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Abstract: Shale gas plays a pivotal role in the global energy landscape, emphasizing
the need for accurate shale gas-in-place (GIP) prediction to facilitate effective
production planning. Adsorbed gas in shale, the primary form of gas storage under
reservoir conditions, is a critical aspect of this prediction. In this study, a machine
learning Gaussian Process Regression (GPR) model for methane adsorption prediction
was established and validated using published experimental data. Five typical variables,
i.e. total organic carbon (TOC), clay minerals, temperature, pressure, and moisture were
considered which were derived from the Marine shale of the Longmaxi Formation in
the Sichuan Basin through correlation analysis. The performance of the GPR model
was compared with the widely used Extreme Gradient Boosting (XGBoost) model. It
turned out that our GPR model had better accuracy for predicting methane adsorption
in shale with an average relative error of less than 3%. Furthermore, a variance-based
sensitivity analysis method in conjunction with kernel density estimation theory was
employed to conduct a global sensitivity analysis, quantifying the nonlinear influence
of each variable methane adsorption. The findings indicate that TOC is the most
significant factor affecting methane adsorption, while clay minerals have a limited
direct impact but can enhance their influence through interactions with other
influencing factors. Finally, based on the GPR model, a GIP prediction method was
proposed that eliminates the need for calculating the density of the adsorbed phase.
These findings are expected to extend the shale gas reserve assessment methodologies
and offer valuable insights for further exploring the adsorption mechanisms of shale

gas.
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1 Introduction

Shale gas, a methane-rich unconventional natural gas, significantly enhances
global energy reserves.'™ In the U.S., the shale gas revolution, driven by long horizontal
drilling and multistage hydraulic fracturing, has effectively addressed the energy gap.*?
China is rapidly progressing in shale gas exploration, notably achieving commercial
exploitation of the Longmaxi Formation shale in the Sichuan Basin.® At present, shale
gas is widely considered one of the promising alternatives to alleviate the global
shortage of fossil energy.” Despite its pivotal importance, uncertainties persist in
evaluating recoverable resources.® The primary source of uncertainty lies in gas
adsorption assessment, directly impacting total GIP estimation and optimal production
strategy formulation.

Within a shale gas reservoir, the predominant constituents comprise either free gas
or adsorbed gas phases.”!° The adsorbed gas accounts for 43.4% to 61.1% of the total
shale gas in the Longmaxi Formation of the Sichuan Basin, China, highlighting the
crucial importance of accurately predicting adsorption capacity.® The adsorption
capacity is influenced by shale reservoir conditions and properties, including pressure,
temperature, moisture, mineral composition, and others.!'”!> To explore the factors
affecting shale adsorption, researchers commonly employ isothermal adsorption
experiments from various shale samples. Specifically, classical models such as
Langmuir and Dubinin-Astakhov models will generally be used firstly to determine
maximum adsorption capacity.'®!” Subsequently, linear regressions between maximum
adsorption capacity and shale properties such as TOC and mineral composition will be
established. A successful linear regression suggests an influential role of the property
in methane adsorption, while an unsuccessful regression implies a negligible
effect.!>161820 However, this approach often fails to provide a quantitative
characterization of the multifaceted factors that significantly affects the methane
adsorption properties, thereby constraining the comprehensive understanding of shale
gas adsorption mechanisms. Additionally, these factors may exhibit nonlinear effects
on methane adsorption.

Shale gas formations, in contrast to coal bed methane, typically reside at greater
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depths, ranging from 1000m to 3000m, and exhibit elevated pressure and temperature
conditions, reaching up to 360K and 30Mpa.?!*? To investigate shale gas adsorption
mechanisms, extensive experiments have been conducted under varying pressure and

