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ARTICLE INFO ABSTRACT

Keywords: Hot dry rock (HDR) is considered as a promising low-carbon alternative to fossil fuels, but the remaining eco-
Geothermal energy nomic challenges are leading to its unsuccessful exploitation. Therefore, incorporating economic indicators into
Optimization

consideration is essential to optimize an enhanced geothermal system (EGS). However, the conventional opti-
mization approaches based on numerical simulations are time-consuming and a global optimal operation
strategy is hard to determine. In this study, an optimization framework based on Artificial Neural Network (ANN)
and Differential Evolution (DE) is proposed with considering a levelized cost of electricity (LCOE) being an
economic performance indicator to optimize a three-horizontal-well EGS in the Qiabugqia field. Specifically, four
different ANN models are constructed to predict different geothermal productivities to substitute numerical
models. Based on these ANN models, a DE optimization process is conducted to determine an optimal LCOE
under two field operating constraints, followed by a performance comparison between the resulting optimal
geothermal system and 2,150 randomly created cases using a numerical simulator. The results show that these
ANN models all achieve a coefficient of determination R? higher than 0.996, demonstrating their predictive
abilities and potential as surrogate models. The determined optimal parameters configuration brings a promising
LCOE of 0.0376 $/kWh which is around 50 % of a local electricity cost, and this is the lowest LCOE among all
random cases. Importantly, the proposed framework can significantly save operation time by 36,000 times
compared with the numerical simulation method. The proposed method provides a valuable reference for the
geothermal system studied, and it can also be effectively applied to other energy systems, thereby facilitating
their optimal development.

Artificial neural network
Differential evolution
LCOE

[8-11].

Geothermal power can be extensively utilized in direct thermal en-
ergy harvesting and electricity generation. Rock formations can be
divided into four types according to their underground temperatures
ranging from 50C to 350C: (1) geopressured, (2) hydrothermal, (3)
magma, and (4) dry hot rock [12,13]. Among them, hot dry rock (HDR)
is the most potent option for long-term electrical power generation due
to its high temperature and abundant reserves [14]. Its temperature can
achieve 300C and energy reserves are estimated to reach approximately

1. Introduction

Fossil fuels are getting depleted due to rapidly increasing energy
demand owing to population growth and industrial development [1]
Besides, the consumption of fossil fuels directly emits a significant
amount of CO5 causing harmful effects on climate change [2-4]. Several
international agreements such as the Paris Agreement and the United
Nations Sustainable Development Goal 7 (SDG7) were raised to moti-
vate the use of clean energy [5,6]. Nations have, therefore, gradually
focused on the development of sustainable and environment-friendly
renewable resources [7]. Geothermal energy can be a substitute of fos-
sil fuels to meet the future energy demand owing to its sustainable and
low-carbon features. It has been estimated that the geothermal resources
under exploitation reach 30,000 MW, which can avoid the emissions of
46 million tons of CO2 and save 0.352 billion barrels of oil annually

1.3 x 10% J which can provide global energy needs for 217 million
years [14-16]. Technically, an enhanced geothermal system (EGS)
technology is necessary since HDR normally exists with an ultra-low
permeability porous medium, and it is utilized to create a highly
conductive area for extracting heat [17]. Nowadays, HDR has not been
widely exploited because of economic challenges [18]. Therefore, the
optimization of a geothermal system based on its economic
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Nomenclature
EGS Enhanced geothermal system

CMG Computer Modelling Group
HDR Hot dry rock

RMSE Root mean squared error

ANN Artificial Neural Network

MAE Mean absolute error

DE Differential Evolution

R2? Coefficient of determination

TPE Tree-structured Parzen Estimator
LCOE Levelized cost of electricity

Symbols

W, Cumulative electricity generation
Py The injection pressure at the well bottom
Tpro The temperature of produced water
W, Average electrical power generation

consideration is a significant task for a sustainable EGS construction
[19].

The Chinese government announced to sufficiently utilize renewable
energy to cut down CO; emissions in the China National Strategies
responding to climate change by The State Council Information Office of
the People’s Republic of China [20]. In China, it has not successfully
developed long-term geothermal electricity generation due to the failure
in reservoir exploration until the discovery of borehole GR1 in the
Qiabugia geothermal field, which is located in the Gonghe basin,
Qinghai province, China [21]. This field is broad with an approximate
246.9 km? area and abundant recoverable energy of HDR resources,
which is equivalent to approximately 200 billion tons of standard coal
[22]. Besides, the geothermal gradient in the Indosinian granitic for-
mation is approximately 7.1C/100 m. The remarkably successful drilling
well GR1 holds a 236C peak temperature at 3,705 m depth and the HDR
section from 3,200 m to 3,705 m has an average temperature of 218C,
implying the potential for constructing a long-term EGS power plant
[23,24]. Therefore, this field is selected as the case study.

