard et al. [6] in the 1960s,
which introduced regression analysis into the field, this approach has evolved through various
stages, incorporating methods such as gradient-based techniques [7], optimal control theory
[8], and Bayesian inference [9]. However, even with automated techniques, the computational
burden remains a major challenge, as the process typically requires thousands of simulations,
each involving computationally intensive, high-fidelity numerical simulators [10].

To overcome this bottleneck, surrogate models have emerged as a promising solution. Also
referred to as meta-models or replacement models, a surrogate model is a mathematical
approximation of a complex physical process or numerical simulator [11]. It establishes a
mapping between input variables and output responses based on a limited number of sample
points, thereby enabling rapid predictions at a computational cost typically several orders of
magnitude lower (often 1/1,000 to 1/10,000) than that of full numerical simulations [12]. This
significantly accelerates the overall optimization process. Early surrogate models primarily
utilized methods such as response surface methodology and Kriging [13]. With the advent of
the artificial intelligence era, data-driven surrogate models, particularly deep learning models,
have demonstrated unprecedented potential in reservoir history matching. Their strengths lie
in powerful nonlinear fitting capabilities and the automatic extraction of features from massive
datasets [14,15].

This article focuses on reviewing and comparing the application of data-driven surrogate
models in reservoir history matching. Section 2 elaborates on the fundamental concepts and
the evolution of surrogate models. Section 3 discusses various deep learning-based surrogate
models—such as Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN),
Graph Neural Networks (GNN), and the Transformer architecture—along with their working
principles and practical application scenarios. Section 4 investigates the collaborative
strategies between surrogate models and optimization algorithms. Finally, Section 5
summarizes existing technical challenges and anticipates potential future research directions.

2. Summary and development of agent model

2.1. Basic concepts of the surrogate model

The underlying principle of surrogate modeling involves a trade-off between computational
time and space, or between precision and efficiency. Specifically, a limited number of high-
fidelity numerical simulations are performed within a predefined parameter space to generate
input-output sample pairs (X, Y). A machine learning method is then employed to construct an
approximate function fapproxfapproxsuch that fapprox(X)~Yfapprox(X)~Y. Once the
surrogate model is trained, it can be deployed in subsequent optimization stages to replace the
original numerical simulator fsimulatorfsimulator, thereby enabling rapid evaluation of the
objective function [16].

In the context of reservoir history matching, the input X typically represents geological
parameters or inter-well connectivity, while the output Y corresponds to dynamic production
data such as water cut, pressure, etc. The objective is to minimize the discrepancy between the
predictions of the surrogate model and the actual historical observed data [17].

2.2 From Traditional Methods to Deep Learning

The research and application of surrogate models in the reservoir domain have broadly evolved
through three distinct phases:
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Traditional Statistical and Shallow Machine Learning Models: Early approaches predominantly
utilized polynomial regression, Kriging, support vector machines [18], and artificial neural
networks (ANNs) [19]. For instance, Aminian and Ameri were among the early pioneers who
applied ANNs to reservoir characterization, demonstrating their ability to learn complex
nonlinear relationships even with limited data. While these methods laid the groundwork for
surrogate model applications, they often exhibited limited representational capacity when
confronted with high-dimensional, strongly nonlinear reservoir problems possessing
significant spatial and temporal dependencies.

The Rise of Deep Learning Models: Following 2010, the significant advancements of deep
learning in fields like image and speech processing catalyzed its adoption in reservoir
engineering. Sun and Durlofsky [20] employed an RNN-based surrogate model for production
data prediction and history matching; Yan et al. [21] proposed a CNN-based surrogate model
adept at handling reservoir data, thereby enhancing production forecast accuracy and history
matching efficiency; Zhang et al. [22] developed an offline, data-driven dual-surrogate model
that accounted for prediction errors, utilizing a hybrid RNN and Fully Connected Network (FCN)
architecture. Concurrently, CNNs were also applied to predict flow responses directly from
geological realizations, functioning as rapid full-physics simulators [23].