8.21-24 ysed classical models to estimate shale

temperature conditions. Most researchers
gas adsorption. These classical models fall into two categories: molecular layer models
(including monolayer and multilayer adsorption models) and pore-filling models.
While these traditional models effectively describe methane adsorption, they primarily
focus on absolute adsorption amounts. However, experimental measurements yield the
Gibbs excess adsorption amount, which significantly differs from absolute adsorption
at high pressures but approximates it at low pressures.”® To address this, the Gibbs
equation is employed for the conversion of excess adsorption into absolute adsorption,
necessitating knowledge of adsorbed phase density or volume. Unfortunately, direct
measurement or even calculation of these quantities is currently unfeasible. The
adsorbed phase density is often treated as a fitting parameter or estimated using
empirical methods.?® In certain instances, the fitted density value of the adsorbed phase
may surpass the density of liquid methane at its boiling point, which is physically
unreasonable.?” Empirical methods often make the assumption that the volume of the
adsorbed phase remains invariant, regardless of the adsorption quantity, or depends
solely on temperature, a premise that may lack a robust physical foundation.®
Consequently, the use of classical models to estimate methane adsorption may lead to
a loss of physical accuracy due to the treatment of adsorbed phase density. Moreover,
classical models exhibit inherent shortcomings, such as relevant foundational
assumptions and inability to transcend the limitations associated with various shale
types. Meanwhile, parameters for most traditional adsorption models are typically
derived by fitting data from isothermal adsorption experiments, a process that is both
time-consuming and labor-intensive. Consequently, these limitations diminish the
classical models' applicability in extensive numerical frameworks used for predicting
and optimizing shale gas production curves.

Recently, machine learning approaches have been considered as excellent
alternatives for classical models when it comes to complex systems.?*2 There are only
a few studies employing machine learning for the prediction methane adsorption
amount. Meng et al. 33 gathered published data from shale gas adsorption experiments
to construct several common black-box machine learning models, which include
extreme gradient boosting (XGBoost), artificial neural network (ANN), random forest

(RF), and support vector machine (SVM). They utilized pressure, temperature, TOC,
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and moisture as input variables, with excess adsorption amount of shale gas as the
output. Multiple evaluation metrics were employed to assess the training and predictive
performance of these models. The results demonstrated the superior predictive
capabilities of all four machine learning models, with XGBoost exhibiting the best
overall performance. In contrast, Nait Amar et al. * investigated two white-box
machine learning techniques for methane adsorption prediction. They reported that the
Gene Expression Programming technique outperformed the Group Method of Data
Handling technique, achieving a correlation coefficient value of 0.9837 across all data
points. However, it is worth noting that both works employed modeling data from
different formations, which disregarded the inherent heterogeneity between formations,
potentially limiting the generalization capabilities of machine learning models. While
machine learning offers a potent tool for predicting methane adsorption amounts, the
application of these models necessitates attention to detail, particularly concerning the
data source and formation-specific characteristics.

In this study, a published databank from the Longmaxi Formation in the Sichuan
Basin comprising 988 experimental adsorption datasets were utilized to estimate
methane adsorption quantities. Employing a data-driven approach, we developed a high
precision Gaussian Process Regression (GPR) machine learning model that obviates the
need for calculating adsorption phase density or volume, enabling the prediction of
methane excess adsorption. Evaluation metrics were applied to assess the training and
prediction performance of the GPR model and compared with the widely used XGBoost
model. Furthermore, a global sensitivity analysis using the GPR model was conducted
to quantitatively evaluate the nonlinear impact of input parameters on methane
adsorption. Finally, a GIP estimation model will be developed, which is more suitable
for engineering and science needs, considering both shale reservoir conditions and
properties. These findings are expected to extend the shale gas reserve assessment
methodologies and offer valuable insights for further exploring the adsorption

mechanisms of shale gas.

