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Abstract: Numerical modeling for geothermal reservoir engineering is a crucial process to evaluate
the performance of the reservoir and to develop strategies for the future development. The governing
equations in the geothermal reservoir models consist of several constitutive parameters, and each
parameter is given to a large number of simulation grids. Thus, the combinations of parameters
we need to estimate are almost limitless. Although several inverse analysis algorithms have been
developed, determining the constitutive parameters in the reservoir model is still a matter of trial-
and-error estimation in actual practice, and is largely based on the experience of the analyst. There are
several parameters which control the hydrothermal processes in the geothermal reservoir modeling.
In this study, as an initial challenge, we focus on permeability, which is one of the most important
parameters for the modeling. We propose a machine-learning-based method to estimate permeability
distributions using measurable data. A large number of learning data were prepared by a geothermal
reservoir simulator capable of calculating pressure and temperature distributions in the natural state
with different permeability distributions. Several machine learning algorithms (i.e., linear regression,
ridge regression, Lasso regression, support vector regression (SVR), multilayer perceptron (MLP),
random forest, gradient boosting, and the k-nearest neighbor algorithm) were applied to learn the
relationship between the permeability and the pressure and temperature distributions. By comparing
the feature importance and the scores of estimations, random forest using pressure differences as
feature variables provided the best estimation (the training score of 0.979 and the test score of 0.789).
Since it was learned independently of the grids and locations, this model is expected to be generalized.
It was also found that estimation is possible to some extent, even for different heat source conditions.
This study is a successful demonstration of the first step in achieving the goal of new data-driven
geothermal reservoir engineering, which will be developed and enhanced with the knowledge of
information science.

Keywords: geothermal reservoir modeling; TOUGH2; inverse analysis; natural state

1. Introduction

Geothermal reservoir modeling is a crucial process in geothermal developments.
Reservoir simulation needs correctly constructed governing equations to obtain proper
numerical solutions of the multiphase fluid and heat flow processes. There have been
several numerical simulators developed (e.g., TOUGH2 [1], TETRAD [2], STAR [3], SHE-
MAT [4], MODFLOW [5], and COMSOL [6]) to evaluate the performance of reservoirs,
which provides a basis for planning for future developments.

Numerical reservoir modeling can be basically divided into two types. One approach
provides a natural-state simulation, and the other can be described as a history simulation [7,8].
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Most modelers carry out natural-state simulations at least as the first step in constructing a
numerical model, which simulates preproduction reservoir conditions [9,10]. Natural-state
modeling is usually based on conceptual models, which are based on data obtained from
geological and geophysical surveys [11] and the chosen input parameters (e.g., rock proper-
ties, fluid properties, boundary conditions, initial conditions). By performing long-time
simulations (over several thousand years), the quasi-steady state temperature and pressure
fields can be obtained. The process of substituting the input parameters in the simulation,
solving the governing equations, and generating the conditional variables (i.e., temperature
and pressure fields) is referred to as a forward analysis. Forward modeling requires an
understand of all of the input parameters on each grid. Because insufficient information is
obtained from geological and geophysical surveys for determining the entire structure of
the subsurface, it is necessary to estimate some of the input parameters.

The input parameters need to be adjusted and optimized by fitting between the
simulation results and the observable data in a process known as inverse modeling [12].
The input parameters of geothermal reservoir models consist of the rock properties (e.g.,
permeability, porosity, thermal conductivity), boundary conditions (e.g., the amounts and
locations of heat sources and sinks), and the initial conditions (e.g., temperature and
pressure). The main targets in the inverse analysis in geothermal reservoir modeling are
permeability and the conditions of the heat source/sink because they have significant
impacts on the simulation results. It is possible in some cases to determine the amount and
the location of heat sources and sinks using a conceptual model based on geological and
geophysical exploration [13]. On the other hand, permeability information is somehow
related to resistivity and miscroseismic data for the detection of low-resistive zones or faults.
Since these data are indirect and not directly involved in the flow, it is difficult to obtain
a unique solution using these geophysical data only. Thus, the input parameters of the
conventional approaches need to be optimized by repeating the numerical simulations until
the differences between the observed data of temperature and pressure and the simulation
results become acceptably small.