Specialization and Hybrid Architecture Phase: In recent years, research has shifted towards
designing models tailored to the specific characteristics of reservoir data. Graph Neural
Networks (GNNs) have gained prominence due to their innate ability to represent well-network
structures and inter-well connectivity [24, 25]. Meanwhile, the Transformer architecture,
renowned for its exceptional long-sequence modeling capabilities, has been increasingly
applied to temporal prediction tasks [26, 27]. A further development involves the emergence
of hybrid surrogate models that integrate the strengths of different architectures, such as
combining GNNs and RNNs [28], or GNNs and Transformers (GNT) [29], to simultaneously
capture spatial and temporal features.

This evolutionary trajectory indicates a clear trend towards surrogate models that are
increasingly accurate, computationally efficient, and more closely aligned with the physical
realities of reservoir behavior.

3. Analysis of Mainstream Data-Driven Agent Model Technologies

3.1. Convolutional Neural Networks and its Variants

Convolutional Neural Networks (CNNs) are well-suited for processing data with grid-like
structures, such as reservoir property fields (e.g., permeability fields, porosity fields), due to
their inherent characteristics of local connectivity, weight sharing, and pooling operations.
Technical Characteristics: CNNs can effectively extract spatial features, capturing reservoir
heterogeneity by aggregating information from local to global scales. The translational
invariance of convolutional kernels enables robust pattern recognition from grid-structured
data [30].

Applications in History Matching: CNNs are employed to represent the mapping relationship
between geological parameter fields and dynamic production responses. For instance, Zhang et
al. [31] proposed a method utilizing a modified Vision Transformer (ViT) to create an efficient
surrogate model, although the foundational approach still involves leveraging convolutional
operations for spatial feature extraction. Mo et al. [32] introduced a deep convolutional
encoder-decoder network designed to quantify uncertainty in dynamic multiphase flow within
heterogeneous media.
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3.2. Recurrent neural networks and their variants

Reservoir production data represents a classic example of time-series data. Recurrent Neural
Networks (RNNs) and their enhanced variants—Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) networks—are frequently employed for dynamic forecasting due to their
inherent recurrent connections, which enable them to effectively capture temporal
dependencies.

Technical Characteristics: RNNs and their variants possess a "memory" property, allowing
them to handle variable-length sequential data. They can utilize historical information to
influence current outputs, making them particularly suitable for simulating dynamic processes
such as injection and production [33].

Applications in History Matching: RNN-class models are commonly used to predict production
parameters for single or multiple wells. For instance, Du et al. combined a Graph Convolutional
Network (GCN) with a GRU, where the GCN adjusted for connectivity and the GRU was
subsequently used for production forecasting, achieving both rapid and accurate dynamic
simulation. Huang et al. [34] employed two GNN models to capture interactions between
injection and production wells, utilizing an LSTM for dynamic response prediction. In a
separate study, Santos et al. [35] compared the performance of nonlinear regression and ANNs
in predicting crude oil recovery factor.

3.3. Graph Neural Networks

The injection-production well network in a reservoir inherently constitutes a graph, where
nodes represent wells and edges represent connectivity relationships between them. Graph
Neural Networks (GNNs) are the preferred choice for processing such non-Euclidean data.
Technical Characteristics: GNNs utilize a message-passing mechanism to aggregate information
from neighboring nodes, generating an embedding vector for each node that encapsulates its
topological context. Variants such as Graph Convolutional Networks (GCNs) [36] and Graph
Attention Networks (GATs) [37] have further enhanced these capabilities. The GraphSAGE
model, introduced by Hamilton et al. [38], addresses computational challenges in large-scale
graphs by aggregating information from sampled neighborhoods. Yu et al. [39] proposed the
Spatio-Temporal Graph Convolutional Network (ST-GCN) for traffic flow prediction, providing
a valuable reference for spatio-temporal forecasting in reservoirs. Xu et al. [40] developed the
Graph Wavelet Neural Network (GWNN), which employs graph wavelet transforms to improve
the efficiency and interpretability of graph convolutions.

Applications in History Matching: GNNs enable the direct representation of a reservoir as a
graph for conducting inter-well connectivity analysis and dynamic performance forecasting.
Wang et al. [41] (2025) investigated a GNN-based method for constructing reservoir models,
treating the reservoir as a graph of nodes and edges; their approach used GNNs to learn fluid
flow patterns between wells and significantly improved forecast accuracy. Zhang proposed a
collaborative task-based graph information neural network algorithm for determining inter-
well connectivity. A key innovation was the incorporation of edge features, specifically
conductivity and connected volume, which modulated the weights of information exchange
between nodes, thereby better replicating actual inter-well fluid movement. Gao [42] presented
a deep learning surrogate model applied to data assimilation and reservoir management.