2 Data gathering and preprocessing

2.1 Data gathering

In this study, machine learning models will be employed to predict methane
adsorption. The predictive performance of any model is inherently contingent on the
4
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133 quality of the training dataset. Here a reliable databank consisting of 988 experimental
134 measurements from published literature will be employed which comprises data points
135  collected from the Longmaxi shale formation in the Sichuan Basin, China, as outlined
136 in Table 1 (the complete list of all the data in literature can be found in Supporting
137  information). In these literatures, the adsorption amount and clay mineral content were
138 determined by volumetric method and X-ray diffraction experiment, respectively. TOC
139 content was determined by the carbon/sulfur analyzer. Fig. 1 depicts the statistical
140  properties of each parameter. The boxplot can provide useful statistical formation about
141 minimum, lower quartile (Q1), median (Q2), mean, upper quartile (Q3), and maximum
142 values. Q1, marking the 25th percentile of the data, is the median of the lower half of
143 the dataset, indicating that 25% of the data points are below this first quartile.
144 Meanwhile, Q3, representing the 75th percentile of the data, is the median of the upper
145 half of the dataset, signifying that 75% of the data points are below Q3, with 25% above.
146 Notably, the shale samples in the databank exhibit substantial heterogeneity,
147 exemplified by the clay mineral content, which ranges from a minimum of 13.3% to a
148 maximum of 64.3%, representing a nearly fivefold difference. Meanwhile, the
149  maximum pressure within the databank reaches 50.84Mpa, aligning closely with actual
150  shale gas reservoir formation pressures.
151 Table 1 Overview of Data Sources (detailed data are shown in Supporting
152 information)
TOC Total clays ~ Temperature Pressure ~ Moisture  Gas adsorption
references
(%) (%) X) (Mpa) (%) (mmol/g)
2.93~3.66 27.2~31.3 303.15 0.88~14.98 3.34~3.96 0.0308~0.1591 Huetal >
Wang and
2.59~479  13.3~31.1 318.15 0.44~9.11 0.47~2.05 0.0048~0.1903
Zhang?*
0.45~4.13  21.0~58.0 293.15~373.15 0.34~11.36 1.65~1.96 0.0049~0.1500 Jietal.”’
Wang et
2.80~4.33  24.9~34.8 318.15 0.40~15.64 0.64~0.82 0.0012~0.0653 138
al.
Gao and
1.21~3.24  20.6~64.3 308.15 1.88~20.00 0.21~3.23 0.0037~0.0815 .
Xiong®
Han et
3.66 16.0 303.15~353.15 0.10~22.25 1.04~4.22 0.0039~0.1177 .40
al.
Qian et
0.46~420 27.2~51.4 333.15 0.54~50.84 1.13~1.23 0.0006~0.0645 L4
al.
Yang et
0.96~9.40 17.2~45.5 312.15 1.19~24.26 0.46~4.50 0.0046~0.1278 127
al.
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Fig. 1 Box plot for each parameter
2.2 Feature engineering

For machine learning algorithms, the selection of input parameters significantly
impacts performance of the model. The adsorption capacity of methane in shale
primarily relies on shale gas reservoir conditions and shale properties. In this study, five
variables were collected, including pressure, temperature, moisture, TOC, and total
clay minerals. However, potential high correlations among these variables could
introduce redundancy and multicollinearity issues, increasing model complexity while
diminishing accuracy and generalization capabilities. Therefore, we employed the
Pearson correlation coefficient to identify and mitigate redundancy, ensuring data
independence.

Pearson correlation coefficient is a classical correlation coefficient mainly used to
characterize linear correlation, and its value is between -1 and 1. As the absolute
magnitude of the Pearson correlation coefficient approaches 1, it indicates a high degree
of correlation between the two variables. Specifically, the categorization of Pearson
correlation () values is as follows: when r falls within the range of 0 to 0.35, it signifies
weak correlations; within the range of 0.36 to 0.67, it denotes modest correlations; and

when 7 is within the interval of 0.68 to 1.00, it signifies strong correlations.*? Pearson
6
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n
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) -k (=1,2,3,4,5; j=1,2,3,4,5; n=988) (1)

w S [ 3
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=

r(x X,

0i > Noj
k=1

where xo: and xo; represent the ith and jth input parameters, respectively, xoix denotes
the kth value of ith input parameter, and xoi.ave represents the average value of ith input.
As indicated in Fig. 2, Pearson correlation coefficient among characteristics are all
weak. TOC and total clay minerals have the largest Pearson correlation coefficient,
which is only moderately correlated. It indicates that there may be no multicollinearity
relationship among the five collected variables.

Although numerous variables affect methane adsorption in shale, not all of them
are essential as inputs for machine learning models. Theoretically, incorporating more
parameters could enhance the accuracy of predictions, but practically, capturing all
variables is challenging. Different parameters require distinct instruments for
measurement in the laboratory, each incurring varying costs. Meng et al.33 and Menad
Nait Amar et al. **have demonstrated the efficacy of using temperature, pressure, Total
Organic Carbon (TOC), and water content as machine learning inputs for predicting
methane adsorption. Notably, clay minerals, due to their large specific surface area, can
serve as adsorption sites for methane.* Moreover, clay minerals do not exhibit a clear
linear relationship with the other four input variables. Therefore, pressure, temperature,
TOC, total clay minerals, and moisture are considered as input parameters to accurately

predict methane adsorption amount.
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Fig. 2 Pearson correlation matrix of various variables
Furthermore, in order to eliminate the influence of dimension, Z-score

normalization is applied to the experimental data:

_ N TH;

i @

3

where, the subscript i=1, 2, 3, 4, and 5 correspond to pressure, temperature, TOC, clay
minerals and water content respectively; x; represents the standardized value of these
five input variables; xoi represents the values of the five input variables before
normalization; o; is the standard deviation of the input variable i; x: is the mean of the
input variable 7; y. and yoq represent methane adsorption before and after standardization,
respectively. toa and ooa represent the mean and standard deviation of methane
adsorption, respectively.

