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A B S T R A C T   

Geothermal energy is gaining global attractiveness owing to its abundance and sustainable nature. An in-depth 
understanding of potential geothermal production provides the energy industry a possibility to diversify the 
supply portfolio. With the development of artificial intelligence, machine learning offers an efficient alternative 
to the conventional numerical simulation method in forecasting energy harvesting. However, a comprehensive 
comparison and an effective algorithm selection are absent from the machine learning applications in forecasting 
geothermal energy recovery. In this study, four machine learning algorithms based data-driven models are 
created to determine the optimal choice in predicting geothermal production, including K-Nearest Neighbors 
(KNN), Support Vector Machine (SVM), Extreme Gradient Boosting (XGBoost) and Artificial Neural Network 
(ANN). To investigate their application range, two different sizes of data groups are involved to train and test 
these models, and their performance is comprehensively compared. As the results show, the highest coefficient of 
determination R2 of 0.998 is demonstrated in the ANN models showing its promising predictive ability. Besides, 
the ANN is the most stable with the lowest performance variances between a training set and a validation set. In 
addition, the ANN is the most adaptable due to its minimal performance differences between different sizes of 
data groups. By jointly considering the prediction accuracy, stability and adaptability, the ANN is the best choice 
to substitute numerical simulation for predicting geothermal development. Importantly, the successful imple
mentation of the proposed data-driven model requires 2700 times less computational time compared to nu
merical simulation, demonstrating a considerable improvement in the prediction efficiency. The results provide a 
beneficial reference for operators in conducting machine learning to simulate the development of the geothermal 
system studied, and can be effectively applied in other energy systems.   

1. Introduction 

Fossil fuels are getting depleted due to the rapidly increasing energy 
demand, and a significant amount of CO2 emission is emited by the 
consumption of fossil fuels, which causing harmful effects on climate 
change [1,2]. Therefore, most countries have focused on developing 
sustainable and renewable resources [3]. Geothermal energy can be a 
substitute for fossil fuels to meet the future energy demand and mitigate 
climate change owing to its sustainable and low-carbon features. It can 
be extensively utilized in direct thermal energy harvesting and elec
tricity generation, and the estimated 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 [4]. Hot 
dry rock (HDR) is one kind of geothermal resource and has a promising 
potential due to its abundant reserves and wide distributions [5]. The 
HDR geothermal resources in China are calculated to be 2.6 × 105 times 
its total annual energy consumption [6]. In addition, it is estimated that 
the thermal resources in HDR mass on the earth are 100–1000 times 
larger than fossil energy resources, which can provide global energy 
needs for approximately 217 million years [7–9]. 

China has pledged to peak CO2 emissions by 2030 and achieve car
bon neutrality by 2060 [10]. The development of geothermal resources, 
as a sustainable energy, is determined as an important option in the 
China National Strategies responding to climate change by The State 
Council Information Office of the People’s Republic of China [10]. In 
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China, geothermal reservoirs have not yet been developed for long-term 
power generation [11,12]. The Qiabuqia field is located in the eastern 
part of the Gonghe basin, northwest China [13]. The total resources in 
this field have been reported to be probably 200 billion tons of standard 
coal [12]. The HDR is abundant in its formation from 3200 m to 3705 m 
in depth with an average temperature of 218 ◦C [11,14]. There are ten 
available geothermal exploration wells, of which well GR1 is the most 
promising due to its 236 ◦C peak temperature at 3705 m depth, implying 
a potential for the construction of an EGS power plant [12,15,16]. 
Therefore, the Qiabuqia field is selected as the case study in this paper. 

However, they are impossible to be directly extracted because of a 
low permeability of HDR [17]. An enhanced geothermal system (EGS) is, 
therefore, proposed to develop a highly conductive area in HDR through 
stimulation methods such as hydraulic fracturing [18]. Energy is 
captured by a circulating fluid extracting heat from HDR [17,19,20]. 
The extraction of geothermal energy in HDR is a complex process due to 
the operation of an EGS. Geothermal production depends on many 
properties, and its operational factors have significant implications, such 
as the properties of a circulating fluid, well completion parameters and 
stimulation method designs [21–26]. These factors exhibit different ef
fects on productivity. Lei et al. (2019) [12] found that a geothermal 
recovery factor increased as well spacing increased, and decreased as 
water injection temperature increased. Additionally, Lei et al. (2020) 
[11] also showed that the influences of well spacing and an injection rate 
on geothermal development were highly dependent on a fracture 
half-length. Cai et al. (2022) [27] proposed a novel method to detect 
fracture driven interaction when pressure gauge is available that could 
assist the well spacing optimization. Song et al. (2021) [28] revealed 
that an injection rate had an optimum value for the highest productivity 
under certain conditions. Chong (2021) [29] demonstrated that a 
negative relationship between an injection rate and geothermal pro
duction occurred in the case of low matrix permeability, while there was 
a nonlinear correlation between the injection rate and productivity 
when the matrix permeability is high. Liu et al. (2021) [30] observed 
that a number of fractures had a significant effect on the production 
temperature and heat extraction. Zinsalo et al. (2021) [31] observed 
that the fracture number and productivity presented a nonlinear rela
tionship. Dahi et al. (2020) [32] also showed non-uniform fracture 
closure could affect the production behavior of the fracture. 

