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Abstract: As global warming intensifies, carbon capture, utilization, and storage (CCUS) technology is
widely used to reduce greenhouse gas emissions. CO2-enhanced oil recovery (CO2-EOR) technology
has, once again, received attention, which can achieve the dual benefits of oil recovery and CO2

storage. However, flexibly and effectively predicting the CO2 flooding and storage capacity of
potential reservoirs is a major problem. Traditional prediction methods often lack the ability to
comprehensively integrate static and dynamic predictions and, thus, cannot fully understand CO2-
EOR and storage capacity. This study proposes a comprehensive deep learning framework, named
LightTrans, based on a lightweight gradient boosting machine (LightGBM) and Temporal Fusion
Transformers, for dynamic and static prediction of CO2-EOR and storage capacity. The model predicts
cumulative oil production, CO2 storage amount, and Net Present Value on a test set with an average
R-square (R2) of 0.9482 and an average mean absolute percentage error (MAPE) of 0.0143. It shows
great static prediction performance. In addition, its average R2 of dynamic prediction is 0.9998, and
MAPE is 0.0025. It shows excellent dynamic prediction ability. The proposed model successfully
captures the time-varying characteristics of CO2-EOR and storage systems. It is worth noting that our
model is 105–106 times faster than traditional numerical simulators, which once again demonstrates
the high-efficiency value of the LightTrans model. Our framework provides an efficient, reliable, and
intelligent solution for the development and optimization of CO2 flooding and storage.

Keywords: CCUS; CO2-EOR and storage; deep learning; lightGBM; transformers

1. Introduction

Due to carbon dioxide greenhouse gas emissions, global warming has become an
irreversible trend [1]. In order to mitigate the greenhouse effect, carbon capture, utilization,
and storage technology (CCUS) is being widely used [2–4]. Among the different technolo-
gies, CO2-enhanced oil recovery (CO2-EOR) technology is an effective method that can
not only improve oil recovery through CO2 miscible flooding but can also store CO2 in oil
reservoirs [5,6]. Considering the economic benefits of significantly improving oil recovery
and the social benefits of burying carbon and reducing emissions, CO2-EOR is widely
used in oil and gas field development [7]. With the proposal of China’s “dual carbon”
goals, CO2-EOR technology has once again ushered in a period of rapid development
opportunities [8,9].

The most relevant parameters in CO2-EOR and storage are oil production, CO2 storage
amount, and Net Present Value (NPV) [10–12]. Among them, oil production and NPV
are related to the economic reliability of the project, and CO2 storage amount is related
to whether the goal of effective CO2 storage can be achieved. Therefore, most studies
focus on predicting cumulative oil production, CO2 storage amount, and NPV. However,
due to the high time cost and poor adaptability of experimental methods [13] and tradi-
tional numerical methods [14–16], more and more studies tend to use machine learning
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methods to establish reliable prediction models for oil recovery and CO2 storage efficiency.
Moosavi et al. tested the ability of hybrid radial basis function (RBF) networks to predict
oil recovery and oil rate in CO2 foam flooding reservoirs [17]. Chen et al. developed an
ML model to predict hydrocarbon production potential and CO2 storage amount in ROZ
using multivariate adaptive regression splines (MARSs), support vector machines (SVRs),
and random forests (RFs) [18]. You et al. used a multi-layer neural network (MLNN)
proxy model to predict cumulative oil production and CO2 storage amount [19]. However,
these models mainly focus on static prediction. They do not provide an overall dynamic
prediction, including oil production, CO2 storage amount, and NPV over time. Some
studies have considered dynamic time series prediction. Asante et al. utilized a Long
Short-Term Memory (LSTM) neural network to predict the historical oil recovery of oil
fields using dynamic data, including pressure, water-alternating-gas (WAG) cycle, and
injection volume [20]. Iskandar et al. employed autoregressive (AR), multi-layer perceptron
(MLP), and Long Short-Term Memory (LSTM) networks to combine reservoir characteristic
parameters and bottom-hole pressure to predict oil, gas, and water production rates [21].
However, these studies usually do not combine static prediction with dynamic prediction,
resulting in a lack of comprehensiveness and accuracy in the prediction results. In addition,
commonly used data-driven models (such as LSTM) in these studies cannot effectively
capture long-term dependencies. Furthermore, their computation times are relatively long,
leading to inefficiency. Therefore, an advanced model is needed to efficiently achieve
accurate static and dynamic predictions of oil production, CO2 storage amount, and NPV.
This will help to fully understand the oil recovery and CO2 storage capacity to optimize
production plans.

