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ABSTRACT: This study introduces a Transformer-based multimodal fusion framework for simulating
multiphase flow and heat transfer in carbon dioxide (CO,)-water enhanced geothermal systems (EGS). The
model integrates geological parameters, thermal gradients, and control schedules to enable fast and accurate
prediction of complex reservoir dynamics. The main contributions are: (i) development of a workflow that
couples physics-based reservoir simulation with a Transformer neural network architecture, (ii) design of
physics-guided loss functions to enforce conservation of mass and energy, (iii) application of the surrogate
model to closed-loop optimization using a differential evolution (DE) algorithm, and (iv) incorporation
of economic performance metrics, such as net present value (NPV), into decision support. The proposed
framework achieves root mean square error (RMSE) of 3-5%, mean absolute error (MAE) below 4%, and
coefficients of determination greater than 0.95 across multiple prediction targets, including production
rates, pressure distributions, and temperature fields. When compared with recurrent neural network (RNN)
baselines such as gated recurrent units (GRU) and long short-term memory networks (LSTM), as well as a
physics-informed reduced-order model, the Transformer-based approach demonstrates superior accuracy
and computational efficiency. Optimization experiments further show a 15-20% improvement in NPV,
highlighting the framework’s potential for real-time forecasting, optimization, and decision-making in
geothermal reservoir engineering.

KEYWORDS: Enhanced geothermal systems; multiphase flow; heat transfer; deep learning; CO,—water
interaction; transformer surrogate model

1 Introduction

To address global warming and meet growing energy demands, identifying sustainable energy
alternatives has become a critical worldwide priority [1]. Geothermal energy, as a clean and
renewable subsurface resource, has emerged as a promising candidate to replace conventional
fossil fuels due to its abundant availability and low carbon footprint [2]. In several countries,
geothermal energy significantly contributes to electricity generation; for instance, geothermal
sources account for 44% of installed power capacity in Kenya, 27% in Iceland, 26% in El Salvador,
and 18% in New Zealand [3]. Moreover, geothermal energy is recognized as one of the most
effective strategies for achieving decarbonization goals due to its substantial potential to reduce
greenhouse gas emissions, with projections suggesting a reduction exceeding one billion tons of
carbon emissions by 2050 [4]. Hot dry rock (HDR), a specific category of geothermal resources,
offers considerable potential for converting subsurface heat into electricity, typically harnessed
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through enhanced geothermal systems (EGS), in which water is widely utilized as the primary
heat-transfer fluid [5,6] (Fig. 1).
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Figure 1: Enhanced geothermal systems.

However, recently proposed CO,-enhanced geothermal systems (CO,-EGS), which integrate
heat extraction with carbon sequestration, have attracted increasing attention due to their dual
benefits [7]. In such systems, supercritical CO, (sCO,) is injected into HDR reservoirs for
heat extraction. Compared to traditional water-based EGS, CO,-EGS demonstrates several
advantages [8]. First, sCO, exhibits significantly higher mobility and injectivity approximately
two to five times greater than water enabling increased mass flow rates under equivalent pressure
gradients and consequently enhancing heat extraction efficiency by up to 50% [9]. Second,
due to its high compressibility, sCO; can serve as a promising medium for large-scale energy
storage. Additionally, the low mineral solubility in sCO, mitigates scaling and corrosion issues
in wellbores and pipelines, thus enhancing system reliability and lifespan [10]. Given that
CO,-water EGS performance strongly depends on geological and operational conditions, feasibility
analysis is critical prior to field deployment. Previous studies employing reservoir simulators
have substantially improved our understanding of key physical mechanisms in CO,-water EGS,
including equations of state, multicomponent multiphase flow, heat transfer, CO, plume migration,
and potential mineral reactions [11,12]. Reservoir simulation results facilitate assessment of critical
performance indicators, such as thermal extraction efficiency, carbon sequestration capacity, and
system longevity [13]. Nevertheless, comprehensive analyses and optimization of CO,-water-EGS
systems remain computationally challenging, primarily due to the substantial computational cost
associated with thermal-hydrological-chemical (THC) simulations, especially for three-dimensional,
field-scale models [14-16].

