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Summary

Intensive growth of geological carbon sequestration has motivated the energy sector to diversify its storage portfolios, given the back-
ground of climate change mitigation. As an abundant unconventional reserve, shale gas reservoirs play a critical role in providing suffi-
cient energy supply and geological carbon storage potentials. However, the low recovery factors of the primary recovery stage are a major
concern during reservoir operations. Although injecting CO, can resolve the dual challenges of improving the recovery factors and storing
CO, permanently, forecasting the reservoir performance heavily relies on reservoir simulation, which is a time-consuming process. In
recent years, pioneered studies demonstrated that using machine learning (ML) algorithms can make predictions in an accurate and timely
manner but fails to capture the time-series and spatial features of operational realities. In this work, we carried out a novel combinational
framework including the artificial neural network (ANN, i.e., multilayer perceptron or MLP) and long short-term memory (LSTM) or
bi-directional LSTM (Bi-LSTM) algorithms, tackling the challenges mentioned before. In addition, the deployment of ML algorithms in
the petroleum industry is insufficient because of the field data shortage. Here, we also demonstrated an approach for synthesizing field-
specific data sets using a numerical method. The findings of this work can be articulated from three perspectives. First, the cumulative
gas recovery factor can be improved by 6% according to the base reservoir model with input features of the Barnett shale, whereas the
CO, retention factor sharply declined to 40% after the CO, breakthrough. Second, using combined ANN and LSTM (ANN-LSTM)/Bi-
LSTM is a feasible alternative to reservoir simulation that can be around 120 times faster than the numerical approach. By comparing an
evaluation matrix of algorithms, we observed that trade-offs exist between computational time and accuracy in selecting different algo-
rithms. This work provides fundamental support to the shale gas industry in developing comparable ML-based tools to replace traditional
numerical simulation in a timely manner.

Introduction

In light of the low-carbon energy transition, natural gas, being the most environmentally friendly fossil fuel, has garnered wide attention
in future energy supply. In recent years, with the depletion of conventional gas reserves and the maturity of hydraulic fracturing technol-
ogy, the energy sector has undergone a notable shift to unconventional resources (e.g., shale gas) (Song et al. 2019; Belyadi et al. 2019;
Sambo et al. 2023). Previous studies also suggested that shale reservoirs might serve as a promising candidate for long-term CO, storage,
aiding in a reduction in greenhouse gas emissions (Friedlingstein et al. 2022; Yang et al. 2024). CO,-enhanced shale gas recovery (CO,-
ESGR) is a viable solution to improve a shale gas recovery factor as well as mitigate climate change impacts as demonstrated in the
previous studies (Liu et al. 2019; Li and Elsworth 2019; Ma et al. 2022; Deng et al. 2023). Because the industrialization of CO,-ESGR
still remains at an infant stage, limited demonstration or pilot projects have been recorded to date (Zhang et al. 2023).