The economic analysis of a geothermal system is highly related to
geothermal productivity [25]. The production of an EGS is influenced by
many parameters, such as the properties of circulating fluid, well
completion parameters and stimulation method design [1,18,22,23,26].
These parameters are, therefore, mainly considered in optimizing an
EGS, and the numerical simulation method is widely used because of its
accurate calculation ability [27]. It was used to operate parametric
studies for searching optimal parameters related to the generated
geothermal electricity, including a well placement and an injection
temperature and rate of the circulating fluid [1,7,18,22,26,28-30].
Studies based on numerical simulations demonstrated that a number of
hydraulic fractures was also optimized through sensitivity analysis
regarding a production temperature and heat flux [31-33]. However,
the relationship between these properties and geothermal productivity
is highly nonlinear, resulting in that numerical solvers need to run many
times during an optimization process [34].

An artificial neural network (ANN) provides an alternative for
calculating an objective function due to its powerful function approxi-
mation capability and time-saving ability, which can analyze generated
data comprehensively by evaluating their underlying relationships [35].
It has been extensively applied in the geothermal industry. Ishitsuka
et al. [36] developed an ANN model to accurately estimate a tempera-
ture distribution in the Kakkonda geothermal field. Hu et al. [37]
generated an ANN model to predict the hourly performance of a hybrid
geothermal-solar system. Their results showed that ANN can provide
high accuracy in estimation. Yilmaz et al. [25] calculated geothermal
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energy and hydrogen production of a geothermal-solar system by con-
structing ANN models, which achieved good performance in predicting
both targets. Besides, Acar et al. [38] used ANN to create a surrogate
model and optimize a geothermal energy powered Kalina cycle. Bassam
et al. [39] estimated static formation temperatures in geothermal wells
through the ANN. Pei et al. [40] utilized ANN to predict the long-term
performance of energy pile designs of six typical thermal load distri-
butions in China. Xiao et al. [41] developed an ANN model to estimate
the outlet temperature of abandoned exploitation wells in geothermal
power plants based on the data from a thermodynamic model.

Previous studies have proven the predictive ability of ANN in the
geothermal industry. However, it was normally used to predict
geothermal productivity. The optimization of a geothermal system was
generally operated by manually created cases generated by numerical
simulations or ANN. However, limited operation strategies can be
considered in manually created cases, and it is difficult to determine the
global optimal scenario due to the complex relationships between
working factors and geothermal productivity. Therefore, it is necessary
to implement a global search in different working factors. The Differ-
ential Evolution (DE) algorithm is a tool that can comprehensively
search an optimal configuration for different properties in a range and
achieve global convergence [42]. In addition, how to optimize an ANN
model is rare in previous works, which is critical for a high-performance
ANN model [43]. It is important to determine a method that can bring an
optimal ANN model with comprehensive consideration of both predic-
tion accuracy and efficiency.

In this work, an optimization framework based on ANN and DE is
introduced to optimize a three-horizontal-well EGS in the Qiabugia
geothermal field. The ANN is utilized to generate surrogate models for
substituting numerical simulations. A TPE (tree-structured parzen esti-
mator) algorithm is developed in ANN models to determine optimal
hyperparameters. The DE algorithm is operated to globally search for an
optimal EGS with the lowest LCOE. The results provide a valuable
reference for the optimization of a geothermal system, and the proposed
ANN-based DE method can also be effectively applied in other renew-
able systems for determining their optimal operational strategies.

2. Methodology
2.1. Workflow

In this section, the detailed methodologies of the proposed ANN-
based DE optimization framework are outlined as well as the applica-
tion procedures to optimize a three-horizontal-well EGS in the Qiabugia
geothermal field.

Firstly, data samples are collected through numerical models using
the Computer Modelling Group (CMG) software STARS. A base numer-
ical model is first constructed to customize the Qiabuqia geothermal
field. Depending on their effects on geothermal productivity, five
operating parameters are considered the controlled operating parame-
ters, including the rate and temperature of circulating water, well
spacing, and the spacing and half-length of hydraulic fractures. Second,
a total of 1,316 numerical models with different values of these factors
are developed. The average electrical power generation (W,) and cu-
mulative electricity generation (W,), the injection pressure at the bottom
of a well (Pyj), and the temperature of produced water (Ty,) during a 20-
year operation cycle are determined as the targets for calculating.

Secondly, based on the generated data points, four ANN models are
created to predict four different targets. Before model training, a data
preprocessing process is operated on these data samples, including data
splitting and standardized transformation. During the model training, a
K-fold cross-validation method and a TPE algorithm are applied to
determine the best hyperparameters combination of different ANN
models. Finally, the divided testing samples are transferred into the
resulting optimal models to evaluate their predictive performance.