Several inverse modeling codes have been developed, such as iTOUGH2 [14],
UCODE [15], and PEST [16], to assist with selections of the input parameters and
the evaluations of the sensitivity of the parameters. These techniques contribute by
automating the time-consuming process of optimization and by minimizing the bias
of the modelers in parameter selection. However, their calculations still require the
iteration of the simulation to optimize the parameters for each of the tens of thousands of
grids. Although some progress has been made in developing efficient inverse methods
(e.g., [17]), the methods still tend to require a great deal of time and effort. The only
exception is when the modelers are in a position to perform parallel calculations on a
computer with good specs.

With artificial intelligence (AI) advancing in leaps and bounds, machine-learning-
based approaches have been applied in many fields. Machine learning is an iterative
learning process that uses multiple data to allow the computer to find the underlying
patterns in the data inductively. The processes of machine learning appears to be highly
compatible with the requirements of the inverse analysis in reservoir modeling.

In geothermal fields, machine learning and deep learning algorithms have been
used to achieve a variety of purposes. Assouline et al. [18] estimated a temperature
map at shallow depths by the supervised method. To estimate deep temperature fields,
Spichak et al. [19] and Ishitsuka et al. [20] used neural networks based on resistivity
data, and they showed that the use of machine learning algorithms has led to an improve-
ment in the accuracy of estimates. Rezvanbehbahani et al. [21] estimated geothermal
heat flux using a large collection of relevant geologic features and global measurements.
Siler et al. [22] and Gudmundsdottir and Horne [23] used the unsupervised method to
identify key factors of geothermal production using a geologic dataset and a tracer response
data, respectively. Holtzman et al. [24], Gao et al. [25], and Zheng et al. [26] used unsuper-
vised methods and neural networks to characterize faults and fractures from microseismic
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data. The development of these machine learning models will help to create structural
models of the subsurface. However, it is not yet possible to directly estimate permeability,
which is an important input parameter in geothermal reservoir simulations. In several
studies, machine learning algorithms have been used to predict core permeability from well
log data [27–29] or core samples [30–32]. Similarly, Al-Anazi and Gates [33] predicted core
porosity from well log data. These studies estimated only a limited permeability field along
wells. In order to perform numerical simulations, it is necessary to estimate the spatial
distributions of permeability for an entire reservoir. Efforts are now underway to predict
the flow by using convolutional neural network and deep learning methods in petroleum
fields [34–38]: these studies are based on the input data available in oil development and,
while similar to context of geothermal development, are not simply transferable.

In this study, we demonstrated the first step towards approaching the goal of proposing
a new data-driven geothermal reservoir modeling to estimate permeability distributions for
natural-state simulations. In the natural-state simulation, temperature and pressure in the
quasi-steady state are the simulation output: that is, they are the solutions of mass balance
and energy balance equations. Since it is possible to determine the conditions of heat
sources and sinks from the conceptual model [13], we treated the conditions of heat sources
and sinks as known. In conventional reservoir modeling, the pressure and temperature
in the quasi-steady state are determined by substituting the input parameters. Thus, the
pressure and temperature are expressed as a function of the input parameters in the forward
modeling. To minimize the error between the numerical outputs and the observed data, the
input parameters are adjusted over and over repeatedly. This process is the conventional
inverse modeling. In contrast, the new approach we propose in this study aims to construct
a machine-learning model that captures the permeability by substituting measured data.
Since the permeability is a function of the observed data, it may be possible to derive the
permeability in a single simulation, without the requirement for many iterations.

In this paper, by using the numerical simulator TOUGH2 [1] to generate a large
number of learning datasets, we have developed a machine learning model with several
supervised algorithms. The estimation accuracy was compared to the test dataset, which
had different permeability distributions to that of the training dataset. The applicability of
the learning model to further data-driven developments in geothermal engineering is then
discussed. It should be noted that our analysis is limited to 2D thermohydraulic simulation
as a first step to develop the machine learning approach and that 3D thermohydraulic–
mechanical–chemical simulations are needed to make it available for real field development
in future research.

2. Method
2.1. Preparation of Learning Data

In this study, we applied several popular machine-learning algorithms to estimate
permeability distributions using measurable data in geothermal reservoir modeling. Here,
we assume that two-dimensional temperature and pressure distributions of the area could
be obtained from the temperature and pressure measured in multiple wells by using kriging
or other methods.