There are two major challenges during the primary recovery of shale gas reservoirs. As such, less than 30% of the original gas in place
(OGIP) can be recovered. First, fracture closures in response to decreasing pore pressure reduce an available pore space for gas to flow
through, limiting the overall productivity (Cai and Dahi Taleghani 2019; Dahi Taleghani et al. 2020). Second, extracting absorbed phase
methane from the shale matrix requires a careful pressure management strategy, especially in reservoir conditions (Iddphonce and Wang
2021; Yang et al. 2022; Liao et al. 2023). CO,-ESGR has the capability to desorb methane by means of the competitive adsorption mech-
anism of CO, over CH, (Yang and Liu 2020). As such, its recovery factor can be improved significantly by up to approximately 20% (Li
and Elsworth 2019; Ma et al. 2022). Furthermore, the CO, retained in shale gas reservoirs according to the structural and adsorption
trapping mechanisms unlocks a great potential to sequester greenhouse gases at a large scale (Yang et al. 2019). Although CO,-ESGR has
been studied experimentally and numerically at multiple scales to understand its driven mechanisms and operational strategies, an effec-
tive prediction of reservoir performance from both CH, recovery and CO, sequestration perspectives can provide valuable insights for
operators at an early stage. Conventional analytical methods (e.g., decline curve analysis) and numerical methods have capabilities in
reservoir performance forecasting (Yang et al. 2018; Ma et al. 2019); however, owing to the complexity of geological and operational
conditions and computational limitations, these approaches always require considerable additional assumptions to forecast the CO,-
ESGR performance.
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In recent years, the deployment of artificial intelligence (Al) in the energy industry offered great potential in terms of reservoir char-
acterization and production forecasting (Abdelfattah et al. 2021; Liu et al. 2022; Olukoga and Feng 2022; Rehman and Lal 2023; Wang
et al. 2023a). In detail, Du et al. (2023) developed a Bi-LSTM data-driven model to forecast coalbed methane production curves under
different well patterns. Huang and Chen (2021) demonstrated that the MLP, a subcategory of ANNSs, can be deployed to estimate the field
performance of steam-assisted gravity drainage by comparing it with other supervised learning algorithms. Xue et al. proposed an MLP
and differential evolution—based optimization framework for enhanced geothermal systems, then presented a time-series prediction of
geothermal energy production by using LSTM, and furtuer investigated the economic feasibilities of large-scale geothermal reservoirs
(Xue et al. 2023b, 2023c¢, 2024a, 2024b; Xue and Chen 2023a). Wang et al. (2023b) proposed an application of a sparrow search algorithm
to forecast shale gas productivity. Iskandar and Kurihara (2022) proposed an LSTM-based data-driven forecast approach by comparing it
with autoregressive and MLP algorithms. In summary, research progress confirmed that developing Al-based predictive tools can be an
alternative to conventional numerical approaches. However, selecting the most appropriate Al algorithms and training data-driven models
for a given problem are necessities in that regard.

Previous studies have demonstrated well that predicting the reservoir performance using LSTM is highly dependent on historical pro-
duction data, while using ANN can only address the variabilities of geological and operational properties. As such, Shi et al. (2021) pro-
posed a notable investigation that combined the LSTM with the MLP combinational neural network to predict the productivity of
multilateral well geothermal systems, which illustrated a possibility to simultaneously incorporate time-series-based operational inputs,
but the input determination strategies and the model applicability are not well documented. Therefore, the knowledge gap in using a
combinational framework for CO,-ESGR remains unclear according to the existing literature. To the best of our knowledge, there is no
comprehensive feasibility understanding to benchmark the CO,-ESGR performance by combining the MLP and LSTM algorithms such
that the impacts of multiple properties can be addressed within each timestep.

In this paper, this knowledge gap has been filled in two ways. First, we carried out a CO,-ESGR numerical model and validated it with
our previous study to generate a large data set for training purposes according to different sensitive input features. Second, we proposed
a combinational framework by coupling MLP with LSTM/Bi-LSTM to predict the CO,-ESGR performance from both hydrocarbon
recovery and CO, storage perspectives. The proposed model has been compared with the optimized MLP- and LSTM-based forecasting
models individually to demonstrate its accuracy improvement. As such, the limitations of using either MLP or LSTM have been resolved
by combining data complexity from both spatial and time horizons. This study provides novel insights to predict the performance of CO,-
ESGR for operators by proposing a combinational Al-based framework, which is applicable to multidimensional data sets efficiently and
chronologically, fully comparable with the conventional numerical methods.

Methodology

Data Preparation. A dual-porosity, dual-permeability heterogeneous reservoir model using the Computer Modelling Group (CMG)-
GEM software is developed and validated according to our previous study for the basic CO,-ESGR case across 30 years with the reservoir
properties from Barnett shale and constant pressure boundaries for both injector and producer (Ma et al. 2022). A porosity distribution for
each gridblock is simulated based on the Monte Carlo approach, and the corresponding permeability is calculated based on the Kozeny-
Carman equation (Costa 2006; Ma et al. 2022). The impacts of CO,/CH, competitive adsorption and fracture closure have been fully
addressed in the numerical model (Ma et al. 2022). To assess the performance of CO,-ESGR from both gas recovery and CO, storage
perspectives, two objectives are adopted in this work, the cumulative incremental recovery factor (Eq. 1) and the CO, retention factor
(Eq. 2), where RFco,—EgsGr represents the cumulative recovery factor and P stands for the daily production rate after injecting CO,, as
we observed that there is negligible gas produced immediately before the CO, injection. The Ryt co, defines the retention factor of CO,,
which is the ratio of total CO, retained to the reservoir over the total injection in either mass or volumetric units:

P
RFc0,~ESGR = %, N
Ryet,co, = Mco, Injected — MCOz,produced. .