Lastly, regarding the determined ANN surrogate models, a DE algo-
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Fig. 1. Flowchart in this study.

rithm is utilized to optimize a geothermal system. An objective function
is developed for calculating the LCOE. Furthermore, two field con-
straints are considered in the optimization process, containing the re-
quirements on Py and Tpr. Consequently, to evaluate the feasibility of
the proposed ANN-based DE optimization method, 2,150 randomly
generated cases through numerical simulations are created for
comprehensively considering different operational schemes of this
geothermal field, and their LCOE values are compared with the LCOE of
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the resulting optimized geothermal system. The flowchart of this study is
illustrated in Fig. 1.

2.2. Theories

2.2.1. Artificial neuron network (ANN)

An Artificial Neural Network (ANN) is biologically inspired by the
sophisticated functionality of human brains [44,45]. In an ANN model,
there are an input layer, one or two (or more than two) hidden layers
and an output layer, and each of these layers contains different amounts
of neurons [44]. Fig. 2 shows a typical architecture of an ANN model.
When the inputs are transformed into an ANN model, they are calculated
by the weights and biases layer by layer, and the output in the output
layer can be expressed by Eq. (1) [44].

N
Vi _6( Wijijrb) (D)
=1

J

where ¢() is an activation function, N is the number of input neurons, W
is a weight, x; is an input value in the input neurons, and b is a bias which
is considered as a special weight. The activation function is used to
introduce the nonlinearity into a neural network and to bound the values
of neurons for preventing the neural network from influencing by
divergent neurons [46].

The flow proceeding from the first layer to the output layer is called a
feed-forward process, and a back-propagation (BP) process operated
from the output layer to the input layer is another significant step in an
ANN model [21]. BP is utilized to minimize variance between pre-
dictions and targets [47]. It is achieved through altering the values of
weights in the output layer by a small amount and updating the weights
of each layer [48,49]. The results of a new generation are then obtained
through another feed-forward process with updated weights. By
comparing the values of the predictions and the true targets, the degree
of a weight change in the next BP process is determined until a minimum
overall error is reached.

2.2.2. Tree-structured parzen estimator (TPE) algorithm
A TPE algorithm is one of the sequential model-based optimization
(SMBO) algorithms, which is also known as the Bayesian optimization
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Fig. 2. Base numerical model.
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algorithm [50,51]. A Gaussian Mixture Model is applied in a TPE opti-
mization to find the values that can minimize an objective function [52].
It is highly performant and time-efficient compared with other typical
algorithms, such as manual tuning, and grid and random search because
its next generation of hyperparameters is determined according to its
previous evaluation results [52,53]. In the TPE algorithm, a conditional
probability from the Bayes theory is defined firstly, which can be written
as Eq. (2) [53]

plaly) = {é&xgggy @

where x represents a hyperparameter; y denotes an objective function;
y'is a threshold for loss; #(x)is the density formed by using the obser-
vations such that the corresponding loss was less than the threshold; g(x)
is the density formed by using the remaining observations.

A hyperparameter configuration is determined according to the
greatest Expected Improvement (EI). At each iteration in an optimiza-
tion process, a new hyperparameter configuration is selected by EI and
transferred back to calculate two new densities /(x) and g(x), and then
the greatest EI in the next iteration is estimated until the number of it-
erations is reached [53,54]. Based on the parametrization of p (x,y) as
p(y)p(xly) in the TPE algorithm, EI can be calculated by Eq. (3) [53].
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2.2.3. Differential evolution (DE) algorithm

DE is a heuristic stochastic algorithm based on the ideas of a genetic
algorithm (GA) [55]. It is achieved by simulating a biological evolu-
tional process, and an individual that can adapt to an environment
iteratively is determined [34]. Compared with GA, DE is adaptive for a
continuous optimization problem and easier to determine its control
parameters, and can converge globally and faster [42]. The DE based
optimization is processed to compare an objective function. The popu-
lation is installed in each iteration, and the process of mutation, cross-
over and selection is repeated until an optimum is located, or a
prespecified termination criterion is satisfied [56]. The detailed de-
scriptions of these steps are given as follows [42].

1. Population construction: Produce an initial population of N in-
dividuals in an n-dimensional search domain with upper and lower
bounds for each parameter.

2. Initialization: Assign each parameter in each vector a value from
within a prescribed range, which is written as Eq. (4) [42]

x;;0 = rand;(0,1) x (l)_,-7U - bj'L) +bjL 4

where j and i represent the indices of the parameter and vector sepa-
rately; rand;(0, 1) returns a uniformly distributed random number from
the range [0,1); bjy and b;; indicate the upper and lower boundd
representatively.