Reduced-order models (ROMs) offer an efficient approach to significantly decrease
computational costs in simulations while maintaining acceptable accuracy [17-20]. In recent years,
ROMs have been extensively applied across various computational physics domains, including
hydrocarbon recovery, geothermal energy extraction, and carbon dioxide sequestration [21]. In
geothermal engineering, ROM techniques enable efficient predictions of critical reservoir parameters,
such as pressure, temperature, and stress fields, by leveraging available training datasets [22-24].
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For instance, Bassam et al. proposed an artificial neural network (ANN)-based approach to
characterize geothermal reservoirs with inclined and vertical geometries [25]. These surrogate
models can effectively replace traditional numerical simulators in complex geothermal reservoir
simulations, significantly reducing computational cost while maintaining satisfactory accuracy [26,27].
Consequently, deep-learning-based ROMs have become powerful tools for uncertainty quantification,
inverse modeling, and optimization in geothermal applications [28,29]. Wang et al. proposed a deep
learning-based closed-loop optimization framework for geothermal reservoir well control, integrating
a hybrid convolution-recurrent neural network surrogate with differential evolution and iterative
ensemble smoothing, achieving efficient real-time optimization and uncertainty reduction in reservoir
management [30].

In summary, the present study develops a multimodal-fusion Transformer surrogate
to accelerate the simulation and optimization of CO,-water enhanced geothermal systems.
Unlike existing data-driven approaches, the proposed framework explicitly integrates geological
heterogeneity, operational controls, and physical-field tensors within a unified architecture. The
main contributions of this work are fourfold:

1. Workflow design: We establish a complete workflow that couples high-fidelity multiphase-
thermal simulations with a Transformer-based surrogate, enabling accurate three-dimensional
prediction of reservoir dynamics.

2. Physics-guided loss functions: We introduce mass-balance, energy-conservation, and bound-
preserving penalties to enhance physical consistency of the network outputs.

3. Closed-loop optimization: The surrogate is coupled with a differential evolution algorithm to
enable real-time optimization of injection strategies under multiple economic and operational
objectives.

4.  Economic assessment: The framework incorporates net present value (NPV) as a direct
optimization metric, providing a practical tool for decision support in geothermal engineering.

Through this combination of physical insight and deep learning, the proposed approach
provides both computational efficiency and practical applicability, paving the way for real-time
forecasting and optimization in next-generation geothermal energy development.

2 Methods

In this section, we detail the multimodal fusion Transformer agent model and optimization
workflow.

2.1 Mathematical Model

The physical reservoir simulations were performed using CMG-STARS, a robust numerical
simulator capable of solving nonlinear systems governing multiphase, multicomponent fluid flow
and heat transport in multidimensional porous media. To simplify numerical modeling, several
reasonable assumptions were adopted: (1) chemical reactions within the reservoir were neglected;
(2) mechanical effects were not considered; and (3) fluid flow was assumed to follow Darcy’s law.

In this study, the geothermal system involved a mixture of CO, and water as working fluids.
Fluid flow through the reservoir matrix was described by a mass conservation equation based on
Darcy’s law, expressed as follows:
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where, ¢ denotes the reservoir porosity; pr is the density of the working fluid; f represents time; k
is the reservoir permeability; j; indicates fluid viscosity; p denotes reservoir pressure; g represents
gravitational acceleration; and z indicates the vertical direction; S is the specific storage of the rock
matrix; and Qr describes the mass source/sink term associated with fluid injection or production
within the rock matrix. Similarly, fluid flow within fractures is described by the mass conservation
equation and Darcy’s law as shown in Eq. (2):

ap k d
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where, dr represents fracture aperture, and V1 denotes the gradient operator restricted to the
fracture tangential plane; ¢y is the fracture porosity; kr and Sy are the fracture permeability and
specific storage of the fracture, respectively.