Prior to model training, the databank underwent random partitioning into training
and testing subsets, allocated at proportions of 80% and 20%, respectively, to mitigate
overfitting.** The training subset was employed for model training, while the test subset

served as a means to assess the model's generalization capacity.
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3 Methodology

3.1 Gaussian Process Regression (GPR)

GPR is a non-parametric Bayesian regression methodology, which is suitable for
nonlinear regression problems with small samples and multiple dimensions.***” In our
work, a GPR model is developed to predict normalized methane adsorption on shales

which can be expressed as,
Yu(x)=1,(x)+e, @)
x:[xl,xz,x3,x4,x5] %)

where x represents the input vector; y«(x) and fu«(x) correspond to the experimental
output value of x vector and the predicted value of Gaussian process regression,
respectively. . is the Gaussian noise of y.. Generally, it is assumed that &, conforms to

a Gaussian distribution:

e, ~N(0. o2,) ©)

an

where N is a normal distribution. Grounded in the tenets of Gaussian process regression,

the Gaussian process prior distribution of fu(x) is given, which is expressed as:
fu(x)~GP(0, K,) ™)
Combing Eqs.(4)-(7), the y. prior distribution can be expressed as:

Y. (x)~GP(0, K,+0.,1,) ®)
where oan is the variance of noise ¢q; In is an identity matrix of order n; n represents the
sample size of the training subsets; K, is the covariance matrix, which is composed of
covariance kernel functions. There are many possible options for the covariance
function. A popular kernel is the Matern 5/2 covariance kernel (k) because of its

stronger generalization ability and its wide application in practice.*®

k,(x,.x,) k,(x,.x,)

Ku= E ka(xi’xj) : (9)
ko(x.%) ek (x,x,)

k, (x,.,xj)=o-u2 (1+\/§r+ Sri]exp[—\gr} (10)
o, 3o, o,
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r= (xi—xj)r(x,.—xj) (11)
where x: and x; correspond to the i and j input vectors in the training subsets,
respectively. o.” is the signal variance of the Matern 5/2 kernel function ku(xi, x;), and
o1 is the length scale of the ground variable of ka(xi, x;). Therefore, with 0=(0an, 04, 1)
as the hyperparameter in the Gaussian process regression, @ is optimized by obtaining
0 partial derivative of the negative log-likelihood function L(6) of the training sample,
and then @ partial derivative according to the conjugate gradient method to obtain the

minimum value Gmin, denoted by:

L(H)_—fY Y M, 1—%log‘Ma‘+§log27r (12)
oL(O) 1 oM 13

20 _2trace{(,8,8 -M" )89} (13)
M=K, +0,'I (14)

p=M, 'Y (15)

Y,

=L () (), (), ()] (16)

where Ma and f are intermediate variables; Yar is the normalized methane adsorption
vector corresponding to the training subsets; 61 is equal to gas’. For the test input x”,
which is the normalized TOC, total clay minerals, temperature, pressure and moisture,
the joint distribution of the output value fu(x") and ¥ar also conforms to the Gaussian

distribution, which are expressed as:

{ Y, } K,(X.X)+o,I, K,/(X.x°) )

o |0 0
AN kex) k()

where X is the input corresponding to the training subsets. The probability distribution

for predicted fa(x") value is expressed by:
P(£ (x) aT):N(fa (x)c) (18)

where f, (x*) and cr are the predicted mean and variance of normalized methane

adsorption, respectively. f,(x ) is given as:

£(x )=k

* X)[K,(X.X)+o31,] Y, (19)

x,X)x[ (X,X)+021TK“(X,x*) (20)

an”n

10
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Therefore, for the test input x", its prediction value f, (x*) which can be obtained

by Eq.(19).
3.2 Extreme gradient boosting (XGBoost)