3. Mutation: create a new mutate vector by combining three randomly
selected vectors, which is written as Eq. (5) [42].
Vie =Xno +F X (X0 0 — X0n) (5)

where X, , is a base vector which is different from the target vector;
X, ¢ and X,, , are two randomly selected vectors; F is a differential mu-
tation factor.
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Table 1

Reservoir properties of the base model.
Parameter Value
Granite density,p 2623 kg/m®
Original porosity,¢$ 2.49 %
Original permeability, (kx = ky = 10 x kz) 0.26 mD
Granite heat conductivity,4 3.0 W/(m°C)
Granite specific heat,Cg 980 J /(kg°C)
Horizontal natural fracture spacing,Lm 10m
Vertical natural fracture spacing,L,» 10 m

Initial pressure,p
Initial temperature,T

p = 1.01 x 105 —10000z (Pa)
T = 25-0.057z (°C)

4. Crossover: Build trial vectors U;g out of parameter values that have
been copied from two different vectors and cross each vector with a
mutant vector, which is written as Eq. (6) [42].

Uiy = 1, { vjisif (rand;(0, 1) < C 01 = juana ) ©)
Xj; g0therwise

where C, is a crossover probability to control the fractions of
parameter values. It is used to determine a source that contributes to a
given parameter by a comparison with the uniform random number r
and j (0,1 If the chosen number is less than or equal to Cr the trial
parameter is inherited from the mutant vector Vj,; otherwise, a
parameter in vector X;, is selected.

5. Selection: Select a target vector in the next generation through a
comparison between the trial vector U;, and the target vector X;,.
This process is written as Eq. (7) [42].

g — { Uelf (f (Use) < f(Xie)) .

X; cotherwise

3. TPE-based ANN surrogate models
3.1. Data preparation

Data samples for creating ANN models are collected from numerical
models using the CMG STARS, which is a well-accepted numerical
simulator for multi-dimensional fluid flow and heat transfer analyses in
multi-phase, multi-component fluid mixtures in porous and fractured
media [57]. The dual porosity method in CMG STARS can approxi-
mately model the fluid flow and heat transfer in the fractured porous
media [58]. It models fractures based on the concept that fractures have
large permeability and small porosity [59]. This simulator has been
proven that it can provide high performance on different works of
geothermal reservoirs [60-64]. Therefore, the CMG STARS is highly
suitable for this study.

A 3D base model with a dimension of 2,000 x 1,000 x 3,800 m is
customized to describe the Qiabuqia geothermal field, which is shown in
Fig. 2. According to the previous study of the fracturing investigation,
the height of the fractures created in the Qiabugia granite formation is
approximately 100 m [1]. Therefore, the enhanced reservoir in this
study is from 3,500 m to 3,600 m. Three horizontal wells, including an
injection well (GR1) and two production wells (PR1, PR2), are created
with a horizontal section length of 600 m and a well spacing of 400 m in
the enhanced reservoir. The spacing of natural fractures is set to 10 m
according to the core analysis [22]. The modelling domain is discretized
into 36,480 cells, of which the grid blocks of the enhanced reservoir are
refined five times in the x and y directions, and three times in the z
directions. Hydraulic fractures are then constructed in this enhanced
reservoir domain with a fracture spacing of 50 m, a fracture half-length
of 400 m, a height of 100 m, and an average conductivity of 10 mDm,
which have been proven to be beneficial in the exploitation of the
Qiabugia geothermal field [1]. The detailed reservoir properties in this
base model are shown in Table 1.
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Table 2 Table 3
Statistic values of the operational factors. Detailed descriptions of hyperparameters and their values range [68].
Min value Max value Hyperparameter ~ Description Range
Injection rate, (kg/s) 20 100 LR The step size for weight le-5, 1e-4, 1e-3, le-2, le-1
Injection temperature, (°C) 40 80 updates
Hydraulic fracture half-length, (m) 250 600 AF Activation function for the ‘Sigmoid’, ‘ReLU’ and ‘Tanh’
Hydraulic fracture spacing, (m) 25 300 hidden layer
Well spacing, (m) 300 600 OA The solver for weight ‘LBFGS’, ‘SGD’, ‘ADAM’
optimization
N Maximum number of 500, 1000, 1500, 2000, 2500
The initial temperature distribution of the modelling domain is based iterations
on the temperature logging curve of the GR1 well [1]. According to the HLS The number of h‘dd_e“ layers ), (6,), ..., (10,), (4, 2), (4,
. e . . . and the corresponding neuron 4), ...,(10, 20), (4,2, 2), (4, 4,
logging data of well GR1, the initial reservoir pressure is assumed at p = amounts. 2. .. (10,20, 2)

1.01 x 10° —10000z(Pa) and the initial reservoir temperature is
assumed at T = 25 —0.0572°C [22].