3.4. Transformer Models

Traditional RNNs suffer from issues such as vanishing or exploding gradients when processing
long sequences and are incapable of parallel computation. In contrast, the Transformer
architecture relies entirely on a self-attention mechanism, effectively addressing both of these
limitations.
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Technical Characteristics: The self-attention mechanism computes dependencies between any
two positions in a sequence, thereby capturing long-range relationships. Multi-head attention
allows the model to simultaneously attend to information from different representation
subspaces at various positions [43], while its parallelizable architecture significantly
accelerates training. To address the challenge of high computational complexity, researchers
have proposed methods such as sparse attention [44] and linear attention [45]. The Vision
Transformer (ViT) has been successfully applied to image classification tasks, inspiring similar
adaptations for reservoir data [46].

Applications in History Matching: The application of Transformers in petroleum engineering is
still in its early stages but has already demonstrated considerable promise. Abdrakhmanov et
al. employed a Transformer-based model for reservoir production prediction, utilizing the self-
attention mechanism to capture critical features during dynamic processes. Ma et al. applied
the Transformer to history matching, improving the effectiveness of parameter estimation. In
hybrid models, the Transformer is often utilized as a temporal feature extractor. For instance,
in a GNN-Transformer (GNT) hybrid network, a Graph Convolutional Network (GCN) first
extracts spatial features, and then a Transformer encoder is applied to capture temporal
dependencies in production dynamics, achieving highly accurate water-cut predictions.

3.5 Hybrid Models and Technical Comparison

A single model architecture often struggles to fully capture the spatiotemporal complexity of
reservoir systems, making hybrid models a prominent frontier in current research.

Hybrid models integrate different architectures to achieve a synergistic effect, producing
results greater than the sum of their parts. Beyond the previously mentioned GNN-RNN [28]
and GNN-Transformer combinations, other structures like CNN-LSTM are also utilized [47]. In
many hybrid frameworks, spatial features are extracted by dedicated sub-modules (e.g., CNNs
for property fields, GNNs for well networks), while temporal dynamics are managed by other
sub-modules (such as LSTMs, GRUs, or Transformers).

4. Integration Strategies for Surrogate Models and Optimization
Algorithms

A complete, automated history matching workflow is formed by integrating a trained surrogate
model with a sophisticated optimization algorithm. The objective of the optimization algorithm
is to identify an optimal set of parameters that minimizes the discrepancy between the
predictions of the surrogate model and the actual historical data.

4.1. Commonly Used Optimization Algorithms

Particle Swarm Optimization (PSO):

PSO emulates the social behavior of bird flocking. Each particle updates its velocity and position
according to both its personal best position and the global best position discovered by the entire
swarm [48]. Its advantages include rapid convergence and a minimal number of tuning
parameters; however, it is susceptible to premature convergence to local optima. For instance,
Sanghyun et al. [49] successfully employed PSO to automate history matching, thereby
improving the accuracy of the reservoir model.

Differential Evolution (DE):

DE generates new candidate solutions through mutation and crossover operations, utilizing
difference vectors derived from individuals within the population, and advances the
evolutionary process via a greedy selection strategy [50]. It is distinguished by its strong global
exploration capability and robustness. Chakra et al. [51] applied an adaptive DE variant to
optimize parameters of a water-flooding reservoir physical model, which accelerated
convergence speed and enhanced estimation accuracy.
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Evolutionary Algorithms and Others:

Other algorithms such as Genetic Algorithms (GA) [52], Ant Colony Optimization (ACO) [53],
and Simulated Annealing (SA) [54] have also been utilized in history matching. Each algorithm
possesses distinct characteristics; for example, GA excels in global exploration, while ACO is
particularly suitable for discrete optimization problems. Seminal work by Cullick et al. [55] first
integrated nonlinear surrogate models with global optimization methods to automate history
matching. Yin et al. [56] proposed a novel hierarchical streamline-assisted approach and
adopted SA for parameter optimization. To address multi-objective issues in history matching,
Park et al. [57] implemented a weighted aggregation strategy.