In this study, the reservoir is assumed to be in local thermal equilibrium, implying
instantaneous thermal equilibrium between the fluid and rock matrix. Thus, heat transfer within
the porous medium can be described using a single conservation equation, as given in Eq. (3):

aT
(PCo)epr5p +0sCppue VT = V(Ao VT) = —Qye )

where, T represents temperature; C,, s denotes the heat exchange between the rock matrix and
fracture; Qy g represents the effective volumetric heat capacity; and A.¢¢ denotes the effective
thermal conductivity; The effective volumetric heat capacity (0C,), ff and effective thermal
conductivity are calculated based on the volumetric averaging model, incorporating the thermal
properties of both reservoir rock and the working fluid, as shown in Egs. (4) and (5).

(pCP)eff = (1-¢)psCps + opCp s 4)

Aeff =(1- (P))\s + (P/\eff 6)

where, ps represents the density of the solid phase in the reservoir; C, s denotes the specific heat
capacity of the solid; A is the thermal conductivity of the solid phase. Similarly, the energy
conservation equation for fractures within the porous medium can be expressed as Eq. (6):

T
dr(0Cp) oo + 505 Cppiis @ ViT = Vo (ddessVT) = dfQpr (6)

the parameters u and uy in Egs. (3) and (6) represent the Darcy velocities of the working fluid in the
reservoir matrix and fractures, respectively.
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2.2 Deep Learning Surrogate Model

CO,-water EGS numerical simulations typically require significant computational resources
due to the complex calculations involved in phase equilibrium and heat transfer, resulting in low
computational efficiency. Mapping input data, such as permeability and porosity fields, to reservoir
production data using traditional numerical simulators is both computationally expensive and
time-consuming.

RH*W*D*Nf f(x) RN,,,*T

In this equation, H, W, and D denote the three-dimensional spatial grid resolutions in the spatial
domain. Traditional numerical simulation approaches, when applied to such three-dimensional
grid structures, commonly face challenges related to computational inefficiency due to inherent
nonlinearities and spatiotemporal constraints. To overcome these limitations, this study proposes a
multimodal fusion Transformer neural network model that significantly simplifies this procedure.
The proposed model provides an efficient approximation method to predict geothermal production
data, thereby considerably reducing computational costs. In this section, we detail the construction
of the proposed neural network architecture.

2.2.1 Theoretical Foundation

The self-attention mechanism is the core component of the Transformer model, designed to
capture global dependencies among elements within a sequence. By leveraging self-attention,
the model can dynamically focus on relevant positions in the sequence when computing the
representation of each element, thereby effectively modeling long-range dependencies. For a given
input feature sequence X = [xq,xy, ..., X,|, the query, key, and value matrices are obtained through
linear transformations:

Q= XW}?
K, = XWK @)
V, = XW)/

where h denotes the h-th attention head, and W}?r Wf, W,‘f are learnable parameter matrices with
dimensions d,,,4.; X di. For each position, the relevance score is computed by taking the dot product
between the query vector Q and all key vectors K:

Vi

where dj represents the dimensionality of the key vector K, which is used to scale the dot product

_ . _ QK"
Z;, = Attention(Qy, K, V) = softmax \'/ (8)

results to prevent numerical instability. The computed scores are then normalized using the SoftMax
function, producing attention weights. The SoftMax operation ensures that the sum of the weights
equals 1, allowing each position to aggregate information from others based on their relative
importance. The attention outputs from multiple heads are concatenated and passed through a
linear transformation:
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MultiHead (Q, K, V) = Concat(Zy,Z, ..., Zy)W° )

where, W° has dimensions of (H x di) X dmodel, and H represents the number of attention heads.

By leveraging multiple attention heads in parallel, the model can capture diverse relationships
between different positions within a sequence. Each attention head independently performs
self-attention in a distinct subspace, and the results are concatenated to obtain a more expressive
feature representation.

Transformer model: Transformer model consists of an encoder and a decoder, each composed
of multiple stacked identical layers. The encoder is constructed by stacking multiple identical
encoder layers, where each layer consists of two sub-layers:

® Multi-Head Self-Attention Sub-Layer: Computes self-attention, followed by residual connections
and layer normalization.

Xsa = LayerNorm(Xinpyt + MultiHead(Q, K, V)) (10)

@ Applies a two-layer fully connected network, followed by residual connections and layer
normalization.

Y = LayerNorm(Xsa + FFN(Xsa)) (11)

where, Y represents the output sequence of the encoder, and FFN denotes the fully connected
teed-forward network.