XGBoost, proposed by Chen and Guestrin,*® is an integrated gradient algorithm
based on decision trees. In contrast to traditional Gradient Boosting Decision Trees,
XGBoost employs Newton's method to solve the loss function's extreme values and
expands the Taylor series of the loss function to the second order. Additionally,
regularization terms are incorporated into the loss function to mitigate overfitting,
resulting in high-precision prediction and classification with improved computational
efficiency. XGBoost operates on the principle of combining a set of weak learners
through integration techniques to iteratively create a strong learner. During training, an
initial learner is generated by fitting the entire training set, akin to the aforementioned
weak learner. Subsequently, additional learners are sequentially added to fit the
residuals of the preceding learners, enhancing learning efficiency. This process is
iteratively repeated until predefined training criteria are met. Ultimately, the sum of
predicted values from each learner is used as the final prediction. XGBoost algorithm

specific derivation process, reference. >

3.3 Evaluation metrics systems

To statistically assess the model's performance and accuracy, two metric systems
are employed: Root Mean Squared Error and Mean Absolute Percentage Error, defined
as follows:

1. Root Mean Squared Error:

RMES = \/l Z( F(X7), s ™ Vi )2 20

nic

2. Mean Absolute Percentage Error:

1 & _mi.pmd
MAPE = - Zl: .

x100% (22)

where f, (x) Iand yireal are predicted and measured values of ith data, respectively.
i, pred
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4. Results and discussion

4.1 Machine learning models training and prediction

To achieve accurate predictions of methane adsorption capacity in shale,
optimization of GPR and XGBoost models is performed using a training set comprising
790 data samples. The remaining 198 data samples are designated for testing. Each data
sample consists of five input variables (pressure, temperature, TOC, total clay minerals,
and moisture) and one output variable (methane adsorption amount). To ensure
consistency, the adsorption data with different units are standardized. Cross-verification
of the two algorithms enhances their generalization capabilities, resulting in the
determination of optimal hyperparameters (shown in Table 2). For the XGBoost
algorithm, hyperparameter ranges align with commonly used values in prior
research.’>*° GPR algorithm hyperparameters are directly calculated from the training

subset through the conjugate gradient method, as previously mentioned.
Table 2 Optimized hyperparameters of the GPR and XGBoost model

Model Hyperparameter value
the variance of noise(gan) 0.0267
GPR the signal variance(oa) 4.9053
the length scale of kernel(o7) 1.4407
Num estimators 50.0
max depth 5.0
XGBoost learning rate 0.5
min child weight 1.0
col sample by tree 1.0

In the realm of machine learning algorithm optimization, the principle of 'no free
lunch' prevails, highlighting that the suitability of each algorithm is contingent upon the
unique characteristics of the data sets in question. In other words, not all machine
learning algorithms can accurately predict methane adsorption amount. In assessing the
accuracy of machine learning predictions, standard statistical indices such as Root
Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) are routinely
employed. These indices are instrumental in evaluating the performance of GPR and

XGBoost models, and the results are shown in Table 3.
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Table 3 Evaluation metrics of the GPR and XGBoost models

Training data Testing data
RMES (mmol/g) MAPE (%) RMES (mmol/g) MAPE (%)
GPR 0.0003 0.3622 0.0015 1.5116
XGBoost 0.0012 2.4140 0.0038 4.7839

As shown by this table, both the GPR and XGBoost algorithms demonstrate
accurate predictions of methane adsorption quantities, with MAPE values below 5% for
both the training and test subsets. However, a comparative analysis shows that the GPR
model consistently exhibits lower RMSE and MAPE values than the XGBoost model in
both the training and test subsets. In general, a smaller RMES value signifies better
predictive performance. For the training set, the RMES values corresponding to GPR
and XGBoost algorithms are small, which indicates that both algorithms can capture
the structure and rules of the data. The MAPE of the XGBoost algorithm (4.7839) is
nearly three times as high as that of the GPR model (1.5116) for the test subset. This
discrepancy suggests that the GPR algorithm excels in robustness compared to the
XGBoost algorithm for predicting methane adsorption quantities, possibly due to its
suitability for small-sample data.

Most evaluation index systems can only reflect the overall effect of machine
learning training and testing, and the RMSE and MAPE used here are the same. In order
to obtain the training and prediction effect of each data point, the cross graph of GPR
and XGboost algorithms is plotted, as shown in Fig. 3. In each plot, the X-axis
represents experimentally measured adsorption quantities, while the Y-axis displays
adsorption quantities predicted by the models. The line with a slope of 1 represents 100%
agreement. If the data points are closer to the slope 1, it means that the training and
prediction effect of the algorithm is better. It is obvious that the training and prediction
results of GPR algorithm are better than XGboost in both training and test subsets.
Therefore, Fig. 3 further demonstrates the high capability of GPR algorithm for

predicting methane adsorption, especially when encountering unsee data.
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Fig. 3 Comparisons between model results and measured ones: (a) GPR; (b)
XGBoost