First, we prepared large learning datasets from a numerical reservoir simulator
TOUGH2, which simulates fluid and heat flow using the finite volume method [1]. Two-
dimensional synthetic models were prepared with the simulation domain shown in Figure 1.
The simulation area was 2000 m × 2000 m by 30 grids × 30 grids. The grids were discretized
at 100 m in the center (20 grids × 20 grids) and at 50 m in the surrounding area. The top
boundary was open boundary with temperature of 25 ◦C and pressure of 0.1 MPa. The
bottom and side boundaries were no flow condition except grids with sources and sinks.
The heat source was located at the bottom left, and the sink was located at the right side, as
shown in Figure 1. The simulation domain consisted of three areas: the surrounding rocks,
the reservoir, and the flow channels. The heat source was connected to the reservoir area
by the flow channels. The mass flow rate at the heat source was set to 0.12 kg/s, and the
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flowing specific enthalpy was 1085 kJ/kg (250 ◦C for saturated water). The mass flow rate
at the sink was set at 0.12 kg/s. The other input parameters for the simulation are listed in
Table 1. It should be noted that porosity was set to constant because the effect of porosity is
small on natural state simulation.
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Figure 1. Simulation condition. (a) Simulation area with boundary conditions. (b) Examples of
permeability distribution patterns in the reservoir area. The patterns were generated using a discrete
cosine transformation. (b) (i–iii) depicts three different patterns.

Table 1. Input parameters in TOUGH2.

Methods Parameters SI Unit

Rock density 2250 kg/m3

Porosity 0.1 -
Thermal conductivity 2.5 W/m◦C
Specific heat 1000 J/kg◦C

To prepare a large number of training data, different permeability patterns in the
reservoir area were generated. The patterns were generated based on the discrete cosine
transform, which is a basic image generation method used in image analysis [39]. The
two-dimensional discrete cosine transform is given by

Xk1,k2 =
N1−1

∑
n1=0
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[

π

N2

(
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∑
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[
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(
n1 +

1
2

)
k1

]
cos
[

π

N2

(
n2 +

1
2

)
k2

]
fork1 = 0, . . . , N1 − 1 andk2 = 0, . . . , N2 − 1.

(1)

where X is the image matrix of size N2 by N1, and Xk1,k2 is the matrix element in X. The real
numbers x0,0, . . . , xN1−1,N2−1 are transformed into the real numbers X0,0, . . . , XN1−1,N2−1.
Examples of generated permeability distributions based on the discrete cosine transform are
shown in Figure 1b. Strip and lattice shapes can be seen. Note that the standard value of the
permeability in the reservoir area was set to 10−15 m2, the permeability in the surrounding
rocks was set to 10−18 m2, and the permeability in the flow channels was set to 10−15 m2.
Here, some of the permeability distributions from the discrete cosine transform appear
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to be far from actual geological formations, but the structures close to the actual geology,
such as layer formations, are also included in the training data. In particular, the machine
learning method used in this project, as we explain later, does not grasp the overall trend
of the distribution, but estimates the values based on local information. Therefore, even if
some of the permeability distributions from discrete cosine transform seem geometric and
unrealistic, we think the discrete cosine transform is fine for this project.

Two hundred permeability patterns were generated for each simulation. Each simula-
tion was run for 1014 s to reach the quasi-steady state, which is regarded as the natural state
of geothermal reservoirs. Some of the simulations stopped before reaching the quasi-steady
state. We used 180 simulation results of the simulations which continued until the end as
the learning data.

2.2. Development of Machine Learning Model

The combination of permeability, temperature, and pressure distributions for 180 sim-
ulations was used for developing learning models. The variable being predicted is referred
to as the “output” or “target”, while the input variables are referred to as “features”. In
this study, the values of permeability in the reservoir domain were set as the target vari-
ables. The feature variables were given based on the values of the simulation outputs (i.e.,
temperature and pressure).

A regression analysis is a statistical method for modeling the relationship between
targets and feature variables. Among the various types of regression algorithms for super-
vised machine learning, we applied the following in this study: a linear regression, a ridge
regression, a Lasso regression, a support vector regression (SVR), a multilayer perceptron
(MLP), a random forest, a gradient boosting, and a k-nearest neighbor algorithm. We used
Python packages sklearn (v1.0.2), numpy (v1.22.1), optuna (v2.10.0), lightgbm (v3.3.2), and
matplotlib (v3.0.3) in Python (v3.7.12).