The decoder is similar to the encoder but includes an additional encoder-decoder attention
sub-layer, allowing the decoder to reference the encoder’s output when generating predictions.
To prevent the decoder from accessing future information while predicting the current position,
masking is applied, setting the attention weights for future positions to negative infinity. The
computation follows a similar procedure as the encoder’s multi-head self-attention, but with the
masking applied before the SoftMax operation.

Since the Transformer does not rely on the recursive structure of sequential models, it can
tully leverage GPU parallelization for more efficient computation. The self-attention mechanism
enables the model to directly attend to any position within the sequence, making it well-suited for
capturing long-range dependencies.

Vision Transformer model: Traditional computer vision models are primarily based on
Convolutional Neural Networks (CNNs), which leverage convolutional operations to capture
local image features. However, CNNs have limitations in modeling global dependencies and
long-range relationships. The Vision Transformer (ViT) applies the Transformer model to the image
domain, utilizing self-attention mechanisms to capture global relationships between different image
regions, achieving performance comparable to or even surpassing that of CNNs.

The input image I € REXW*C is first divided into N non-overlapping patches, each of size
P x P. These image patches are then flattened into vectors x; € R” *C, which are subsequently
projected into a vector space of dimension dy,ege1 through a linear mapping:

z? = Ex; + Epos,i (12)
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where, E € Rifmode XP*C represents the embedding matrix, and E,s; denotes the positional encoding.
A learnable classification token z) is introduced to aggregate global information. The sequence
70 = [zg, z(l), ceey z?\,] is then fed into the Transformer encoder for further processing.

By leveraging the self-attention mechanism, ViT can effectively capture long-range dependencies
within an image, overcoming the receptive field limitations inherent in convolutional neural

networks, As shown in Fig. 2.
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Figure 2: Schematic diagram of the vision neural network [31] copyright ©2025, AIP publishing.
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2.2.2 Model Design

The multi-modal fusion Transformer model proposed in this study aims to integrate physical
tield data and geothermal development scheme information, fully utilizing the self-attention
mechanism of the Transformer and the input processing approach of ViT to construct a model
capable of efficiently predicting the target task.

This model consists of three key components. The details of each module are described below.

Input Processing: The input to the model consists of three primary data sources: physical field
features, geothermal development scheme data, and graph-based spatial information. These inputs
capture both spatial and temporal characteristics of the reservoir and its operational conditions.
(1) The physical properties of the geothermal reservoir are represented by permeability distributions
in both fracture networks and the rock matrix. (2) The development scheme data includes key
operational parameters such as injection/production rates and temperature variations over time.
(3) To unify these heterogeneous inputs, the model applies linear transformations: The geothermal
scheme data is mapped to a 128-dimensional latent space using a fully connected layer. The
permeability fields (fracture and matrix) are projected into a 256-dimensional feature space using
another fully connected layer. The three feature sets (geothermal scheme, fracture, and matrix) are
concatenated into a unified 640-dimensional feature representation, which is further processed
using an additional linear transformation to 256 dimensions.

Before being fed into the Transformer, the processed input features undergo Layer
Normalization and Dropout Regularization to improve generalization and prevent overfitting.
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Furthermore, a positional encoding module is incorporated to inject sequential dependencies into
the Transformer, preserving the temporal relationships of geothermal production processes.

Multimodal Fusion Transformer-Based Architecture: The core of the model consists of multiple
Transformer encoder and decoder layers, specifically designed to capture both short-term and
long-term dependencies in the geothermal production process.

Transformer Encoder: The encoder module processes the input through four stacked layers. Each
layer first applies a multi-head self-attention mechanism to extract spatial-temporal dependencies.
The output is then passed through residual connections and layer normalization to maintain
numerical stability. A feedforward network follows, transforming the feature space before another
residual connection and layer normalization are applied. This sequence is repeated across all
encoder layers, progressively refining the feature representations.

Transformer Decoder: The decoder module processes the encoded representations through
multiple self-attention layers, establishing dependencies across different timesteps. The output
is then passed through cross-attention layers, where it attends to encoder outputs for feature
integration. Next, a feedforward network refines the transformed representations, followed by
residual connections and layer normalization to stabilize processing. The final output is obtained
through a linear projection layer, mapping the decoded features to the target prediction format.