Fig. 4 illustrates the performance of the GPR model in predicting methane

adsorption capacity, indicating a high level of agreement with experimental values for

both training and testing subsets. Thus, once the reservoir pressure, temperature, TOC,

clay minerals, and moisture are known, the established GPR model can be used to

accurately predict the methane adsorption capacity. Although both GPR and XGBoost

models can accurately predict methane adsorption, the GPR model is more

recommended. This preference for the GPR algorithm is rooted in its superior predictive

performance, as previously noted. Additionally, GPR exhibits a smaller hyperparameter

set, aligning with the Occam's razor principle advocating for simplicity when accuracy

is comparable.

(a) 0.25 T T T T T T T ®) 025 T T T
@ Experimental values @ Experimental values
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= 5
S o
é 0.15 g 0.15
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Fig. 4 Performance of the GPR models (a) Training data (b) Testing data

4.2 Global sensitivity analysis

As a further step, a quantitative investigation of the influence of input parameters

on methane adsorption has been performed using variance-based sensitivity analysis
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(VBSA) with the trained GPR model. In contrast to local sensitivity analysis methods,
such as single-factor analysis, VBSA is a comprehensive method for conducting global
sensitivity analysis that provides first-order and total-effect indices, facilitating a
quantitative assessment of variable interactions. Unlike conventional global sensitivity
analysis methods like experimental design, VBSA employs a random algorithm, such
as the Monte Carlo method, to sample and analyze the entire parameter variation range.
As a result, VBSA is particularly well-suited for nonlinear models, especially in cases
where no explicit expression is available. These advantages have led to successful
applications of VBSA in diverse fields, including petroleum engineering, earth science,
and the chemical industry.’!->

When employing the VBSA method for sensitivity analysis, it is imperative to
begin by defining the range and probability distribution of the variables. Utilizing
kernel density estimation (KDE) theory, the probability density distribution functions
for various characteristics are derived from the collected dataset. KDE theory revolves
around the application of a smooth peak function, known as the "kernel," to
approximate the distribution of sample points, thereby simulating the actual sample
distribution. For an in-depth exploration of KDE theory, one can refer to the work of
Parzen®*. The probability density functions for each input parameter, obtained through
KDE theory, are depicted in Fig. 5. Overall, these derived probability density functions
closely align with the actual distribution of the sample data. This observation suggests
that the VBSA method can serve as an effective quantitative tool for assessing the
impact of each characteristic on methane adsorption. Furthermore, in conjunction with
the acquired probability density function, an input vector, denoted as x, is generated

through sampling using the Monte Carlo method. Subsequently, the trained GPR model
is employed to predict the corresponding output, f, (x*)

After multiple sampling, sensitivity indices are calculated using the VBSA method
based on the GPR model's prediction outcomes. The computation of sensitivity indices
is closely tied to the sample size; a larger sample size yields more accurate results but
increases computational demands. Hence, a convergence test was conducted to
determine an optimal number of samples. Fig. 6 displays the calculated first-order and
total sensitivity indices at different sampling frequencies. It is evident from Fig. 6 that
once the sampling frequency surpasses 1.3x10° and is further increased, the changes in
the first-order and total sensitivity indices become negligible, signifying that the

convergence criterion is met at a sampling frequency of 1.3x10°.
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Fig. 7 shows the first-order and total-effect indices for each input parameter at the
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sample size of 1.3x10°. The first-order index quantifies the isolated influence of an
individual parameter on the GPR model output, while the total-effect index assesses the
cumulative impact of an individual parameter along with other parameters on the GPR
model output. The disparity between these indices reflects the impact of parameter
interactions on the model output, referred to as "different parameters with similar
effects". Therefore, the total-effect index can be emphatically analyzed, mainly because
the total-effect index includes the first-order index and the higher-order index.