The ridge regression and the Lasso regression, which are among the most robust
versions of linear regression, introduce regularization techniques to reduce the complexity
of the model [40,41]. The support vector machine (SVM) is a popular supervised machine
learning algorithm and is representative of nonparametric machine learning methods [42].
We implemented the support vector regression (SVR) with the kernel functions of the linear,
polynomial, and radial basis function (rbf). The multilayer perceptron (MLP) refers to a
neural network of multiple formal neurons connected in multiple layers [43]. In the case of
the random forest, a large number of decision trees are created by random sampling that
allows for duplication, and the final prediction is determined by taking a majority vote of
the prediction results obtained for each tree [44]. Gradient boosting continuously modifies
and adds predictors to the ensemble, and also modifies the predictor to fit the residual
error [45]. The k-nearest neighbor algorithm is a method based on the nearest training
examples in the feature space [46]. We imported their modules from scikit-learn [47].

Two different approaches to building the models were applied. The first was to build a
model with dependence on the grid. Each learning model was developed on each grid, and
there were 400 learning models for each grid in the reservoir domain (20 grids × 20 grids).
This type of model is referred as grid-dependent. The second was to build a model with no
dependence on the grid. A single learning model was developed using data from all grids.
This type of model is referred as grid-independent.

For both the grid-dependent model and grid-independent model, we first arranged
the simulation results in a random order to separate the simulation results into a learning
dataset and test dataset. The dataset of the first 70% of simulations was used as the training
data, and the remaining 30% was used as the test data. The results of 180 simulations were
divided into 126 simulations for use as the training data and 54 simulations for use as the
test data.

The training dataset was normalized to adjust a wide numeric range of input variables
to the range of [0, 1] using the minimum and maximum values of each feature variable. The
normalized data was used to construct the learning model. Except for the linear regression,
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it was necessary to tune the hyperparameters. We used an automatic hyperparameter
optimization software framework, Optuna [48], which is designed to automatically and
efficiently search for optimal hyperparameters in large spaces. We performed a three-fold
cross validation search for the hyperparameters. The hyperparameters and the range tuned
in this study are listed in Table 2. The performance of the prediction model was scored by
the coefficient of determination (R2).

Table 2. Hyperparameters in each model.

Methods Parameters Ranges

Linear - -
Ridge α 0.00001–100
Lasso α 0.00001–100

max iteration 100,000
SVR (linear) C 0.01–10,000
SVR (polynomial) C 0.01–10,000

degree 2–4
SVR (rbf) C 0.01–10,000

γ 0.0001–100
ε 0.0001–0.01

MLP solver sgd, adam, lbfgs
activation identity, logistic,

relu, tanh
max layer size 50–300
α 0.001–1000

Random forest number of trees in the forest 100–1000
Gradient boosting number of boosting stages to perform 100–1000

maximum depth 3
k-nearest neighbors number of neighbors 3–7

After developing a learning model based on the training set, the learning model was
evaluated with the test dataset. The test dataset was normalized with the scaling equation
according to the attribute range of the training dataset with the best hyperparameters tuned
with the training dataset.

3. Results
3.1. Model Selection

Selecting the feature variables is one of the core concepts in machine learning and
has a large impact on the performance of the learning model [49]. We prepared 18 feature
variables based on the temperature and pressure data given in Figure 2 to estimate the
permeability of a grid point (Ki,j) (Figure 2a). These features were the temperature of
the point to be estimated (Ti,j) (Figure 2b), the pressure of the point to be estimated (Pi,j)
(Figure 2c), and the temperature and pressure of the points adjacent to the point to be
estimated in the x- and y-directions (Ti−1,j, Ti+1,j, Ti,j−1, Ti,j+1, Pi−1,j, Pi+1,j, Pi,j−1, Pi,j+1). In
addition, we used the spatial differences in the temperature and pressure between the
point to be estimated and the points adjacent to the point to be estimated in the x- and
y-directions, which are denoted as ∆Ti−1,j, ∆Ti+1,j, ∆Ti,j−1, ∆Ti,j+1, ∆Pi−1,j, ∆Pi+1,j, ∆Pi,j−1,
∆Pi,j+1, as shown in Figure 2b,c. The grid numbers were assigned starting from the lower
left of the computational domain, as shown in Figure 1a. Since the heat source was set to
the lower left, the smaller grid number is considered to be upstream, and the larger grid
number is considered to be downstream.
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Figure 2. (a–c) Setting of feature variables: (a) permeability Ki,j, (b) temperature Ti,j, and (c) pressure
Pi,j for grid x = i and y = j. (d,e) Results of relative importance of feature variables based on training
data with random forest for (d) grid-dependent models and (e) grid-independent model.