This paper combines a lightweight gradient boosting machine (LightGBM) with Tem-
poral Fusion Transformers and proposes a deep learning framework based on the Light-
Trans model to simultaneously realize the dynamic and static prediction of CO2 flooding
and storage capacity. LightGBM is a lightweight machine-learning method with fast speed
and high accuracy [22]. So far, it has been widely used in many static prediction tasks in the
CCUS industry and has achieved more effective performance than baseline methods [23,24].
In addition, the method based on Temporal Fusion Transformers (TFTs) has shown excellent
performance in dynamic time series [25]. TFTs can improve the accuracy of dynamic time
series prediction by enhancing static data. More importantly, the method can effectively
capture long-term dependencies through a multi-head attention mechanism. It has been
widely used and successful in fields such as energy, transportation, and finance [26–28].
Therefore, it is expected to provide reliable real-time predictions for the CCUS field.

We take a typical well group in a low-permeability oil field in Xinjiang as an example
to predict CO2 flooding and storage capacity. With this method, we can not only achieve
high-precision static predictions of cumulative oil production, CO2 storage, and NPV,
but we can also make real-time predictions of the dynamic changes in these indicators
efficiently, thereby comprehensively evaluating CO2 flooding and storage capacity.

2. Methodology
2.1. Description of Numerical Models for Field-Scale Oil Reservoirs

The study site was a typical low-permeability oil field in Xinjiang. This oil field has
a burial depth ranging from 2158 to 2793 m, geological reserves of 35.23 million metric
tons, an average permeability of 6.15 mD, an average porosity of 12.5%, and an average
water saturation of 0.58. Based on over 30 years of field data (since 1990) from water
injection development, a numerical simulation model for this oil field was established
using the 2022 version of CMG-GEM (Computer Modelling Group Ltd., Calgary, AB,
Canada). This model has completed history matching and encompasses a wide range of
geological and engineering parameters. For the convenience of calculation, we took out
a typical well group model of 4 injections and 15 productions that represented the entire
oil field from the total numerical model, and the number of model grids was 9000. The
schematic diagram of sub-model extraction is shown in Figure 1. The reservoir physical
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property parameters are shown in Table 1. The oil–water relative permeability and oil–gas
relative permeability curves shown in Figure 2 were obtained through indoor experiments.
The crude oil components are shown in Table 2.
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Figure 1. Typical well pattern model extraction from field-scale numerical model.

Table 1. Reservoir properties.

Characteristics Value

Reservoir temperature/◦C 82.6
Geological reserves/million tons 1.69

Original formation pressure/MPa 28.8
Average permeability/mD 6.9

Average porosity/% 12.5
Average water saturation 0.58

Number of grids 9000
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Figure 2. Relative permeability curves of oil–water and oil–gas phases.

Table 2. Composition of crude oil components.

Component Mole Percentage

CO2 0.02
N2 1.32
C1 41.57
C2 7.46
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Table 2. Cont.