M, COy Injected

Based on the previous studies related to the CO,-ESGR, 13 parameters are determined as the sensitive inputs for the data-driven models
because these variables illustrate different influences on gas recovery and carbon sequestration performance (Ma et al. 2023; Wang et al.
2018, 2023b; Golipour et al. 2019; Hui et al. 2023). The details of these properties in the base model are shown in Table 1. For a better
understanding of gas production and carbon sequestration performance, three objectives, including the CO, mass production rate, CH,
mass production rate, and CO, storage rate, are determined as the outputs for the data-driven models. Based on the determination of inputs
and targets, the CMG-CMOST software is used to generate the data samples by randomly selecting values of inputs from predetermined
ranges and calculating corresponding targets, and a total of 5,000 simulations were conducted using Monte Carlo simulation. Due to the
simulation errors, the results of 3,963 simulations are collected as the data samples for data-driven models. The overall workflow of this
study is shown in Fig. 1. To predict the targets at different timesteps, except for these determined 13 sensitive parameters, time is also
treated as the input feature for the ANN model. In total, 14 inputs and three outputs are determined for the ANN model, which is shown
in Table 2. Based on the subsequent data splitting, model training, and model testing, the predictions of the optimal ANN model are then
treated as the input for the LSTM and Bi-LSTM models. Similarly, with the training and testing of the LSTM and Bi-LSTM models, the
determined ANN-LSTM model and combined ANN and Bi-LSTM (ANN-Bi-LSTM) model are constructed, respectively, for the time-
series predictions of gas production and carbon sequestration, and their model performance is then evaluated by an additional created
scenario.

Combined Neural Network Model. In conventional applications of ML in the oil and gas industry, the ANN (also known as MLP) has
shown the capability of regressing and clustering complex nonlinear patterns between inputs and outputs by involving multiple hidden
layers, where each layer may contain a number of neurons that assign weights of inputs from the previous layer and pass them to the next
layer. LSTM and Bi-LSTM are two deep-learning algorithms that have been applied in predicting sequential production data in previous
studies. LSTM is a recurrent neural network architecture developed to solve supervised learning tasks. With the composition of a cell, an
input gate, an output gate, and a forget gate in each unit, LSTM is designed to map the sequential inputs and outputs by considering both
short and long memories. Unlike LSTM, Bi-LSTM is an extension of the traditional LSTM, which combines the traditional LSTM with
bidirectional processing, specifically, the forward and backward propagations. Compared with LSTM, Bi-LSTM unlocks the predictive
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Parameters Value Unit

Geological Properties

Pressure gradient 122  kPa/m
Temperature gradient 0.023 C/m
Matrix average porosity 0.041 %

Natural fracture average porosity 0.0004 %

Engineering Parameters

Injector bottomhole pressure 35 MPa
Producer bottomhole pressure 15 MPa
Well spacing 300 m
Hydraulic fracture half-length 150 m
Hydraulic fracture conductivity 3 md-m

Competitive Adsorption

CO, Langmuir pressure constant 8.65 MPa
CO, Langmuir volume constant 52  mdton
CH, Langmuir pressure constant 11.2 MPa
CH, Langmuir volume constant 1.2 m3/ton

Table 1—Sensitive input parameters of the reservoir
model and features of adsorption.