The importance of features is a measure of the extent to which feature partitioning
contributes to the regression of the target. We calculated the impurity-based feature im-
portances from scikit-learn modules with random forest [44]. The importances of feature
variables for the grid-dependent models and for the grid-independent model are plotted in
Figure 2d,e, respectively. For grid-dependent models, we plot their mean values and the
standard deviation with error bars (Figure 2d). As shown in Figure 2d, the feature impor-
tance of the pressure difference with downwind in the x- and y-directions (∆Pi+1,j, ∆Pi,j+1)
was higher in both the grid-dependent models and the grid-independent model (Figure 2e).

It is important to note that rather than reflect the intrinsic predictive value of a partic-
ular feature by itself, the impurity-based feature importance indicates the importance of
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this feature for a particular model. In other words, the results obtained with random forest
may not be applicable to other machine learning models. Nevertheless, it was clear that the
pressure differences were more important than the other feature variables, as can be seen
in Figure 2. In addition, when we consider the physical meaning of the feature variables,
since permeability was used in the TOUGH2 with the Darcy law along with the pressure
gradients [1], it is understandable that the pressure differences affect the flow conditions
and can be more important than the other feature variables in estimating permeability.

The statistic values of pressure differences for each grid are shown in Figure 3.
Figure 3a,b show the mean and standard deviation of pressure differences between adja-
cent grids in the x-direction, while Figure 3c,d show the mean and standard deviation of
pressure differences between adjacent grids in the y-direction. As we can see, the values in
the lower left and upper right of the region are larger or smaller than the others. The flow
channels connecting to the heat source and sink were located near the bottom left and top
right of the region. Because the flow channels were near the heat source and sink, the flow
movement was rapid in these areas and the pressure difference was larger. Note also that
trends in the results of the pressure differences upwind are similar to those downwind.

(a) Mean ΔP
i+1,j (b) std ΔP

i+1,j

(c) Mean ΔP
i,j+1

(d) std ΔP
i,j+1

0.2

-0.2

0

[MPa]

Figure 3. Spatial distributions of mean and standard deviation of pressure differences with downwind
for each grid. (a,c) The mean and (b,d) standard deviation (std) of ∆Pi+1,j and ∆Pi,j+1.

For both the grid-dependent and grid-independent models, the pressure differences
downwind were more important than those upwind. Here, we observed that the accuracy
of the model estimation was improved by using both the upwind and downwind pressure
difference rather than only using the downwind pressure difference. When we prepare
the pressure data, it is always possible to obtain the values of the downwind and upwind
pressure differences. Thus, in the following results, we used the four pressure differences
(∆Pi−1,j, ∆Pi+1,j, ∆Pi,j−1, ∆Pi,j+1) as feature variables to build the learning model.

The different machine learning algorithms for the grid-dependent models and the grid-
independent model were compared. We calculated the estimation scores as the coefficient
of determination (R2). The results of the scores are plotted in Figure 4a. Since there were
400 results for the grid-dependent models, the means and the standard deviation with the
error bars were plotted for the grid-dependent models, as shown in Figure 4a.
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The linear, ridge, and Lasso models are based on a linear model. The obtained scores
were lower than others (Figure 4a). The accuracy of the grid-dependent models based on
their training data is better than that of the grid-independent model. The more diverse
relationships between the feature and the target at different locations with different flow
patterns in the independent model are more difficult to characterize in the linear models.
This may explain the lower accuracy of the grid-independent model than that of the
dependent model. The scores of training and test dataset using grid-independent model
with Lasso, as an example of linear model, are shown in Figure 4b,c. The accuracy of the
training data near the upper right was poor. In the upper right corner, water flowed out
to the top and right boundaries due to the boundary setting in this study. This resulted in
larger or smaller pressure differences, as shown in Figure 3a,c. It is expected that the flow
movement was steeper than in other areas and that the linear model could not capture such
different flow behaviors. In addition, the accuracy of the test data was poorer in the lower
right areas. Since the pattern of the permeability distribution given by the discrete cosine
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transform appears to be reflected in the obtained scores, it is likely that the permeability
distribution also affects the estimation accuracy. These results confirm that the simple linear
model was not capable of dealing with the differences in flow patterns and differences in
permeability distribution given by the discrete cosine transform.