Component Mole Percentage

C3 6.76
iC4 3.72
nC4 3.13
iC5 2.55
nC5 1.45
C6 2.65

C7+ 29.3
Sum 100

2.2. Data Preparation

To improve the performance of the intelligent model, we used the Monte Carlo method
to perform extensive simulations through 504 parameterized experiments. This method en-
sures the uniformity of parameter distribution, thereby improving the prediction accuracy
of the model. The parameter ranges involved in the Monte Carlo simulation experiments
are detailed in Table 3. The input parameters of the model included gas injection time,
water injection time, gas injection rate, water injection rate, bottom-hole pressure of the
production wells, and maximum liquid production rate. In particular, the bottom-hole
pressure and liquid production rate of the production wells were key setting indicators,
but they have often been overlooked in previous studies. The bottom-hole pressure is
key to controlling miscible flow and pressure difference, while the liquid production rate
ensures stable production in low permeability reservoirs with sufficient elastic energy (high
gas–oil ratio). The model output included static and dynamic data. The static data cover
the cumulative oil production, CO2 storage, and Net Present Value (NPV) after 20 years of
using CO2 water-alternating-gas (CO2–WAG) technology. The dynamic data recorded the
oil production rate, CO2 production rate, and time-varying CO2 storage amount during the
20-year period. To ensure that the model accurately captured these dynamic changes, we
extracted up to 438 time series data points from each experiment.

Table 3. Parameter ranges of Monte Carlo simulation experiments (within one WAG cycle).

Parameters Unit Min Max

Gas injection time day 100 360
Water injection time day 100 360

Gas injection rate m3/day 80,000 180,000
Water injection rate m3/day 160 360

Bottom hole pressure of production wells MPa 22 33
Maximum total surface liquid production of

production wells m3/day 10 25

2.3. LightTrans Model Framework

LightTrans is a deep learning model that combines LightGBM and Transformers
technology, designed specifically for evaluating the CO2-EOR and storage capacity of oil
reservoirs. This model is capable of processing and parsing a large amount of static and
dynamic data in oil recovery and storage systems. The LightTrans model framework is
shown in Figure 3.

In the LightTrans model, the LightGBM part is responsible for processing and evalu-
ating the static characteristics of the reservoir, such as geological structure and physical
properties. The Transformers part processes time series data and predicts the dynamic
changes in oil recovery and CO2 storage by capturing changes in reservoir properties
over time. Through this combination, the model not only improves the flexibility of the
evaluation but also greatly enhances the accuracy of the prediction.
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Figure 3. LightTrans model architecture.

LightGBM is an efficient gradient-boosting decision tree algorithm [22,29]. It leverages
four key technologies to enhance its performance:

• Gradient-based one-sided sampling (GOSS): Only samples with larger absolute values
of gradients are sampled without traversing all samples. Therefore, the amount of
calculation is reduced while maintaining the representativeness of the data.

• Histogram-based algorithm: By bucketing continuous feature values into discrete his-
tograms, memory usage is significantly reduced, and time complexity is greatly reduced.

• Exclusive feature bundling (EFB): Bundling mutually exclusive features together
reduces the number of processed features and improves the efficiency of the algorithm
without reducing accuracy.

• Leaf-wise growth strategy with depth constraints: Compared with the traditional level-
wise growth strategy, the leaf-wise strategy pays more attention to areas with higher
error rates, effectively reduces the risk of overfitting, and maintains the accuracy of
the model.

These unique designs enable LightGBM to process static data efficiently.
For dynamic time series data prediction, Temporal Fusion Transformers (TFTs) out-

perform all major deep learning models [25]. This is due to their powerful static covariate
encoder and temporal multi-head attention mechanism. The static covariate encoder en-
ables the model to make full use of static features and enhance the accuracy of predictions.
The temporal self-attention mechanism is used to learn long-term dependencies in time se-
ries, which can improve the model’s ability to capture temporal dynamics. This means that
TFTs are very suitable for our task. The static covariate encoder uses a separate Gated Resid-
ual Network (GRN) encoder to generate four different context vectors for temporal variable
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selection, local processing of temporal features, and enrichment of temporal features with
static information. Among them, GRN can perform effective nonlinear processing on the
input, and its mathematical expression is:

GRNω(a, c) = LayerNorm(a + GLUω(η1))
η1 = W1,ωη2 + b1,ω,

η2 = ELU(W2,ωa + W3,ωc + b2,ω)
GLUω(γ) = σ(W4,ω γ + b4,ω)⊙ (W5,ωγ + b5,ω)

where LayerNorm represents the Layer Normalization operation. a is a primary input
feature vector. c is a static variable vector. ELU is the exponential linear unit activation
function. GLU stands for Gated Linear Unit. W and b are weights and biases. σ is the
sigmoid activation function. ⊙ represents the element-wise multiplication.