Output Prediction: The final output of the model consists of key geothermal production
parameters. The predicted parameters are structured as a sequence of feature vectors, each
corresponding to a specific geothermal production indicator.

As shown in Fig. 3, the proposed methodology follows a streamlined workflow that integrates
data processing, feature representation, model construction, and forecasting with optimization.
Initially, reservoir and fracture parameters, injection—production schedules, and CO,-water
mixture properties are derived from numerical simulations. These data are standardized through
normalization, while the production time series are segmented into fixed-length sliding windows
to enable sequential learning. Geological structures and injection—production connectivity are then
encoded into graph adjacency matrices, which capture the spatial correlations among wells. At the
same time, dynamic production sequences are mapped into a multimodal embedding space that
combines both geological information and operational signals, ensuring a balanced representation
of spatial and temporal features.

Building upon these inputs, the proposed multimodal-fusion Transformer architecture
processes temporal sequences with self-attention and extracts spatial connectivity patterns through
graph convolution. The outputs of these two encoders are merged in a fusion layer, creating a joint
latent space that fully exploits the complementary nature of different modalities. During training,
physics-guided loss functions—enforcing mass and energy balance consistency—are incorporated
to enhance the model’s interpretability and generalizability. Once trained, the surrogate model is
capable of rapidly forecasting pressure, temperature, and production performance, achieving near
real-time efficiency. Furthermore, the surrogate is coupled with an optimization module based on
differential evolution, which searches for improved injection strategies while balancing economic
benefits and sustainability metrics such as CO, storage efficiency and temperature breakthrough
control.
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Figure 3: Schematic diagram of the model.
3 Case Studies

This study discusses an enhanced geothermal system developed for the New Mexico region.
The area is endowed with abundant HDR resources, and its reservoirs are characterized by high
temperatures and low permeability, using a CO,—water mixture as the working fluid. In this case,
the CMG STARS™ simulator was employed to construct a dual-porosity, dual-permeability model
that captures the coupling effects between the reservoir matrix and the engineered fractures. The
main assumptions include always maintaining local thermal equilibrium within the reservoir and
using the dual-porosity model to describe the heat conduction and mass exchange between the
fractures and the matrix. The reservoir volume is 1770 x 1770 x 110 m?, and some parameters are
listed in Table 1. Nine injection wells are used to introduce the working fluid into the reservoir,
while sixteen production wells extract geothermal energy. The well locations are shown in Fig. 4.

Table 1: Model parameters.

Parameters Values

Initial formation temperature 200°C

Initial formation pressure 31 MPa
Matrix porosity 0.2

Fracture porosity 0.25

Fracture spacing 10m

Injection temperature 15.56°C

Initial water saturation 0.5

Rock thermal conductivity 1.73 W/(m-°C)

Rock specific heat 0.239]/(kg-°C)
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Figure 4: Schematic diagram of the model.

In this case study, sample sets were generated by varying the matrix and fracture permeabilities,
the injection well fluid ratios, the injection rate, and the production well bottomhole pressure (BHP).
The permeability field was generated using Gaussian interpolation, with matrix permeability
ranging from 10 to 30 mD and fracture permeability ranging from 80 to 200 mD. The injection flow
rate for the injection wells is between 200 and 400 m?/day, with the CO, and water proportions
ranging from 0 to 1, summing to 1. The production well BHP is set between 10 and 20 MPa;
however, for computational stability, each production well’s BHP remains constant over time.
The CMG STARS™ simulator was used to solve the geothermal reservoir model, discretizing the
reservoir into a 29 x 29 x 9 grid. The simulation time step is set to 1 year, with a total simulation
duration of 25 years, during which the well controls are adjusted annually, resulting in 25 control
steps over the production period. In this study, 1000 sets of permeability fields and well control
sequences were randomly generated, and the simulator was used to compute the geothermal
energy extracted from HDR, the volume of dissolved CO;, and the water production rates at each
well. These results constitute the training dataset for the deep learning surrogate model.