capability of deploying the past and future context from both directions, which allows a better predictive capability in general. The
structures of common LSTM and Bi-LSTM are shown in Figs. 2 and 3, respectively. However, the operational constraints (e.g., a
Langmuir adsorption constant multiplier, pressure gradient, temperature gradient, etc.) that demonstrate significant effects on CO,-ESGR
performance are not combined in the current sequential CO,-ESGR performance prediction. On the other hand, by using conventional
deep-learning algorithms (i.e., ANN), the historical production data are the only input feature and only the effect of a time constraint can
be considered, while the nonlinear relationships between different working parameters and the production of CO,-ESGR are ignored.
Competing with the traditional reservoir modeling approach requires the reservoir performance to be forecasted by capturing both
spatial and temporal features. Furthermore, the existing studies are limited to site-specific cases so that consistent comparisons cannot be
conducted across all forecasting approaches. Developing generalized reservoir performance predictive approaches using neural network
models necessitated to interpret panel data sets reasonably. Consequently, the predicted results by using either the ANN or the recurrent
neural network may not lead to a promising accuracy. To address this issue, an ANN-LSTM and an ANN-Bi-LSTM are proposed in this
study to estimate CH, and CO, production and CO, storage capacity.
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Fig. 1—Descriptive overview of this study.
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Input Features Targets

No.1 Time No.8 Producer bottomhole pressure No.1 CO, production
No.2 Pressure gradient No.9 Hydraulic fracture half-length No.2 CH, production
No.3 Temperature gradient No.10 Hydraulic fracture conductivity No.3 CO, storage
No.4 Matrix porosity No.11  CO, Langmuir pressure constant

No.5 Natural fracture porosity No.12  CO, Langmuir volume constant

No.6 Well spacing No.13  CH, Langmuir pressure constant

No.7 Injector bottomhole pressure  No.14  CH, Langmuir volume constant

Table 2—Input features and targets for ANN models.
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Fig. 3—Schematic illustration of Bi-LSTM.

Fig. 4 shows the schematic of combined neural networks. As illustrated, initially, ANN/MLP is utilized to generalize the complex
correlations between various working properties and production in each timestep and produce the time-series performance results
y/] R y,2, R y; consequently. Following that, LSTM and LSTM/Bi-LSTM are developed to memorize the time-series data with long-term
dependencies. Specifically, combined with the historical production data x%,x!,...,x', the MLP results are transferred into LSTM and
Bi-LSTM separately as an input matrix. Finally, after the optimization of combined neural networks, the production data are predicted
sequentially starting from the timestep of 7 + 1. The combined framework resolved the limitations of conventional data-driven models of
using either MLP or LSTM by performing on a panel data set. However, there are also two limitations of the proposed framework. First,
a combined model requires a longer computational time compared with an MLP- or LSTM-based model individually, but still faster than
the numerical simulation. Second, a reasonable assumption of reservoir performance outputs for the initial timestep will be required to
activate the LSTM/Bi-LSTM algorithms.
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Fig. 4—Schematic illustration of combined neural networks.

Based on the structure of combined neural network models, the overall construction process of these models can be concluded in the
following steps: First, the collected synthetic data set from the previous section is randomly split into a training set and a testing set with
a ratio of 8:2 after the normalization and then used for the training and testing of an ANN model. The optimal ANN model is determined
after the hyperparameter tuning during this process. Second, the predictions obtained from the resulting ANN model are treated as the
inputs for the LSTM and Bi-LSTM models, where 80% of the data from the initial timestep are utilized for model training and the remain-
ing 20% of the timestep data are used for model testing. Similarly, the optimal LSTM and Bi-LSTM models result from the optimization
of the hyperparameters, and thus the optimal ANN-LSTM and ANN-Bi-LSTM models are developed successfully. Finally, to evaluate
the performance of the determined combined neural network models, a new scenario is constructed with different values of sensitive
parameters from the data samples by using the CMG-GEM software, and then the results of the ANN-LSTM and ANN-Bi-LSTM models
are compared with those of this new scenario.

Hyperparameters Optimization. The optimization of the data-driven models is the process of hyperparameter tuning, which can
substantially impact the accuracy of predictions. Common methods, such as grid search and random search, are usually time-consuming
and result in low computational efficiency. In this work, we adopted the tree-structured Parzen estimator (TPE) algorithm, which is a
type of the Bayesian optimization approach designed to optimize the sequential data-driven models in a faster and more time-efficient
way. A TPE algorithm applies a Gaussian mixture model to find the hyperparameter values that can minimize the objective function. The
conditional probability based on the Bayes theory is first defined in Eq. 3 (Watanabe 2023):