Finally, a steady stream of 60 Cwater is circularly injected into the
enhanced reservoir at a rate of 40 kg/s and a production pressure of 37
MPa to obtain a stable production rate [22]. The geothermal pro-
ductivities are calculated after a 20-year operating cycle, which can
represent the potential for the extraction of the Qiabugia geothermal
field [1,22,26].

Based on the base model, 1,316 numerical models with different
combinations of operating factors are constructed using the CMG
CMOST software. Five parameters are determined as the properties to be
optimized since they have effects on geothermal productivity, including
the rate and temperature of circulating water, well spacing, hydraulic
fracture spacing, and a half-length of hydraulic fractures
[1,18,22,26,29]. The Latin hypercube method in CMOST randomly
changes the values of these properties within different ranges. The data
section ranges of these parameters are shown in Table 2. Four different
geothermal productivities during a 20-year operation cycle are calcu-
lated, containing the average electrical power generation (W,), the cu-
mulative power generation (W,), the injection pressure at the bottom of
the well (Py;), and the temperature of produced water (Tp,). The
average electrical power generation (W,) and the cumulative power
generation (W,) are calculated based on the geothermal electricity
generation, which can be expressed as Eq. (8) [65].

W = 045QAH (1 — T,/ Tous) (®)
where Q(kg/s) is a water production rate of the whole system; AH(J/kg)
represents an enthalpy change between the injected enthalpy and pro-
duced enthalpy; Tr;(K) is the rejection temperature that is set at 277.25
K according to the mean annual temperature in the Qiabuqia field [22]
_ENREF_22; T,,(K) is the average temperature of the production wells.

In conclusion, a total of 1,316 data points are established, consisting
of different values of the five working parameters that are treated as the
input features in each ANN model, and the corresponding targets (W,
W4, Dinj> Tpro) which are the outputs in ANN models.

3.2. Data preprocessing

Data preprocessing is a critical step for achieving a high-performance
ANN model [66]. In order to evaluate the generalized ability of ANN
models, data samples are split into 70 % training samples and 30 %
testing samples such that the training samples are used to train and
determine the optimal ANN models and the testing samples are
responsible for evaluating these models. In addition, the dimensions of
the input features are quite different, which are shown in Table 2. This
kind of dimension variance probably damages the predictive ability of
an ANN model [67]. Therefore, a standardization operation is imple-
mented in the data samples to transform features by scaling each feature
to a given range between —1 and 1, which can be written as Eq. (9) [68].

Xscatea = Xsua X (Max — Min) + Min 9

subjecttoXq = (X — Xonin) / (Xmax — Xonin)

where X denotes the data samples; X4 is the standard deviation of data
samples; Max and Min represent the upper and lower values of a given
range, which are 1 and —1 in this work; Xy and Xy, respectively,
means the maximum and minimum values of data samples.

3.3. Evaluation matrix

Three statistical indicators are developed to quantitatively evaluate
the performance of the ANN models, including a root mean squared
error (RMSE), a mean absolute error (MAE), and a coefficient of deter-
mination (R?). Among them, RMSE and MAE are positive numbers and
their lower values demonstrate higher prediction precision, while R? is
generally in the range of 0 and 1 and an ANN model with better per-
formance can present a higher R? value. They are calculated as Egs.
10-12 representatively [68].

(10)

1D
n )2

R2: 1721‘:1(}1 )i) (12)

where y; represents a prediction result and y; denotes the corresponding
actual value; y; is the mean of the actual values; n is the number of
samples.

3.4. TPE-based model design

Four basic ANN models are constructed to predict the average elec-
trical power generation (W,), total power generation (W,), injection
pressure (Py;), and the temperature of produced water (Ty,). To update
a basic ANN model to the one with the best performance, hyper-
parameter tuning is necessary to operate. Previous studies showed thata
learning rate (LR), an activation function (AF), an optimizer algorithm
(OA) and a structure of hidden layers (HLS) affect the performance of an
ANN model [69-71]. Besides, a maximum iteration number (N) mainly
controls the simulation time [72]. Therefore, a K-fold cross-validation
integrated with the TPE algorithm is implemented in the training sam-
ples to determine the best collective choices of these five hyper-
parameters. The K-fold cross-validation method can fully utilize the
training samples which are divided into K folds and each fold can be
used to train and validate. Specifically, the training samples are divided
into a training set and a validating set, and the optimal ANN model is
determined under the TPE algorithm when its performance in the vali-
dating set is best.