Because SVR and MLP are nonlinear models, they are expected to be able to represent
more complex relationships than the linear models. As expected, the training data for
the grid-dependent model provided better scores. However, the test data for the grid-
dependent SVR model with polynomial function showed very poor scores. When we
observed the results of the scores in the spatial distribution, grids with poor prediction
accuracy appeared randomly, which suggests that the heterogeneous permeability distribu-
tions given by the discrete cosine transform in the training data affected the accuracy of the
learning model. There is a possibility that the accuracy can be improved by increasing the
number of training data, but for the sake of comparison with other models, we used the
same amount of training data to obtain the results in this study.

Although the scores of the nonlinear grid-independent models (SVR and MLP) were
better than those of the linear models, the values of the test data stopped at about 0.5. The
scores of the training and test dataset using the grid-independent model with MLP, as
an example of a nonlinear model, are shown in Figure 4d,e. The accuracy of the training
data near the upper right was poor, and was similar to the score obtained by the Lasso
model. Nonlinear models do not characterize the features well with discontinuities in the
mapping function. The large difference in the pressure differences between the center area
and the upper right area suggests that the mapping function with the feature variables
may be discontinuous. This may explain the poor results obtained by the test data in the
grid-dependent model for the nonlinear models.

The scores of random forest and gradient boosting were almost 1.0 for the training
dataset and around 0.8 for the test dataset. Random forest and gradient boosting are based
on ensembles (approximation with multiple functions), and may be suitable even in cases
where the mapping function is discontinuous.

In random forest and gradient boosting, although the performance of the grid-dependent
models was better than the grid-independent model, the difference was small. Because it is
easier to prepare the training data in the grid-independent model, it may be able to be used in
different model settings, such as different positions of the source and sink in the boundary
conditions. We adopted the grid-independent model with a random forest algorithm in
this study.

3.2. Estimation of Permeability Distributions

The results of the permeability estimation for the training dataset using the the grid-
independent model with the random forest algorithm are shown in Figure 5. Among the
results obtained for 126 simulations using the training dataset, we show two examples
of permeability patterns (Figure 5a,c) and their estimation results (Figure 5b,d), which
were selected randomly from among all the simulation results. Figure 5e plots the spatial
distribution of the mean of the squared error (MSE) between the expected values and the
estimated values for each grid for the training dataset. In Figure 5f, the spatial distribution
of the coefficient of determination (R2) is shown for the expected and estimated values for
each grid. There was almost no error, and the expected and estimated values are highly
correlated. The score was calculated by using the coefficient of determination (R2). The
score for the training dataset was 0.979, as listed in Table 3.
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Figure 5. Results of permeability estimation for training dataset. Examples of (a,c) expected distribu-
tions and (b,d) estimated results. Spatial error distributions with (e) MSE and (f) R2.

Table 3. Scores for training and test datasets. * Represents the same conditions as the training datasets.

Conditions

Mass Flow Rate (kg/s) Position Score (R2)

Training 0.12 left 0.979

Test

0.12 * left * 0.789
0.04 left * 0.715

0.4 left * 0.768
0.12 * center 0.576
0.12 * right 0.450

The results of the estimation for the test dataset are shown in Figure 6 for two examples
of permeability patterns (Figure 6a,c) and their estimation results (Figure 6b,d). Although
some parts were not perfectly estimated, the estimation captured most of the trends in the
permeability distribution. This indicates that this learning model can be applied to the
test dataset.

Figure 6e,f are plots of the spatial distributions of the mean of the squared error and
R2 between the expected values and the estimated values for each grid for test dataset. As
shown in Figure 6e,f, near the center of the domain, the error was small and the expected
and estimated values were highly correlated. On the other hand, the estimation accuracy at
the top and left edges appeared to be degraded. Since the heat source was placed in the
bottom left corner, the estimation of the area distant from the heat source may have been
compromised. The score was 0.789.



Geosciences 2022, 12, 130 12 of 18

test

 case 1

test

 case 2

(b) Estimated (a) Expected

(d) Estimated (c) Expected 

(e)  (f) 

10
-11

10
-17

10
-14

P
e

rm
e

a
b

ili
ty

 [
m

2
]

2

0

1

1

0

0.5

 MSE R2

Figure 6. Results of permeability estimation for test dataset. Examples of (a,c) expected distribu-
tions and (b,d) estimated results and spatial error distributions by (e) MSE and (f) coefficient of
determination R2.

3.3. Estimation for Different Heat Source Conditions

In the previous subsection, it was shown that the grid-independent model with
random forest algorithm can estimate permeability distributions for the test dataset. The
above test data were obtained from a reservoir model in which only the permeability
distribution was changed from the training data. When preparing a reservoir model, in
addition to the permeability distribution, settings of the conditions of the heat source and
sink may also have large impacts on the simulation results. Therefore, in this subsection,
we examine whether the training model can be applied to a test dataset generated under
different source and sink conditions.