¢ (x) ify<y*

Pl — 7 = 3)
g (x) ify > y*,

where x is a hyperparameter that needs to be optimized; y and y* represent an objective function and a loss threshold separately; £ (x) is
the density formed by using the observations such that the corresponding loss was less than the threshold; and g (x) is the density formed
by using the remaining observations. The TPE algorithm is operated based on the optimization of the expected improvement (EI), as
shown in Eq. 4 (Ozaki et al. 2022; Watanabe 2023). By construction, y =p (v <»*), p(x) = [p (xly) p (v) dv = y¢ (x) + (1 — ¥) g (x),
and [ *oo 0 =) p () dv=yy*¢ (x) = ¢ (x) [Z Zo p (v) dy , the final EL« (x) can be expressed by Eq. 5. In an optimization pro-
cess, the hyperparameter configuration is determined iteratively with the purpose of reaching the greatest EI within the desired number of
iterations. Specifically, a new hyperparameter configuration (x*) is obtained by minimizing g (x) ¢ (x), and the resulting x* is returned
into the function for the iterative fitting and minimization of g (x) /¢ (x) until the desired iteration number is reached:

* *

- 0= [0t nbiar= [0 PR, @
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Evaluation Matrix. Four evaluation metrics were selected in this study to measure the accuracy of the data-driven models compared with
the original outputs from the simulations. Eqs. 6 through 9 define the mean square error (MSE), mean absolute error (MAE), root mean
square error (RMSE), and coefficient of determination (R*) (Iskandar and Kurihara 2022):

n

MSE = % ; (y,' - )}i’rcd)z , (6)
MAE = % Xn: )yi —yPred] )
-1
RMSE = % Xn: (e —a2)’, ®)
=1
I 2
RP=1- ol ) <yi el d) ©)

Sh i)

where y; represents the original values, yf’ "ed is the predictive values, y?vg denotes the arithmetic average of true values, and n denotes
the sample size. Lower values of MSE, MAE, and RMSE indicate more precious and accurate predictions. R? is a coefficient that ranges
from 0 to 1, with values approaching 1 indicating a better fitting performance.

Results and Discussion

Data Collection and Preprocessing. In this section, the fundamental numerical modeling of CO,-ESGR carried out by CMG-GEM
has been outlined. As mentioned, the injector and the producer are designed with constant pressure boundaries. Fig. 5a shows that gas
is produced at its daily maximum rate for 22 years and then starts declining afterward until Year 35. Thus, the slope of the cumulative
production factor decreases correspondingly in Fig. Sb. A total recovery of 19.5% of OGIP is observed during the primary recovery
stage. From Year 35, CO, is being injected into the reservoir for ESGR purposes and the daily gas production rate has been improved for
another 7 years to its maximum at 20 tons/D until the CO, breakthrough, which result in the production rate declining again. The CO, is
being produced after the breakthrough, which leads to an increasing trend of CO, production rate in Fig. 5a, and a sharp decline of CO,
retention factor in Fig. 5b, whereas the retention factor remains at 100% before the CO, breakthrough. As mentioned, the retention factor
represents the effectiveness of CO, storage in shale reservoirs. As such, before the breakthrough, all injected CO, is stored successfully
in the reservoir and the retention factor drops sharply to about 25% after the CO, breakthrough. As a result, the CO,-ESGR process
recovered 9% additional OGIP and stored a total of 60% injected CO, during the 50 years of operation including the primary recovery.

From the results of the base reservoir model, it can be concluded that the gas production and carbon sequestration performance of the
CO,-ESGR during the operation present nonlinear relationships within a time change due to the complex correlations between geological
and engineering parameters and the production. Therefore, conventional LSTM or Bi-LSTM algorithms that can only study the changes
of the target in a time horizon are not abundant enough to predict time-series CO,-ESGR performance; on the contrary, it is necessary to
incorporate the comprehension of the relationships between the sensitive inputs and outputs. Therefore, the ANN-LSTM and ANN-Bi-
LSTM models are proposed in this study.

Performance of Combinational Neural Networks. Table 3 demonstrates the optimal hyperparameter configurations of four developed
models determined after the TPE-based optimizations separately, including the LSTM, Bi-LSTM, ANN-LSTM, and ANN-Bi-LSTM
models. The LSTM and Bi-LSTM models are constructed to compare the performance between conventional deep-learning algorithms
and the proposed combined neural networks. In this section, the prediction performance of ANN-LSTM and ANN-Bi-LSTM on three
different output variables are first studied. The detailed comparison among these four models is illustrated in the next section.