In the TPE-based hyperparameter tuning process, the optimal ANN
models are determined by iteratively selecting a configuration of
hyperparameters within different ranges until 100 iterations are
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Table 4
The generalization ability of ANN models under different optimization methods.
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Methods TPE Grid search Random search

R? RMSE MAE R? RMSE MAE R? RMSE MAE
ANNy, 0.999 0.067 MW 0.037 MW 0.999 0.071 MW 0.037 MW 0.997 0.132 MW 0.095 MW
ANNy, 0.998 18.226GWh 11.883GWh 0.996 24.132GWh 1.491GWh 0.995 28.577GWh 18.475GWh
ANN,,, 0.996 0.315 MPa 0.212 MPa 0.993 0.409 MPa 0.311 MPa 0.994 0.395 MPa 0.297 MPa
ANNt,, 0.996 1.518C 0.890°C 0.996 1.569°C 0.887°C 0.993 2.055°C 1.308°C

reached, and then the testing samples are transferred into these optimal
models to measure their predictive ability. The detailed setting of
hyperparameters is shown in Table 3. Specifically, HLS can be explained
through an example of (4, 6, 2), meaning that there are 3 hidden layers
with 4 neurons in the first layer, 6 neurons in the second layer, and 2
neurons in the last layer.

4. DE-based optimization model

In a DE optimization process, an objective model is created based on
the resulting ANN surrogate models to customize the levelized cost of
electricity (LCOE). LOCE is a benchmark to measure the cost-
effectiveness of geothermal energy generation by comparing the unit
costs over an economic life [73-75]. It is calculated by dividing the total
investments by the cumulative electricity generation [1,21].

For an EGS project, the total costs can be divided into a surface cost
(Csurs) and a subsurface cost (Cqyp). Specifically, Cy, includes the cost of
geothermal field exploration and equipment installation, and Cy; con-
tains the cost of drilling, reservoir development and reservoir mainte-
nance [76].

According to the reported data, an investment in reservoir explora-
tion of the Qiabugia geothermal field is about 4.5 M$ [1]. Besides, the
initial cost of equipment installation increases with the power capacity
but the unit cost is inversely proportional to the capacity due to the
economy of scale [76] and the unit capital cost is estimated to be 2000
$/kW [77]. Therefore, the cumulative surface investments can be
expressed in Eq. (13) [77].

2000 x W,

arf = 4.
Couy 5+ 0°

13

For the subsurface cost part, the drilling costs for a three-horizontal-
well system can be calculated by Eq. (14), and the detailed drilling costs
in the Qiabuqia field are expected: H, = 11,000m, H, = 1,800m, P, =
$600, P, = $1,500 [1]. The reservoir development in this field can be
split into a logging survey and a hydraulic fracturing treatment. It is
estimated to be 0.45 M$ for the investment of high-precision logging at a
depth of 3,700 m [1]. The cost of fracturing operation is evaluated to be
0.45 M$, which has been proven to undertake the operations of
300-600 m well spacing and 25-300 m fracture spacing [1]. The unit
cost for the reservoir operation and maintenance is generally in an in-
verse ratio to the installed capacity, which is normally estimated in a
trend from 20 $/MWh for a 5 MW plant to 14 $/MWh for a 150 MW
plant [76,77]. Therefore, the unit cost of reservoir operation and
maintenance can be expressed in Eq. (15) [76].

Cuin = (H, X P, + H, x P;) x 107° 14

Cosn =20 x exp(—0.0025 x (W, — 5)) (15)

Consequently, the total costs for the Qiabugia EGS power plant can
be calculated in Eq. (16) and the LCOE can be written in Eq. (17).

2000 x W, W, x Cogm

Coat = Couy + Cap = 1521 + =3 o (16)
2000 x W, W, X Cogu
LCOE = [ 15.21 1
CO ( 521+ 10 + 0 )/W, a7)

Furthermore, two constraints should be considered in an EGS oper-
ation. The first is that the temperature of the produced circulating water
(Tpro) should be higher than 105.36C to satisfy the demand for con-
verting heat energy into electricity effectively, which can be written in
Eq. (18) [22]. The second is that the injection pressure at the bottom of a
well (Py;) should be less than the minimum principal stress (o4) to
prevent slippage from occurring, which can be expressed in Eq. (19)
[22].

T, > 105.36 (18)

Pinj < 0, = 60MPa 19

Based on the LCOE objective function and two constraint equations,
the DE algorithm is operated to optimize the geothermal system, aiming
to determine the optimal values of operating parameters which can
bring the best economical performance. In the DE optimization, the
population number of individuals is set to 200, the maximum number of
generations is set to 1,000, and the values of a scaling factor and
probability of crossover are 0.5 and 0.7 separately.