The multi-head attention mechanism in TFT is mainly based on the Transformer model
of Vaswani et al. [30]. Attention mechanism is a mechanism in neural networks that allows
the model to focus on specific parts of the input sequence when making predictions. Its
formula is:

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V

where Q is the query matrix. K is the key matrix. dk is the dimension of the key vectors.
softmax is the softmax function, which is used to convert the scaled dot products into a
probability distribution. V is the value matrix.

The multi-head attention mechanism is proposed to simultaneously focus on different
parts of the input sequence by using multiple attention heads. It is computed as follows:

MultiHead(Q, K, V) = Concat(H1, H2, . . . , HmH )W
H

Hi = Attention
(

QWQ
i , KWK

i , VWV
i

)
where WQ

i , WK
i , and WV

i are the weights of each head Hi, respectively. WH is the weight
matrix after the output of the multi-head attention mechanism. mH represents the total
number of attention heads. Concat represents the concatenation operation, which combines
the outputs of the attention heads into a single matrix.

In addition, in order to emphasize the importance of specific features, an interpretable
multi-head attention mechanism is implemented by adding shared value weights. The
formula is:

InterpretableMultiHead (Q, K, V) =
∼
HWH

∼
H =

∼
A(Q, K)VWV

=

{
1/H

mH
∑

h=1
A
(

QW(h)
Q , KW(h)

K

)}
VWV

= 1/H
mH
∑

h=1
Attention

(
QW(h)

Q , KW(h)
K , VWV

)
where WH is used for the final mapping.

∼
H is the combined output of all attention heads.

∼
A represents the normalized attention scores. WV is the value weight shared by all heads.
W(h)

Q and W(h)
K are the weight matrices for the query and key projections for the h-th head.

In addition, TFTs also utilize Long Short-Term Memory (LSTM) networks as part of
their architecture to handle sequential data and capture temporal dependencies.

Overall, our LightTrans model significantly improves the prediction accuracy of
engineering static and reservoir dynamic data by combining the efficiency of LightGBM
with the powerful time series data processing capabilities of TFTs, especially in oil recovery
and CO2 storage capability. This not only optimizes resource utilization efficiency but also
improves the economics of operations.
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2.4. Evaluation Indicators

The evaluation indicators of the LightTrans model are set as follows: coefficient of
determination R-square (R2) and mean absolute percentage error (MAPE).

R2 = 1 − ∑i (ŷi − yi)
2

∑i (yi − yi)
2

MAPE =
1
m

m
∑

i=1

[
|ŷi − yi|

yi

]
× 100

where ŷi is the i-th predicted value, yi is the corresponding observed value, and m is the
number of samples.

3. Results and Discussion
3.1. Preliminary Intelligent Evaluation and Model Hyperparameter Adjustment

First, the LightGBM algorithm combining fair-cut trees and the synthetic minority
oversampling technique (FCT-SMOTE-LightGBM) model was used to conduct a prelimi-
nary evaluation of the CO2 flooding and storage potential of the typical reservoir blocks
in our study. This model has been proven to be applicable to various types of reservoirs.
Its description is shown in Figure 4. For details, see our previous publication [31]. The
model evaluation result is “good”. Therefore, the low permeability reservoir we studied is
suitable for CO2 flooding. Further, we need to perform dynamic and static predictions of
CO2 flooding and storage capacity for this oil reservoir. The TransLight model was trained
using static tabular data from 504 simulation experiments and 220,752 (504 simulation
experiments × 438 sampling time series data points) dynamic numerical simulation data
to perform static and dynamic predictions of CO2 flooding and storage capacity. Our
deep learning model runs on the PyTorch 2.3 platform using NVIDIA GeForce RTX 4070TI
(NVIDIA Corp., Santa Clara, CA, USA).
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3.2. Prediction Performance of TransLight Model