An additional case with a different sensitive parameter configuration from generated data samples is constructed through CMG-GEM
to evaluate the resulting ANN-LSTM and ANN-Bi-LSTM models. In addition, the use of historical data is considered another constraint
to investigate its influence on the performance of the combined neural networks. Specifically, the scenarios with history data indicate that
data have been preprocessed by mixing the ANN predictions and the results of the primary recovery stage from the CMG-GEM. For those
without history data, the ANN predictions are used as a sole input feature.

Table 4 shows the results of evaluation indicators of ANN-LSTM and ANN-Bi-LSTM with and without consideration of history data.
Figs. 6 and 7 demonstrate the comparison between the prediction results of these two models and the true results of the created additional
case separately. From the results, all the ANN-LSTM and ANN-Bi-LSTM models illustrate a promising time-series prediction accuracy
based on their lower than 0.04 MAE values in all three different production targets. More specifically, ANN-Bi-LSTM presents better
estimation results than the ANN-LSTM model according to its lower MSE, MAE, and RMSE values (Table 4). Besides, their predicted
production profiles are more consistent with the true production curves (Figs. 6 and 7). Compared with ANN-LSTM, the bidirectional
structure in ANN—-Bi-LSTM allows a model to not only analyze the former production information but also incorporate future data in
studying. Therefore, the ANN-Bi-LSTM model can study the data in the whole period and comprehensively understand the changes in
each timestep and, consequently, bring more accurate estimations in three production targets. Regarding the influence of history data, two
combined neural networks all illustrate better prediction performance when the history data are provided, where lower values of all the
evaluation metrics are demonstrated. It can be explained by the true history production data that can effectively eliminate the variance
generated results from ANN in the prediction processes of LSTM and Bi-LSTM. Specifically, the results of ANN are treated as the inputs
in the following LSTM or Bi-LSTM models when there is no history data, and the prediction variances are retained and even enlarged
eventually in the estimation process of sequential production data. Conversely, the provided history data can be considered another input
feature, and, therefore, not only the nonlinear relationships between working parameters and production can be studied by the ANN struc-
ture but also the changes of targets in time can be better analyzed by the LSTM and Bi-LSTM neural networks. Importantly, the ANN-
LSTM and ANN-Bi-LSTM models only take less than 60 seconds to predict around 18 years of three production profiles, which
significantly improves the prediction efficiency by 120 times compared with the numerical simulation method (more than
7,200 seconds).
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Fig. 5—Results for the base reservoir case from gas production and CO, sequestration perspectives.

In conclusion, the proposed combined neural networks can provide promising time-series prediction results with high accuracies and,
meanwhile, considerably save the prediction time compared with the conventional numerical simulation method. Regarding different
neural network structures, the ANN-Bi-LSTM is highly recommended in estimating the gas production of CO,-ESGR and CO, storage.
In addition, although the proposed models present better predictions when historical data are provided, the models without the historical
data can also produce the results with a variance at a low level. Importantly, only 1 month of history data is needed in the proposed neural
networks to provide for utilization and prediction. Therefore, the proposed combined models demonstrate a wide application range, where
the field that just started to develop or even has not been extracted can effectively apply these models to predict future production
profiles.

Comparison with Conventional Neural Networks. In this section, the sequential prediction performance of the combined neural
networks is compared with that of the conventional neural networks (LSTM and Bi-LSTM). Differently, without the construction of
ANN, the history data are necessary to be provided as the only input in the LSTM and Bi-LSTM models. Therefore, the results obtained
from an additional created case are transferred into these two models for training and testing, and the underlying relationships between
operations and production cannot be studied. The optimal hyperparameter configurations of the LSTM and Bi-LSTM models are presented
in Table 3. The detailed comparison of indicators between the combined neural networks and conventional deep learning technologies
is shown in Fig. 8.