4.2. Hybrid Optimization Algorithms

The most effective approach to mitigate the limitations of individual algorithms lies in
employing hybrid optimization strategies. A representative example is the Differential
Evolution Particle Swarm Optimization (DEPSO) algorithm, which synergistically combines DE
and PSO.

Principles of DEPSO: During the iterative process, DEPSO dynamically selects either the social
learning-based update strategy of PSO or the differential mutation mechanism of DE,
implemented through probabilistic selection or alternating schemes. This hybrid architecture
preserves PSO's advantage of rapid initial convergence while incorporating DE's potent global
exploration capacity and refined local exploitation capabilities. Consequently, it effectively
maintains population diversity and prevents premature convergence to local optima [58].

Application Performance: Experimental results demonstrate that wunder identical
computational conditions, DEPSO generally achieves lower fitting errors than either standalone
DE or PSO algorithms [59]. For instance, in the GNT-DEPSO framework, the DEPSO algorithm
successfully integrates the global search ability of DE with the local search efficiency of PSO.
This integration yields excellent matching performance throughout the prediction period, with
model outputs showing strong agreement with actual measured values.

4.3. Surrogate Model-Assisted Optimization Workflow
History matching based on surrogate models typically adheres to the following workflow:

Experimental Design: Sampling within the uncertain parameter space (e.g., via Latin Hypercube
Sampling) to generate a dataset for training the surrogate model. High-Fidelity
Simulation: Executing numerical simulations for each sample point to obtain the corresponding
dynamic production responses. Surrogate Model Training: Training the selected surrogate
model (e.g., GNN, Transformer, GNT) using the collected sample data. Embedded
Optimization: Integrating the trained surrogate model as the objective function evaluator
within an optimization algorithm (e.g., DEPSO).Parameter Inversion: Running the optimization
algorithm to identify the optimal parameter set that minimizes the prediction error of the
surrogate model. Validation and Confirmation: Verifying the reliability of the inverted optimal
parameters by executing the high-fidelity numerical simulator.

M et al. proposed employing a differential evolution method within a distributed surrogate
system to address computationally expensive reservoir history matching problems, effectively
integrating distributed computing with surrogate modeling. Chai et al. [60] introduced a cyclic
framework that combines dynamic sampling, data-driven machine learning models, and
inversion based on the particle swarm optimization algorithm. Emerick and Reynolds [61]
investigated history matching using the Ensemble Kalman Filter when multiple time-lapse
seismic datasets are available. Jansen [62] reviewed key aspects of optimization related to
multiphase flow in porous media using the adjoint method.
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5. Challenges and Future Directions

While data-driven surrogate models have achieved notable successes, several unresolved
issues persist, concurrently presenting new research opportunities.

5.1. Key Current Challenges

Data Quality and Quantity: Deep learning models typically require large volumes of high-quality
training data. However, in practical reservoir scenarios, acquiring sufficiently large and
accurately labeled datasets—specifically, numerical simulation results—entails substantial
computational costs. Furthermore, inherent data issues such as noise and incompleteness can
significantly impair model generalization capabilities [63].

Model Interpretability: Deep learning models are often treated as "black boxes," with their
internal decision-making processes being largely opaque. This lack of transparency makes it
difficult for reservoir engineers to develop trust in the model's inversion results, thereby
hindering their practical application in field development decision-making [64].

Physical Consistency: Purely data-driven models may learn spurious correlations from the
training data, leading to predictions that violate fundamental physical principles—such as mass
conservation or Darcy's law—during forecasting. This can result in physically implausible or
inconsistent matching outputs [65].

High-Dimensionality and Computational Efficiency: Constructing accurate surrogate models
for large-scale reservoir models involving thousands of uncertain parameters remains highly
challenging. Moreover, training complex hybrid architectures (e.g., GNT) demands considerable
computational time and resources, often failing to meet the real-time requirements of
engineering applications [66].

Generalization and Transferability: Surrogate models trained on a specific reservoir or under a
particular development strategy often struggle to generalize directly to new reservoirs with
different geological conditions or development schemes. This limited adaptability restricts
their widespread applicability [67].