Figure 5 shows the performance of the TransLight model in the static prediction task.
It can be observed that the prediction points are almost all located near the 45-degree line,
which shows that the model fits very well. Therefore, the TransLight model performs well
in the static prediction of cumulative oil production, CO2 storage amount, and Net Present
Value. The specific prediction performance indicators are listed in Table 4. The model has
R2 values of 0.9426, 0.9616, and 0.9404 and MAPE values of 0.0085, 0.0262, and 0.0081 for
cumulative oil production, CO2 storage amount, and Net Present Value on the test set,
respectively. These results show that the TransLight model can provide high-precision
predictions on different static targets. The high R2 values indicate that the model performs
well in explaining data variability, while the low MAPE values indicate that the model has
a very small prediction error.
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Table 4. Prediction performance indicators of the TransLight model for three different static targets
on training sets and test sets.

Static Targets Train Test

R2 MAPE R2 MAPE
Cumulative oil production 0.9960 0.0020 0.9426 0.0085

CO2 storage amount 0.9982 0.0053 0.9616 0.0262
Net Present Value 0.9957 0.0019 0.9404 0.0081

In summary, the TransLight model shows strong adaptability and accuracy in handling
static prediction tasks, and it can provide reliable results in the prediction of cumulative oil
production, CO2 storage amount, and Net Present Value. The efficient performance of this
model makes it a powerful tool for research and application in the field of CO2-EOR.

In order to further verify the rationality of the proposed model, we also analyzed
the ranking results of the model for feature importance. The ranking results are shown in
Figure 6. We observed that the maximum total surface liquid production rate has the most
significant influence on cumulative oil production and Net Present Value, surpassing the
importance of most other features by more than one. This is because the constraint on the
total surface liquid production naturally controls oil production, thereby influencing the
NPV [32]. The gas injection rate has the most significant impact on CO2 storage amount,
with its importance being nearly 2.5 times greater than that of the other features. This
is obviously because the gas injection rate directly affects the volume of CO2 that can be
injected and stored in the reservoir [33]. In addition, bottom-hole pressure is crucial to
cumulative oil production and NPV because it controls the degree of miscibility and the
size of the pressure difference [34]. However, the gas injection time and water injection time
have relatively little effect on oil production and NPV but have a greater impact on storage
capacity. This reflects the contradiction between oil recovery and storage [19]. Specifically,
GAS TIME and WATER TIME greatly influence CO2 sweep efficiency, thereby affecting
the uniformity of CO2 sequestration [35]. However, in terms of oil production, while GAS
TIME and WATER TIME are important for the overall injection process, their direct impact
on oil production is limited by more dominant production factors and constraints [36]. The
ranking of the factors influencing oil production and NPV is consistent, reflecting that oil
production can control NPV better than storage capacity. In addition, the water injection
rate does not seem to have much effect on oil production, storage, and NPV. The ranking
results are almost consistent with conventional understanding [19,32–36]. This once again
proves the effectiveness of the TransLight model.
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Figure 6. TransLight model shows the feature importance of (a) cumulative oil production, (b) NPV,
and (c) CO2 storage amount, where WATER TIME and GAS TIME represent the water injection
time and gas injection time within a cycle, GASI represents the gas injection rate of the injection
wells, WATI represents the water injection rate, PRO BHP refers to the bottom-hole pressure of
the production wells, and PRO STL indicates the maximum total surface liquid production rate of
production wells.
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In order to verify the effectiveness of the TransLight model in the dynamic prediction
task, we performed a performance evaluation on all samples in the test set. The specific
results are shown in Table 5. The proposed model has excellent prediction performance for
the three dynamic targets. Specifically, the average R2 value reaches 0.9998, and the average
MAPE value reaches 0.0025. Figures 7–9 show a visual comparison of the TransLight
model’s predictions and observations for three dynamic targets in four cases that are
randomly selected from the Monte Carlo experiment. The parameters of the four cases
are shown in Table 6. It can be observed that the TransLight model prediction results are
highly consistent with the observed results. In addition, the model successfully captures
the volatility of the data. The gray curve represents the attention mechanism. It can be seen
that all strong turning points and the places closest to the prediction points receive almost
full attention. This proves that the model we proposed performs well in predicting the
three dynamic targets of oil production rate, CO2 production rate, and time-varying CO2
storage amount, which is highly consistent with expectations. From these results, it can
be seen that the TransLight model can not only accurately capture the changing trends of
dynamic targets but also provide high-precision prediction results, which further proves
the reliability and practicality of the model. We also compared the TransLight model with
classic baseline models: AutoRegressive Integrated Moving Average (ARIMA), Long Short-
Term Memory (LSTM), and Gated Recurrent Unit (GRU). Table 7 shows the comparison
results. We found that the TransLight model achieves the highest average performance in
predicting three different dynamic targets. In addition, in terms of computational efficiency,
when the data volume is in the range of thousands, the intelligent model is typically 104 to
106 times faster than traditional numerical simulation methods [37,38]. It is worth noting
that the computation speed of our intelligent model is 3–20 s. However, the running time of
504 numerical experiments is nearly 504 h (nearly 1,814,400 s). This means that our model
is nearly 105–106 times faster than traditional numerical simulation methods. The superior
performance of this model provides an efficient and accurate solution for the dynamic
prediction of CO2 flooding and storage capacity.