From the results, a larger prediction variance can be observed in both LSTM and Bi-LSTM in contrast to ANN-LSTM and ANN-Bi-
LSTM, and the LSTM presents the worst performance in predicting all three targets concluded by its highest MSE, MAE, and RMSE
values. In addition, it should be noted that the proposed combined neural networks illustrate a higher estimation accuracy than the con-
ventional LSTM and Bi-LSTM even without the history data provided, which means the complex nonlinear correlations between working
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Optimal Values

Hyperparameter Value Range LSTM Bi-LSTM ANN-LSTM ANN-Bi-LSTM
ANN

No. hidden layers [1, 5] 2 2
No. units [1, 1,000] (45,33) (45,33)
Activation function [tanh, ReLU, sigmoid] ReLU RelLU
Learning rate [1x1078, 0.1] 0.001 0.001
LSTM

No. hidden layers [1,10] 1 1

No. units [1, 1,000] 114 116

Dropout [0.01, 0.3] 0.18 0.19

Learning rate [1x1078, 0.1] 0.01 0.01

Activation function [tanh, ReLU, sigmoid] tanh tanh

Bi-LSTM

No. hidden layers [1,10] 1 1
No. units [1, 1,000] 68 68
Dropout [0.01, 0.3] 0.15 0.15
Learning rate [1x1078, 0.1] 0.001 0.001
Activation function [tanh, ReLU, sigmoid] tanh tanh

Table 3—Optimized hyper-parameters based on the TPE algorithm.

parameters and production contribute more than the time constraint in predicting these three targets. On the other hand, although LSTM
and Bi-LSTM show slightly better estimation efficiency without the construction of the ANN model, the improvement of predictive abil-
ity in ANN-LSTM and ANN-Bi-LSTM demonstrates a higher application possibility in the industry. In terms of prediction efficiency, the
ANN-BIi-LSTM necessitates a longer computational time than other approaches because of the forward and backward propagation fea-
tures of the Bi-LSTM. For example, in this research, the ANN-Bi-LSTM takes 55 seconds on average, whereas the ANN-LSTM takes
35 seconds for each run. As references, using LSTM and Bi-LSTM took 27 seconds and 31 seconds, respectively. Even though it might
cause overfitting issues when applying ANN—Bi-LSTM as mentioned in previous sections, its high potential to demonstrate a better pre-
dictive ability allows it to be the best option in predicting sequential CO,-ESGR gas production and carbon storage amount. However, the
data sets we deployed are processed based on reservoir simulations, which do not include the field uncertainties. Therefore, the ANN-Bi-
LSTM is outperforming all scenarios. The feasibility of ANN-Bi-LSTM using the field data is suggested to be further investigated to
address the overfitting issues in future work. In conclusion, the ANN-Bi-LSTM illustrated its predictive capabilities in predicting all
desired outputs in a time-efficient manner.

CO, Production CH, Production CO, Storage

ANN-LSTM

With history data MSE 0.00012 0.000040 0.0025
MAE 0.0036 0.0029 0.020
RMSE 0.011 0.0063 0.05

Without history data MSE 0.00014 0.000043 0.0027
MAE 0.0039 0.0031 0.023
RMSE 0.012 0.0066 0.055

ANN-Bi-LSTM

With history data MSE 0.00008 0.000033 0.0020
MAE 0.0030 0.0021 0.014
RMSE 0.007 0.0058 0.043

Without history data MSE 0.00011 0.000038 0.0023
MAE 0.0035 0.0026 0.018
RMSE 0.009 0.0061 0.046

Table 4—Errors for the optimized model.
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Discussion