First, the effects of the magnitude of the mass flow rate at the source were investigated.
The simulations were performed with different patterns of permeability and varied mass
flow rates of 0.04, 0.12, and 0.4 kg/s, respectively. The simulation results at the mass flow
rate of 0.12 kg/s were used as the training data. These results are the same as those shown
in Figure 6. In order to compare the results with the test data at the mass flow rate of
0.12 kg/s, 30% of the total data was also used as the test data for the mass flow rates of 0.04
and 0.4 kg/s.

Figure 7 shows the estimation results for test dataset prepared using different source
mass flow rates. Figure 7a,b show plots of an example of permeability distribution and
their estimation results for mass flow rate of 0.04 kg/s, and Figure 7c,d are plots of the
spatial distributions of the mean of the squared error and R2 between the expected values
and the estimated values for each grid. Figure 7e–h show the results for the test case for
mass flow rate of 0.4 kg/s. In the case of the mass flow rate of 0.04 kg/s, the errors at the
bottom left corner were relatively high, and the errors at the mass flow rate of 0.4 kg/s
were relatively high at the bottom right corner. Nevertheless, we can see that the middle
of the reservoir region was estimated with good accuracy. The scores for the test dataset
with mass flow rate of 0.04 kg/s and 0.4 kg/s were 0.715 and 0.768, respectively, as listed in
Table 3. There was little difference between those scores and the score for the test dataset
with the same conditions as the training dataset (R2 = 0.789). This suggests that the learning
model can be applied to reservoir models with different mass flow rates to the training data.
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Figure 7. Estimation accuracy in the case of different mass flow rates at the source from the training
data. (a) Expected vs. (b) estimated values, and spatial distributions of (c) MSE and (d) R2 for the
mass flow rate of 0.04 kg/s. (e) Expected vs. (f) estimated values, and spatial distributions of (g) MSE
and (h) R2 for the mass flow rate of 0.4 kg/s.

Next, the effect of positions of the heat source was investigated. The simulations
were performed with different patterns of permeability with different positions of heat
sources. The learning dataset was generated by setting the heat source on the bottom left
of the reservoir, as shown in Figure 1a. Here, we prepared the test dataset with the heat
source positioned at the bottom center and the bottom right, as shown in Figure 8a,b. The
simulation results with the source locating at the bottom left were used as the training data,
while the simulation results with source locating at the bottom left, bottom center, and
bottom right were used as the test data.

surrounding rock

reservoir

source

sink

(a) 

surrounding rock

reservoir

source

sink

(b) 

Figure 8. Setting of locations of heat sources for test data.The positions of heat sources are set to
(a) bottom center and (b) bottom right.
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Figure 9 show the estimation results for the test dataset prepared using different
locations of heat source. Figure 9a,b show plots of an example of permeability distribution
and their estimation results when the heat source was located on the center bottom, and
Figure 9c,d are plots of the spatial distributions of the mean of the squared error and R2

between the expected values and the estimated values for each grid. Figure 9e–h show the
results for the test case when the heat source was located on the right bottom. It can be
observed that as the heat source shifted to the right, the estimation accuracy of the left side
of the reservoir region decreased. The scores for the test dataset where the source position
was center and right were 0.576 and 0.450, respectively, as listed in Table 3. The more the
source position deviated from the training data, the worse the test data score became. Since
the sink was placed at the upper right of the reservoir, the main water flow was from the
bottom left (the heat source) to the top right (the sink). When the heat source was located
at the bottom right, the left side of the reservoir region is considered to have had less water
movement. In this case, even if the permeability was high, the lack of water movement
would lead to underestimations of permeability. The low accuracy of the estimation at the
left side of the reservoir area may be attributed to this lack of water movement.

We have shown that the learning model developed in this study can be used to estimate
most of the trends of permeability, indicating that the estimation works well even when
for different positions of sources. In order to further improve the accuracy, we intend to
develop a learning model that can estimate the source and sink conditions in future research.
For application to objects with different conditions, the application of data augmentation
and domain adaptation need to be considered as future tasks. Both of these have been
shown to be effective in deep learning [50,51].
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Figure 9. Estimation accuracy in the case of different source locations from the training data. (a) Ex-
pected vs. (b) estimated values, and spatial distributions of (c) MSE and (d) R2 when the heat source
was located at the bottom center. (e) Expected vs. (f) estimated values, and spatial distributions of
(g) MSE and (h) R2 when the heat source was located at the bottom right.