5. Results and discussion
5.1. Performance of ANN models

Four optimal ANN models are obtained after a TPE-based hyper-
parameter tunning. Among them, the hyperparameter selections of
ANNy, and ANN,,, are the same, where the learning rate (LR) is le-2,
the activation function (AF) is ‘Tanh’, the optimizer algorithm (OA) is
‘LBFGS’, the maximum iteration number (N) is 1,500, and the structure
of hidden layers (HLS) consists of three hidden layers with a total of 46
neurons. Meanwhile, ANNy, and ANNr,, achieve the same OA and N
values as ANNy, and ANN,, . Differently, LR in ANNy, is le-4, AF is
‘ReLU’ and HLS contains three hidden layers with a total of 50 neurons.
ANNfr,, acquires an LR of 1e-2, an AF of ‘Sigmoid’, and an HLS of three
hidden layers with 30 neurons. In order to evaluate the performance of
the TPE-based optimization method, its performance is compared with
that of two conventional approaches, the grid search and random search
methods [78]. By comparing the generalization ability of the models
(the model performance in a testing set) under these three optimization
methods, which is shown in Table 4, the TPE-based ANN models all
present the best predictive ability since they demonstrate the highest R?
values and the lowest RMSE and MAE values. Furthermore, the opti-
mization time based on TPE for each ANN model is around 60 s, while
that of the grid search and random search is more than 5,400 s. There-
fore, the TPE approach is highly recommended to optimize an ANN
model since it can not only provide a hyperparameter configuration with
better prediction performance but also can highly improve the efficiency
of the optimization.

After determining the optimal models, testing samples are used to
evaluate their generalized abilities, and the performance of these models
in different sets is discussed, which is shown in Table 5.

Form the results, it can be estimated that these ANN models all
present a strong predictive ability according to the results in the testing
set. The R? values are all higher than 0.996, showing the high accuracy
between the prediction results and the actual targets. In addition, their
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Table 5

Statistical indicators values of four optimal ANN models in different data sets.
Evaluation indicators ANNy, ANNy, ANN,,, ANNT,,
Training set
R? 1.000 0.998 0.998 0.999
MAE 0.029 MW 12.468 GWh 0.173 MPa 0.601 °C
RMSE 0.041 MW 17.813 GWh 0.235 MPa 0.846 °C
Validating set
R? 0.998 0.996 0.996 0.992
MAE 0.046 MW 15.806 GWh 0.231 MPa 0.961 °C
RMSE 0.091 MW 24.859 GWh 0.322 MPa 1.865 °C
Testing set
R? 0.999 0.998 0.996 0.996
MAE 0.037 MW 11.883 GWh 0.212 MPa 0.890 °C
RMSE 0.067 MW 18.226 GWh 0.315 MPa 1.518°C

RMSE and MAE values demonstrate a low variance between their pre-
diction points and the actual samples. Compared with the values of the
actual targets (the y-axes in Fig. 3), the variances demonstrated from
ANNy, and ANNy, are less than 3.5 %, and are around 1 % in ANN,,;
and ANNT, . The predictive ability of these models can also be evaluated
from the scatter plots of the predictions of W,, Wy, Piy; and Ty, and their
corresponding actual points, which are shown in Fig. 3. The scatters are
basically located at a 45-degree line, which means that they are highly
consistent. On the other hand, these models bring strong stability since
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the performance differences between different sets are small. The value
changes between the training set, the validating set and the testing set in
the R2 value are less than 2.0 %, and those in RMSE and MAE values are
less than 4.0 % and 3.5 % representatively. Importantly, the simulation
time of each ANN model to predict 395 data points is less than 10 s,
which is highly time-saving compared with around 165,900 s by the
numerical simulation method. Therefore, the resulting ANN models can
be the surrogate models to predict Wa Wt Pinj and Tpro.

5.2. Results of DE optimization

After a DE optimization, the optimal configurations of operational
parameters are determined, where the temperature of the injected fluid
is 53C, the rate of circulating water is 99Lg/s the well spacing is 550 m,
and the spacing and half-length of hydraulic fractures are 25 m and 478
m separately. In order to evaluate the precision of the ANN models and
the performance of the DE optimization, a total of 2,150 random cases
are developed to compare with the optimal case. These random cases are
generated with different randomly selected values of operating factors
by the CMOST software and calculated through the STARS software,
which can comprehensively consider different operating conditions in
the Qiabugia geothermal field. Fig. 4 shows the LCOE values of random
cases and the determined optimal case under the corresponding cumu-
lative electricity generation. The red scatter demonstrates the optimal
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Fig. 3. Scatter plots of different targets and their corresponding predictions: (a) average electricity power generation, (b) total electricity power generation, (c)
injection pressure at the bottom hole of the well, and (d) the temperature of the produced water.
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case, the blue-hollow circles represent the random cases, and green- LCOE of 0.0376 $/kWh, which is well below the industrial electricity
filled dots denote the random cases with a lower LCOE than the cost in Qinghai Province (0.074 $/kWh). Besides, this LCOE is lower
optimal case. than that of the random cases except for six cases of them. However, the