ML has been widely applied in the oil and gas industry. In terms of shale gas production prediction, previous studies mainly focused on
utilizing ML algorithms to predict the ultimate productivity. For example, Yi et al. (2024) used an extreme gradient boost model to predict
the estimated ultimate recovery of unexploited shale gas wells and obtained a mean relative error of 9.8% for their predictions. Although
the 9.8% error is acceptable for the productivity prediction, the estimated ultimate recovery is unable to show a potential future production
profile. Although there is no thorough study of future sequential production prediction on shale gas reservoirs, deep learning has been
utilized successfully in calculating time-series oil production, natural gas production, and geothermal energy production (Du et al. 2022;
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Xue and Chen 2023a). For instance, Ning et al. (2022) compared the performance of LSTM and autoregressive integrated moving aver-
ages in forecasting the oil production of a well in the DJ Basin, and the RMSE values of these two models were all higher than 2.9.
However, current related studies basically treated the available production data as the input to estimate future production, which can only
study the underlying relationships of the production in a time horizon. This is possibly the main reason why an extremely high accuracy
is hard to obtain in existing works. It is known that the productivity of a shale gas reservoir is significantly relevant to geological and
engineering properties, and, therefore, it is necessary to incorporate the understanding of the correlations between sensitive parameters
and productivity into a sequential shale gas production estimation. In this study, by simultaneously characterizing the complex nonlinear
relationships between different sensitive factors and the targets and comprehending the correlations of the production at different time-
steps, the proposed combined neural networks provide promising accuracy in predicting gas productions and CO, storage amounts with
the RMSE values of all lower than 0.05. In addition, CO,-ESGR is receiving more attention due to its combined benefits of enhancing gas
recovery and sequestering CO, in a reservoir. Therefore, the performance investigation from both the gas production and carbon storage
perspectives is essential but the previous application of ML or deep learning in shale gas reservoirs has not considered these two perspec-
tives at the same time. The ANN-Bi-LSTM model in this study can simultaneously predict a gas production rate and a CO, storage rate,
which can provide the operators with a comprehensive understanding of extraction performance. Importantly, with the application of the
ANN, a combined neural network model is able to accomplish the estimation of future production without providing historical production
data. From the results, only a slightly worse performance is demonstrated in the proposed model when the historical data are not provided.
This achievement solves the drawback of the traditional deep-learning applications in time-series predictions, which is that the historical
data are mandatory to provide. On the other hand, it can effectively widen the application range of Al technologies in shale gas reservoirs,
especially in a field that has not been extracted and the production data is not available. This high-accuracy prediction tool can help the
operators understand the potential production performance, thereby facilitating the determination of the operational strategy or the opti-
mization of the field. In short, the proposed combined neural network models are a high-accuracy prediction tool for a shale gas reservoir
that can comprehend complex underground relationships and estimate future production profiles, which can also be an effective frame-
work to be applied in other industries.

Conclusions

In this research, a novel framework of applying combined ANN and LSTM algorithms is developed to predict the reservoir performance
of CO,-ESGR in a time- and computational-efficient way. The designed framework can be applied to field operations as an alternative
forecasting tool for numerical modeling. Although previous studies have investigated the feasibility of applying deep-learning algorithms
to this research topic, a major challenge is that the predictions can only be inferred in a time-series or spatial manner, which results in the
fact that ML-based approaches are still not comparable with traditional numerical simulations. The designed framework in this research
resolved this challenge by incorporating both spatial and time-series features of the synthetic data set established by CMG-GEM.

However, the limitation of this framework is that the training data sets heavily rely on the numerical simulation data set, which does not

account for the field variabilities during the operations. Another limitation is that the designed framework is only valid for a site-specific

case of the Barnett shale reservoir. A generalized framework that can interpret the field variabilities is recommended in future investiga-
tions. The main findings of this research can be concluded as follows:

1. A compositional reservoir model of CO,-ESGR incorporating the competitive adsorption mechanisms of CO,/CH, is carried out. By
the end of the project life, the cumulative gas recovery factor has been improved by 6%. The CO, cumulative retention factor has
declined to 40% after the CO, breakthrough, demonstrating that there is an economic trade-off between shale gas recovery and carbon
storage if the carbon policy is considered.
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2. The feasibility of using combined ANN-LSTM/Bi-LSTM as an alternative for reservoir simulation is demonstrated. The time-series
and spatial features can therefore be incorporated into the forecasting model development. Results show that the proposed approach
performed comparably with the CMG-GEM in terms of predicting CH, recovery rate and CO, retention factor, but with less compu-
tational time (~120 times faster than CMG-GEM).

3. A scenario-based comparative investigation, including six scenarios of different algorithms by investigating MSE, MAE, and RMSE,
is carried out. Results depicted that ANN-Bi-LSTM outperformed other algorithms with a computational time of 55 seconds on aver-
age. The trade-off between computational time and model accuracy exists according to our observation. The overfitting issue of using
Bi-LSTM may exist but cannot be addressed without the field data interpreting the uncertainties.
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