1

B 57 I s

0.1

Sensitivity index

Moisture  Pressure Temperature Clay TOC

Fig. 7 First-order and total-effect indices of different variables
According to Fig. 7, TOC is the most important parameter affecting shale gas

adsorption, followed by moisture, pressure, temperature and clay minerals from the
total-effect index. These results align with prior research, emphasizing the dominant
role of TOC in governing shale methane adsorption.> It is assumed that the abundant
nano-scale pores (with pore widths <2 nm) found in shale samples offer a substantial
quantity of adsorption sites for methane adsorption.?’ The adsorption affinity of non-
polar methane gas is observed to be notably higher for hydrophobic organic matter as
compared to hydrophilic inorganic minerals. The impact of water on adsorption
primarily stems from its competitive adsorption with methane, particularly on
hydrophilic clay minerals.?’*® Moreover, at higher water content levels, water
molecules obstruct the pore space, leading to a substantial reduction in adsorption
capacity.’” Temperature and pressure are two indexes that have not been quantitatively
evaluated in previous studies. Nevertheless, the VBSA method has quantitatively
evaluated their impact on methane adsorption, revealing that temperature and pressure
exert a substantial influence on methane adsorption. It suggests a potential variation in
the adsorption mechanism between deep and shallow shale gas reservoirs.

The impact of clay minerals on methane adsorption has been a subject of
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421 controversy.?”>>>% Hu and Mischo> analyzed four shale samples from the Longmaxi
422 Formation, finding no straightforward linear relationship between clay mineral content

423 and maximum adsorption capacity. In contrast, Bi et al.>

conducted experiments that
424 indicated a linear correlation between clay minerals and maximum adsorption capacity.
425  Fig. 7 illustrates that clay minerals exhibit a low first-order index but a high total-order
426 index, implying their influence on methane adsorption capacity. This influence arises
427  from their substantial specific surface area, providing ample adsorption sites for
428  methane. It is worth mentioning that the influence of clay minerals on methane
429  adsorption is mainly through the interaction with other influencing factors. For example,
430  clay minerals have strong water absorption characteristics and by adsorbing some water,
431 it can reduce the influence of water on methane adsorption. Therefore, for shales in a
432 dry state with a low TOC content, clay minerals usually have a strong adsorption
433 capacity for methane.*® In traditional methods like linear regression, the interaction
434 between clay minerals and other factors affecting methane adsorption is often
435  overlooked, potentially resulting in a significant underestimation of the impact of clay
436  minerals on methane adsorption. Meanwhile, Assessing the influence of clay minerals
437  on methane adsorption from a nonlinear perspective aligns better with the physical

438 significance of the phenomenon.
439 4.3 Accurate shale gas-in-place prediction from GPR

440 One of the primary objectives in estimating methane adsorption is to predict the

441  GIP, which can be expressed as:

442 GIP=n,, +n, (23)

free

443 where nfrec and na are the amount of free gas amount and absolute adsorption gas amount,
444 respectively. As the data employed in the GPR model represents the excess adsorption
445  amount directly measured in the laboratory, it is necessary to transform the absolute

446 adsorption amount using the Gibbs equation, which is expressed as:

447 n,=n,+V,p, (24)
448  where ne is the excess adsorption amount, mmol/g; Va is the volume of the adsorbed
449 phase, cm’/g. Combining Eq.(23), the GIP can be calculated as shown:

450 GIP=n

“free

+n,+V,p, :ne+(l—Sw)Vppg (25)

451  where V} is the pore volume; Sw represents the water saturation, which can be calculated

452 using the following formula:*’
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where m is the moisture, %; ¢ is the porosity; perain is the grain density, g/cm?.

Therefore, Combining Eq.(19) and Eq.(26), Eq. (25) can be modified to the following

expression:

- 1-
GIP=n,,, +n,+V,p, = f,(x )+[l—mpgmm f]vppg @7

The method for calculating GIP, which omits the need for considering adsorbed

6162 and enhances

phase density or volume, distinguishes itself from prior approaches
the physical interpretability of GIP calculations. Simultaneously, it is imperative to
emphasize that the precision of GIP estimation through this methodology
predominantly hinges on the accuracy of the projected excess adsorption, as opposed
to the absolute adsorption. Some scholars ® propose that it's possible to calculate GIP
content solely through laboratory measurements of excess adsorption without relying
on an adsorption model. However, in practical applications, conducting adsorption
experiments for sampling is a time-consuming process. The use of the GPR model for
predicting methane excess adsorption requires obtaining parameters such as TOC, clay
minerals, temperature, pressure, and moisture, which can be directly derived from
logging curves. Then, combined with the pore structure parameters, GIP can be
predicted. This approach significantly reduces the required time for GIP estimation.