Table 5. Prediction performance indicators of TransLight model for three different dynamic targets
on test sets.

Dynamic Targets R2 MAPE

Oil production rate 0.9998 0.0016
CO2 production rate 0.9997 0.0047

Time-varying CO2 storage amount 0.9998 0.0012
Average 0.9998 0.0025

Table 6. Parameter presentation of four random cases selected from the Monte Carlo simula-
tion experiment.

GASI
(m3/day)

WATI
(m3/day)

GAS TIME
(day)

WATER TIME
(day)

PRO BHP
(MPa)

PRO STL
(m3/day)

Case 1 115,108.04 311.63 128.18 254.38 24.14 15.63
Case 2 119,860.58 285.90 216.38 299.69 23.04 15.67
Case 3 133,017.68 236.13 297.72 162.79 27.75 17.93
Case 4 150,117.93 312.88 291.12 224.79 25.20 20.78

Table 7. Average performance comparison of TransLight model and baseline models for three different
dynamic targets on test sets (* indicates a very small value, meaning the performance is poor).

Model R2 MAPE

ARIMA * 0.3329
LSTM 0.9606 0.0465
GRU 0.9795 0.0258

TransLight 0.9998 0.0025
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4. Conclusions

In this study, we propose a deep learning framework based on the LightTrans model
to perform dynamic and static modeling of CO2 flooding storage capabilities. We show
that the LightTrans model can achieve high-precision dynamic and static predictions in
CO2 flooding storage prediction tasks. The average R2 for static forecasts is 0.9482, and the
mean absolute percentage error (MAPE) is 0.0143. The average R2 of dynamic prediction is
0.9998, and MAPE is 0.0025. The LightTrans model successfully predicted cumulative oil
production, CO2 storage capacity, NPV, and the time-varying capacity of the oil displace-
ment and storage system in real time. The model not only accurately captures the volatility
and important trends of these variables but also significantly improves forecast efficiency.
Our model is 105 to 106 times faster in calculation speed than traditional numerical simula-
tion. In addition, because the LightTrans model can predict oil displacement and storage
information under different scenarios, it can be used as an efficient alternative to numerical
simulation. In the future, the LightTrans model can also be used to optimize injection and
production plans and make probabilistic predictions of important dynamic information,
such as pressure changes, further improving the efficiency of oil field management and
CO2 storage. Through these results, it can be seen that the LightTrans model has significant
potential for application in the field of CO2 oil displacement and storage. It can not only
improve the accuracy of prediction but also significantly shorten the calculation time,
providing an efficient and effective method for oil field development and management.

Although our model has the advantages of high accuracy and efficiency, its shortcom-
ings in terms of high data requirements, tuning complexity, and interpretability still need
to be balanced and optimized in practical applications.
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