Geosciences 2022, 12, 130 15 of 18

4. Discussion

The machine learning approach proposed in this study directly estimates input pa-
rameters in the reservoir model from measurable data. This eliminates the need for a
trial-and-error search for input parameters in the reservoir modeling, which is a major
challenge in conventional modeling approaches. Of course, inverse analysis methods
developed in the past (e.g., iTOUGH2 [14]) could also provide good estimates. Although
we have not compared the accuracy of the estimation between inverse analysis methods
and our approach, the estimation accuracy may be better in both cases, depending on the
optimization. On the other hand, the good point of our approach is that once the learning
model is created, it does not need to be computed over and over again, and it can be used
even on computers with low specifications. This would help to expand the spread of small
fields, which cannot be developed with large amounts of equipment. It also provides
reliable reservoir modeling which does not rely on the experience and intuition of analysts.
This allows non-experienced developers to work on reservoir modeling and helps to create
an environment where new people can take part in geothermal development. Reservoir
modeling is one of the most important challenges in making strategies for geothermal
reservoir development. Improvements in the reliability of reservoir modeling are expected
to greatly accelerate the geothermal development.

Geothermal developments cannot drill a large number of wells due to the drilling
cost. Thus, the pressure data in the natural state is only available for the discrete data
from the limited wells. The learning model proposed in this study, however, requires two-
dimensional pressure distributions. If we apply our method to field data, it is necessary to
measure the pressure from at least three points surrounding the target surface for the 2D
estimation and to interpolate the discrete data by interpolation techniques, such as kriging
(e.g., [52]). Future research will examine the estimation errors when interpolations are
performed.

In addition, when not many data points are available, as in the case of geothermal
development, it is important to evaluate carefully how uncertain the measurements based
on the data are. To evaluate the impacts of the uncertainties on the estimation, uncer-
tainty quantification methods, such as Bayesian approximation and ensemble learning
techniques (e.g., [53]), play some pivotal roles. Combining uncertainty quantification with
our approach is also desirable for future study.

This study is limited to numerical experiments and has not been applied to actual field
data. At present, a model for two-dimensional data has been developed, but a model for
three-dimensional data is expected to be developed, assuming the actual field. In addition,
our simulation was limited to thermohydraulic simulation as a first step to develop the
machine learning approach. To make our analysis available for real field development, 3D
thermohydraulic–mechanical–chemical simulations are needed in the next research.

This study applied several regression models in machine learning to estimate the
permeability based on the two-dimensional distributed features. Two-dimensional image
recognition can be powerfully trained by convolutional neural networks (CNNs) [54], and
the application of CNNs should be considered in future research.

Our approach is similar to data-driven physics-informed machine learning to search
for new governing equations of physical phenomena, which has been a hot topic in the
field of machine learning (e.g., [55–57]). Although such approaches are still only applied to
basic science, they are expected to be developed in the fields of Earth science and energy
resource engineering. In this study, we successfully demonstrated the first step toward
the goal of achieving a new data-driven geothermal reservoir engineering, which will be
developed and enhanced by incorporating information science.

5. Conclusions

We developed a machine learning model to uniquely estimate input parameters based
on measured data in order to improve the conventional reservoir modeling approach, which
determines the input parameters by trial and error. In this study, the relationship between
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the measurement data and permeability, one of the most important input parameters in
reservoir modeling, was successfully determined by machine learning. First, we generated
a large number of permeability distributions based on the discrete cosine transform and
conducted natural state simulations using each permeability distribution. The simulation
results of pressure and temperature distributions were used for feature variables. We used
several popular supervised machine learning approaches: the linear regression, the ridge
regression, the Lasso regression, the support vector regression (SVR), multilayer perceptron
(MLP), random forest, gradient boosting, and the k-nearest neighbor algorithm. Learning
models were developed both with and without the dependence of the grids. The results
showed that the grid-independent model by random forest with the pressure differences
as feature variables provided good estimations of permeability. It was also found that
the model could be applied to the test dataset with different mass flow rates of the heat
sources. The estimation became more difficult when the position of the source was different.
However, the estimation was successful for the region with a flow field even when the
position of the source was different. We successfully demonstrated the first step toward
the goal of achieving new data-driven geothermal reservoir engineering, which will be
developed and enhanced by incorporating information science.
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