The Eq.(27) underscores that the precision for predicting shale gas-in-place (GIP)
hinges largely on the accuracy of GPR in forecasting methane's excess adsorption in
shale under varying temperatures and pressures. Consequently, the accuracy of GPR
model to predict methane's excess adsorption directly correlates with reliable GIP
estimations. Fig. 8 illustrates the GPR model's efficacy in predicting methane's excess
adsorption in shale under various temperatures and pressures. The average error
between the predicted excess adsorption value of GPR model and the experimental
value is 3.51%, less than 5%. This capability suggests that the GPR model provides a
more accurate prediction of methane's excess adsorption, which in turn implies a high
level of accuracy in estimating shale gas-in-place (GIP) with GPR model. It is worth
mentioning that when excess adsorption is predicted by the GPR model from Fig. 8, the
input TOC content is 3.66%, the clay mineral content is 16.00%, and the moisture is
about 4.22%.
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Fig. 8 Comparison between the measured methane excess adsorption and the

predictions of GPR model under different temperatures and pressures (the data from

Han et al.*)

4.4 Geological application of GIP estimation

The Longmaxi shale in the southern Sichuan Basin is regarded as one of the most
promising shale gas reservoirs in China and has successfully undergone commercial
exploitation. Consequently, accurately estimating the GIP of the Longmaxi shale is of
paramount importance. The shale of Longmaxi Formation has a very large span and is
usually a zoned block when it is developed. We take the shale of Longmaxi Formation
in Fuling Block as an example to show the reliability and accuracy of the GPR method
in predicting GIP. The shale in the Longmaxi Formation in the Fuling area is typically

found at depths ranging from 2000 to 3000 meters, with a nominal surface temperature

of 15 °C, a geothermal gradient of 27.3°C/km, and a pressure gradient of 15 Mpa/km.

The shale rock exhibits an average porosity of 4.5% and a skeletal density of 2.62 g/cm?.
Additionally, it possesses an average TOC content of 2.66% and total clays comprising
32.7% of its composition. The average water saturation in this shale formation is 32.3%
63

It states that based on the geological data and burial depth provided, predictions

have been made regarding the excess adsorbed gas and GIP for the Longmaxi shale
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Formation in the Fuling area. Fig. 9 displays the GIP prediction based on the GPR
model. As burial depth increases, excess adsorption initially increases, peaks at a depth
of 1200 meters, and then decreases. However, the GIP content consistently rises with
increasing burial depth. This phenomenon is primarily attributed to the fact that shale
reservoirs exhibit absolute adsorption rather than excess adsorption. Typically, the
absolute adsorption amount in middle to deep shale formations is significantly greater
than the excess adsorption amount. Moreover, as burial depth increases, free gas content
increases accordingly. These findings suggest the great potential for substantial reserves
in the middle to deep shale sections of the Longmaxi Formation.
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Fig. 9 Relationship between total GIP content and depth
Moreover, in order to quantitatively analyze the prediction accuracy of this method

in Fuling block of Longmaxi Formation. The Well Jiaoye 1 in the Fuling shale gas field
approximated the average total gas content of the shale reservoir (2377-2415m High-
quality shale gas layer) as 6.03m%t (0.269mmol/g) using logging curves.®> The GIP
calculated via the GPR model, is 0.231mmol/g, resulting in a 14% calculation error.
This margin is considered acceptable in engineering contexts, given that the GPR
model's input parameters for simplicity, such as Total Organic Carbon (TOC) and clay
minerals, represent average values across the Fuling block. Therefore, it is

recommended to use GPR model to predict GIP.

5 Conclusions

In this study, the GPR machine learning algorithm is established for predicting the
adsorption capacity of the Longmaxi shale formation in the Sichuan Basin.
Subsequently, global sensitivity analysis for each input factor is conducted using a
variance-based method combined with kernel density estimation theory. Lastly,

leveraging the GPR algorithm, a GIP prediction method is proposed that eliminates the
21
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need to calculate the density of the adsorbed phase. The key conclusions are as follows:

(1) Complex nonlinear relationships exist among TOC, clay minerals, temperature,
pressure, and moisture, all of which can serve as direct machine learning inputs.

(2) For the same shale reservoir, both the GPR and XGBoost algorithms
effectively predict methane's excess adsorption in shale. Statistically, the GPR
algorithm is better suited for this prediction.

(3) TOC is the most influential factor of methane adsorption in shale. The effect
of clays minerals on methane adsorption is mainly through interaction with
other influencing factors.

(4) Utilizing the GPR model, this method accurately predicts the real GIP reserves

in deep in-situ temperature and pressure shale formations.
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