3.1 Neural Network Validation

The deep learning surrogate model was trained for 200 epochs with a learning rate of 0.0001,
taking approximately 530 s on an NVIDIA TITAN RTX. Table 3 presents the parameter settings for
the deep learning surrogate model. The variation of root mean square error (RMSE) with epochs
is shown in Fig. 5. The training set exhibits an average RMSE of 3%, with standard deviations
ranging from 1.0% to 5.0%. Meanwhile, the testing set shows an average RMSE of 4.35%, with
standard deviations between 1.57% and 7.13%. These results indicate that the model fits the training
data well. Fig. 6 presents the parity plot of the parameters predicted by the forward surrogate
model against the reference simulation results. The data points are closely distributed along the
diagonal line, indicating that the surrogate model provides highly accurate predictions. This
strong agreement confirms the reliability of the proposed surrogate in replacing time-consuming
numerical simulations for subsequent optimization and analysis.
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Table 2: Key parameters of the multimodal fusion transformer surrogate model.

2567

Component Parameters Details
Fracture Permeability 29 %29 %9
Input Processing Matrix Permeability 29 %299
Development Scheme 25 % 43
Development Scheme 128D
— Fracture & Matrix Grid 256D
Feature Projection Concatenated Feature 640D
Fully Connected Layer 256D
Number of Layers 6
Transf Encod Embedding Dimension 256D
ranstormer Encoder Attention Heads 8
Dropout 0.1
Number of Layers 6
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Dropout 0.1
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Table 3: Key parameters of the multimodal fusion transformer surrogate model.

Component Parameters Details
Fracture Permeability 29 %29 x 9
Input Processing Matrix Permeability 29 %299
Development Scheme 25 x 43
Development Scheme 128D
Feature Proiection Fracture & Matrix Grid 256D
) Concatenated Feature 640D
Fully Connected Layer 256D
Number of Layers 6
T : Encod Embedding Dimension 256D
ranstormer tncoder Attention Heads 8
Dropout 0.1
Number of Layers 6
Embedding Dimension 64D
Transformer Decoder Attention Heads 8
Dropout 0.1
Output Dimension 25 % 18

Output Prediction

Fig. 7 compares the RMSE distributions of four methods on this dataset, where GRU, RNN, and
LSTM are typical neural networks used for time series forecasting. In contrast, the average RMSE
values for the GRU, RNN, and LSTM models are approximately 8.9%, 8.4%, and 8.1%, respectively,
with a wider error distribution range. Fig. 8 presents the comparison between the predicted and
actual values for CO; sequestration and geothermal energy production across different models. It is
evident from the figure that, compared with GRU, RNN, and LSTM, the “Proposed” model exhibits
data points that are more tightly clustered around the 45° reference line in both plots, indicating
higher prediction accuracy and lower dispersion. In contrast, the scatter distributions of the other
models are relatively farther from the reference line, suggesting the presence of systematic biases
or random errors that result in larger discrepancies between the predictions and the true values.
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These results demonstrate that the model proposed in this study offers significant advantages in
both prediction accuracy and stability.
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energy.
3.2 Effects of Model Layer

By adjusting the number of layers in both the encoder and decoder of the Transformer model,
we explored its impact on model performance. Four different configurations were employed (i.e., 2,
4, 6, and 8 layers for both the encoder and decoder). As shown in Fig. 9, the Transformer models
with different depths exhibit varying RMSE distributions in the prediction task. Specifically, the
2-layer model has an average RMSE of approximately 5.2% with a standard deviation of about
3.2%; the 4-layer model sees a reduction to around 4.5% average RMSE and a standard deviation of
approximately 2.4%; the 6-layer model further decreases the average RMSE to roughly 3.9% with a
standard deviation of about 2.2%; however, when the number of layers increases to 8, the average
RMSE slightly rebounds to approximately 3.4% with a standard deviation of around 2.0%. Fig. 10
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illustrates that for models with different depths, the data points for both the total CO, sequestration
(left panel) and total energy production (right panel) are distributed near the ideal 45° reference
line, indicating an overall high prediction accuracy. In summary, these figures demonstrate that
adjusting the number of layers affects the prediction accuracy and stability. An appropriate network
depth enhances the consistency of predictions for CO; sequestration and energy output. This trend
suggests that moderately increasing the network depth can effectively improve the model’s feature
extraction capabilities and reduce prediction errors. However, when the network becomes too
deep, training becomes more challenging and the risk of overfitting increases, which may lead
to a decline in prediction accuracy. Therefore, in practical applications, it is essential to balance
network depth and model complexity based on the scale of the task, data volume, and available
computational resources to achieve optimal predictive performance.