5.2. Future Research Directions

Physics-Informed Neural Networks (PINN): Incorporating physical governing equations (e.g.,
Darcy's law, mass conservation equations) as constraint terms into the loss function of neural
networks. This approach ensures the model not only fits the data but also adheres to physical
laws during training, thereby improving extrapolation capability and enhancing the physical
plausibility of predictions [68]. He et al. [69] applied PINN to multiphysics data assimilation
and subsurface flow problems, demonstrating its feasibility in reservoir engineering
applications.

Multimodal and Multi-scale Data Fusion: Developing surrogate models capable of integrating
heterogeneous data from seismic, well logs, core samples, and production history. Leveraging
the complementary nature of different data modalities enables a more comprehensive
characterization of reservoir properties—such as permeability distribution and porosity
variation—mitigating limitations inherent to any single data source and improving the model's
capacity to represent reservoir heterogeneity [70, 71].

Few-Shot Learning and Transfer Learning: Addressing the scarcity of real reservoir data by
investigating few-shot learning techniques (e.g., meta-learning, few-shot classification) to
rapidly construct effective surrogate models with limited labeled examples. Utilizing transfer
learning allows knowledge from pre-trained models to be adapted to new reservoir

environments with insufficient data, thereby reducing data dependency for new applications
[72-73].
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Explainable Artificial Intelligence (XAI): Developing XAI tools for reservoir surrogate models.
Examples include using attention visualization to highlight the model's focus on critical
geological parameters (e.g., high-permeability channels) or employing sensitivity analysis to
quantify the impact of various input parameters on the matching results. These tools help
engineers better understand the model's decision-making process and increase trust in its
outputs.

Lightweight Models and Real-Time Applications: Exploring model compression techniques (e.g.,
pruning, quantization) and knowledge distillation to design lightweight surrogate models with
low computational and storage requirements. Coupled with edge computing, this enables real-
time history matching calculations, meeting the need for dynamic adjustment of development
strategies during field operations [74].

Adaptive and Online Learning Mechanisms: Investigating strategies for the online updating of
surrogate models during the optimization process. Utilizing newly acquired production data or
numerical simulation results to dynamically adjust model parameters or structures allows the
model to continuously adapt to evolving reservoir conditions (e.g., increasing water cut,
pressure decline) [75]. Research such as Lorentzen et al. [76] on real-time interpretation of
drilling data also provides technical support for this direction.

6. Conclusion

Driven by their efficiency and cost-effectiveness, data-driven surrogate models are
progressively supplanting traditional approaches in reservoir history matching. This paper
systematically reviews the evolution of surrogate models and elaborates on the distinctions
among several mainstream technical pathways, yielding the following conclusions:
Evolutionary Trajectory of Models: Surrogate models have transitioned from early statistical
and shallow machine learning methods (e.g., Kriging, ANNs) to the current era dominated by
deep neural network architectures such as CNN, RNN, GNN, Transformer, and GNT. Structurally,
modern models more closely align with the inherent spatio-temporal characteristics of
reservoir data—specifically, spatial heterogeneity and temporal dynamics.

Differentiation of Technical Strengths: GNNs are inherently suited for representing well-
network graph structures, granting them an advantage in inferring inter-well connectivity.
Transformers excel in long-sequence modeling, making them particularly effective for long-
term production performance matching. Hybrid models (e.g., GNN-Transformer), which
integrate spatial and temporal modeling capabilities, currently represent the state-of-the-art in
predictive accuracy.

Synergy with Optimization Algorithms: The effectiveness of surrogate models relies on robust
optimization algorithm support. Hybrid optimization strategies like DEPSO, which combine the
global search capability of DE with the local search efficiency of PSO, achieve a balanced
exploration-exploitation trade-off, thereby accelerating both the speed and accuracy of the
history matching process.

Challenges and Future Potential: Despite existing challenges related to data quality, model
interpretability, and physical consistency, the integration of techniques such as Physics-
Informed Neural Networks (PINN), multimodal data fusion, and Explainable Al (XAI) paves the
way for data-driven surrogate models to become pivotal aids in intelligent reservoir modeling
and development decision-making. These advanced surrogates not only enhance the
computational speed of numerical simulations but also evolve towards becoming reservoir
digital twins that seamlessly integrate physical laws, geological knowledge, and production
data, thereby paving the way for more intelligent and refined petroleum development.
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