It is inferred that the LCOE generally decreases as the cumulative operating parameters setting of these six cases is non-compliance with
electricity generation increases. The resulting optimal case acquires an the constraint of field operation since they obtain a higher injection
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pressure at the well bottom hole than the minimum principal stress (60
MPa), which is shown in Fig. 5. Comparatively, the optimal case brings a
reasonable injection pressure of 59.2 MPa. In addition, from Fig. 6, the
optimal case can produce a steady stream of 178C water, which heavily
exceeds the minimum requirement for generating electricity (105.36C),
demonstrating the potential for long-term electricity generation.
Therefore, the results show that the ANN-based DE optimization can
effectively identify the optimal operating factors for economical
geothermal energy extraction. Importantly, this optimization process
only takes approximately 25 s, which is highly efficient compared with
the numerical simulation method, which needs around 903,000 s for
2,150 numerical models. Therefore, the optimization efficiency can also
be significantly promoted through the ANN-based DE optimization
method.

5.3. Discussion

The proposed ANN models show their promising predictive ability to
simulate the in-depth performance of a geothermal field. Although the
ANN has been proven its ability in the geothermal field, another
important part of an ANN model, the optimization process, is normally
simplified in previous studies [25,36-38,40,79,80]. The huge consid-
eration of a machine learning application is mainly due to its high ef-
ficiency, but it is not practical if the operation time of the optimization is
not considered in the computation time. Therefore, the TPE algorithm is
used in this study to design ANN models and its performance is
compared with the conventional optimization methods, including the
gird search and random search approaches. The results indicate that the
TPE-based ANN models can improve the optimization efficiency
compared to these conventional methods and can provide high predic-
tion accuracy. More importantly, compared to the complex process of
building a physical-driven model, the establishment of the proposed
data-driven models is highly efficient and only takes around 240 s. Be-
sides, it takes less than 10 s to predict 395 data points for each TPE-based
ANN model, while the numerical simulation method needs about

165,900 s. Therefore, the proposed TPE-based ANN models also
demonstrate a greatly effective computational process, showing its
promising potential to simulate the performance of a geothermal system
in a system design stage.

In optimizing a geothermal system, the ANN-based DE method is
proposed and the results show that the LCOE value (0.0376 $/kWh) of
the determined optimal geothermal system is half of the local electricity
cost. To evaluate the feasibility of this result, 2,150 numerical models
are created to widely consider different operation schemes, and their
LCOE values are all higher than this 0.0376 $/kWh LCOE. For the
Qiabugia geothermal field, previous studies normally determined an
optimal geothermal system by comparing the results between several
manually created cases [1,26], and the 0.0376 $/kWh LCOE is also
highly lower than their result (0.0666 $/kWh) [1] In addition, the
optimization time of the proposed ANN-based DE approach is around 25
s, while the calculation time of a single numerical model is about 420 s.
Therefore, the proposed optimization approach can more effectively
design a geothermal system and can be also directly applied to other
energy systems, thereby facilitating the in-depth development of opti-
mization design.

Although the ANN-based DE optimization approach proposed in this
study shows great advantages and potential in system operation and
proactive design, it could be further improved in the following aspects:
(1) to improve a machine learning algorithm to achieve accurate pre-
dictions with smaller datasets; (2) to be utilized in other geothermal
fields or other energy systems in exploring their optimal operation
strategies, and (3) to incorporate field uncertainties and quantify their
impacts, such as the reservoir heterogeneity and permeability
anisotropy.

6. Conclusions
This paper presents an ANN-based DE optimization framework to

determine the optimal field operations in the Qiabugia geothermal field.
The developed ANN models are used to substitute the numerical models
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to calculate the geothermal production of this field. Then the ANNs are
integrated into a DE-based optimization procedure to determine the
optimal system design over a 20-year life span.

Results prove the effectiveness and accuracy of the proposed data-
driven method in predicting the off-design performance of the Qiabu-
gia geothermal field, which greatly reduces the calculation time by
16,590 times compared to the numerical simulation method while
maintaining the accuracy within 0.8 %. Besides, compared to the con-
ventional optimization methods (grid search and random search), the
TPE algorithm significantly improves the optimization efficiency by 90
times. Therefore, the proposed TPE-based ANN approach makes it
possible to consider the performance of the geothermal system in its
system design stage.

Then the DE-based optimization is carried out for the design of the
geothermal system considering two field operational constraints. Results
indicate that, compared to the conventional numerical simulation
method, the ANN-based DE optimization method can achieve a lower
LCOE value of 0.0376 $/kWh and highly reduce the computational time
of optimization by 36,000 times. Besides, the 0.0376 $/kWh LCOE value
of the resulting optimal geothermal system is around 50 % of a local
electricity cost, which can provide a promising profit in operating this
field. Therefore, the proposed method shows its effectiveness and the
huge application potential in the geothermal system and it can be also
directly used in other energy systems to facilitate the in-depth devel-
opment of their optimization design.
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