3.3 Generalization Performance Validation

We employed 5-fold cross-validation to assess the generalization performance of the proposed
model. Specifically, the entire dataset was randomly partitioned into five non-overlapping subsets
(200 data samples per subset). In each fold, one subset was designated as the validation set,
while the remaining subsets formed the training set. For each fold, the model was independently
initialized and trained for 100 epochs. As shown in Fig. 11, the RMSE distributions across the
different folds (fold1-fold5) are generally similar, with both the mean and standard deviation
showing no significant differences. This indicates that the model achieves relatively consistent
prediction accuracy across the folds, with a concentrated error distribution and no evident outliers.
Furthermore, the R? results (Fig. 12) reveal that the goodness-of-fit in each fold is consistently high
with minimal variation. This suggests that under different data partitioning conditions, the model
maintains stable explanatory power for the target variables and achieves robust fitting performance.
In summary, the model’s performance during the 5-fold cross-validation is both stable and reliable,
demonstrating strong generalization ability across different data splits.
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Figure 9: Model performance for different layer configurations.
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4 Economic Optimization

In this study, we developed an economic evaluation model based on net present value (NPV)
to comprehensively assess the benefits and costs of a water + CO; injection geothermal system over
its entire lifetime. The primary benefits of the system are derived from energy production and CO;
sequestration incentives, while the costs include initial capital investments and annual operating
expenses. According to Reference [21], the NPV is calculated using the following formula:

NPV = —Ceop + i (Creve = OPEX = Cax + Coreait)

13
t=1 (1 "‘r)t )

where, r represents the discount rate; T denotes the project lifetime; Ccap indicates the initial capital
investment; OPEX refers to the operational expenses; Ciax stands for the project’s taxes; Cereqit
represents the carbon credit revenue.

Figs. 13 and 14 compare the impact of water ratio, STF (surface total fluid rate) constraint, and
producer BHP on system performance. Increasing STF raises the overall injection capacity under
co-injection, whereas BHP primarily governs drawdown and production stability. From Fig. 13
(sensitivity analysis on CO, sequestration), it can be seen that as the water injection ratio increases,
the final sequestered CO, amount exhibits a clear downward trend, indicating that a higher water
phase proportion inhibits effective CO, injection or dissolution. At the same time, an increase in
the injection rate (STF) has a positive effect on CO, sequestration, meaning that higher injection
intensities can achieve greater sequestration; conversely, production well bottomhole pressure
(BHP) is generally negatively correlated with CO; sequestration, suggesting that excessively
high production pressures may weaken the CO, driving or retention effect, resulting in decreased
sequestration. In Fig. 14 (sensitivity analysis on energy production), the water ratio is also negatively
correlated with the final energy output, which may be due to losses in thermal energy or driving
force caused by a high water ratio, thereby reducing overall energy production. In contrast, the
injection rate (STF) promotes energy output within a certain range, indicating that higher injection
intensities help enhance thermal energy or fluid drive efficiency. For production well BHP, a similar
negative correlation with energy output is observed, implying that if the production well pressure
is too high, fluid flow efficiency and energy recovery may be limited, thus affecting the system’s
energy output.
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Figure 13: Sensitivity analysis: CO, sequestration.
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Figure 14: Sensitivity analysis: effect on energy.

In the model, the ratios of CO, and water in the injection wells, the injection rate, and the
production well bottomhole pressure are selected as the key control parameters, as these three
parameters directly affect the system’s revenue and cost structure. Table 4 provides some of the
relevant economic parameters. To maximize NPV, this study employs a differential evolution
algorithm to solve the model, finding the parameter combination that yields the optimal NPV
through a reasonable adjustment of the CO, ratio and injection rate. The trained deep learning
surrogate model can now be used for well control optimization in geothermal reservoir production,
thereby maximizing economic benefits.

As shown in Fig. 15, as the number of iterations increases, the NPV (blue curve) shows a steady
upward trend, eventually stabilizing in the later iterations. This indicates that the optimization
algorithm continuously improves the net present value and gradually converges while seeking the
optimal control strategy. In contrast, the Carbon Credit Income (orange curve) exhibits significant
fluctuations during the iterations, which to some extent reflects the trade-offs in CO, sequestration
revenue under different injection/production strategies; whereas the Electricity Revenue (green
curve) steadily increases from an initially lower level, eventually reaching the highest revenue value.
This indicates that by adjusting parameters such as the water-CO, injection ratio and production
well pressure during the optimization process, energy recovery can be significantly enhanced.
Overall, energy revenue dominates in the later stages of the optimization, while carbon revenue
varies within a certain range with strategy adjustments. Together, these factors lead to a continuous
improvement in the system’s overall economic indicator (NPV), which eventually converges to a
relatively optimal level.

This paper also conducts a sensitivity analysis on the impact of fluctuations in several key
economic parameters on the net present value. As shown in Fig. 16, fluctuations in electricity prices
have the most significant impact on the final NPV. An increase in electricity prices substantially
boosts electricity revenue, thereby significantly raising the NPV, while a decrease in electricity prices
weakens revenue and lowers overall returns. Similarly, changes in carbon credit prices directly affect
carbon revenue: if carbon credit prices increase, the project’s net present value is markedly enhanced,
and vice versa. Although CO, procurement costs can also lead to some revenue variations, their
impact on NPV is smaller compared to electricity prices and carbon credit prices, mainly because
CO; procurement costs account for only a limited portion of the project’s revenue structure. Lastly,
water procurement costs have the weakest effect on NPV, indicating that even if water costs fluctuate,
they are unlikely to substantially impact the project’s overall economic viability.
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Table 4: Economic parameters.
Parameter Base Value Lower Value Upper Value
Electricity market price 0.09 0.06 0.21
CO;, purchase cost ($/ton) 30 21 70
Water purchase cost ($/ton) 0.61 0.43 0.84
Carbon credit rate ($/ton) 60 40 75
Tax rate (%) 15 N.A. N.A.
Ceap (M$) 30 N.A. N.A.

5 Conclusions

This study proposed a multimodal-fusion Transformer framework for simulating multiphase
flow and heat transfer in CO,—water enhanced geothermal systems (EGS). The surrogate model
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integrates geological heterogeneity, operational schedules, and thermal-hydraulic dynamics into
a unified architecture and demonstrates strong predictive capability. Based on the results, the
following conclusions can be drawn:

(1) Accuracy and efficiency: The proposed Transformer surrogate achieved RMSE of 3-5%, MAE
< 4%, and R? > 0.95 across production rates, pressure, and temperature predictions. Compared
with recurrent neural networks (GRU, RNN, LSTM) and a physics-informed reduced-order
model, the framework showed superior accuracy and computational efficiency.

(2) Physics-guided loss: Incorporating mass- and energy-balance penalties improved predictive
performance by approximately 10-12% relative to the purely data-driven baseline, confirming
the value of embedding physical constraints.

(3) Closed-loop optimization: Coupling the surrogate with a differential evolution (DE) optimizer
enabled real-time optimization of injection strategies, resulting in a 15-20% increase in NPV
compared with baseline strategies.

(4) Sensitivity insights: Economic sensitivity analysis identified electricity price and carbon price
as the dominant drivers of project profitability, surpassing variations in injection cost or
thermal efficiency.

(5) Limitations and future work: The present study assumes local thermal equilibrium, Darcy flow,
and neglects geochemical reactions and geomechanical coupling. While these simplifications
are acceptable under the studied conditions, they may limit generalization to other geothermal
systems. Future work will extend the surrogate to non-LTE heat transfer, reactive processes,
and poro-thermo-elastic effects, as well as broader geological priors.

Overall, the multimodal-fusion Transformer offers a practical and scalable surrogate modeling
strategy, bridging deep learning and physical principles for enhanced geothermal system analysis,
forecasting, and optimization.
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