Numerical simulation is widely used for forecasting heat extraction 
performance because of its predictive ability [23]. However, due to 
complex correlations between these operational conditions and 
geothermal productivity, production prediction is time-consuming and 
computationally expensive for numerical simulation [33]. Machine 
learning provides an alternative way for this task since it can analyze 

collected data comprehensively and evaluate the underlying relation
ships without prior knowledge of the data [34]. A critical aspect of a 
high-performance machine learning algorithm is its data handling, such 
as feature engineering. It aims to understand the data comprehensively 
and generate effective features, which can be optimized effectively 
through the numerical simulation method under domain knowledge 
[35–39]. Therefore, with a combination of machine learning and 
domain knowledge, data-driven models can be more effective [34]. 

Machine learning applications in the geothermal industry have been 
extensively studied, as shown in Table 1. Different machine learning 
algorithms were used to predict different geothermal productivities, and 
their predictive ability has been proven. However, there is no study 
available to demonstrate an optimal selection among various machine 
learning algorithms in this area. Different machine learning algorithms 
can lead to significant variances in their computational time and pre
diction effectiveness. Optimal data-driven models can forecast 
geothermal energy production much more effectively than the conven
tional numerical method in terms of describing complex nonlinear re
lationships between operational parameters and geothermal electricity 

Nomenclature 

EGS Enhanced geothermal system 
HDR Hot dry rock 
KNN K-Nearest Neighbors 
SVM Support Vector Machine 
XGBoost Extreme Gradient Boosting 
ANN Artificial Neural Network 
CMG Computer Modelling Group 
GBDT Gradient Boosting Decision Tree 
SVR Support vector regression 
SLP Single Layer Perception 
MLP Multilayer Perception 
BP Back-propagation algorithm 
RMSE Root mean squared error 
MAE Mean absolute error 
R2 Coefficient of determination  

Table 1 
Previous machine learning studies in the geothermal industry.  

Author & Year Machine learning 
algorithm 

Research purpose 

Keçebaş et al., 2012 
[41] 

Artificial neural 
network 

Determine energy and exergy 
efficiencies of the he Afyonkarahisar 
geothermal district heating system 

Porkhial et al., 2015 
[42] 

Artificial neural 
network 

Determine the reservoir temperature 
of the Sabalan geothermal field 

Tugcua et al., 2017 
[43] 

Artificial neural 
network 

Predict cooling effect coefficient, 
exergy efficiency and net present 
value of geothermal energy aided 
absorption refrigeration system 

Rezvanbehbahani 
et al., 2017 [44] 

Gradient Boosted 
Regression Tree 

Predict the geothermal heat flux in 
Greenland 

Ishitsuka et al., 2018 
[45] 

Artificial neural 
network 

Estimate the temperature 
distribution of the Kakkonda 
geothermal field 

Zhou et al., 2019 [22] Artificial neural 
network 

Predict the production temperature 
of the Zhacang geothermal field in 
China 

Tut et al., 2020 [46] Deep neural 
network 

Predict geothermal reservoir 
temperatures of different 
geothermal systems 

Lösing et al., 2021 [47] Extreme Gradient 
Boosting 

Predict geothermal heat flow in 
Antarctica 

Hu et al., 2021 [48] Artificial neural 
network 

Predict the hourly performance of 
the hybrid system based on an 
organic Rankine cycle 

Senturk et al., 2021 
[49] 

Artificial neural 
network 

Calculate energy efficiency and 
exergy efficiency of the geothermal 
energy powered Kalina cycle 

Shahdi et al., 2021 
[50] 

Random Forest Predict subsurface temperature and 
geothermal gradient of Northeastern 
United States 

Bourhis et al., 2021 
[51] 

Extreme Gradient 
Boosting 

Calculate the undisturbed ground 
temperature, the ground effective 
thermal conductivity and the 
borehole thermal resistance of 
central and western Switzerland 

He et al., 2022 [52] Support Vector 
Machine 

Predict geothermal heat flow in the 
Bohai Bay Basin in China 

Mehrenjani et al., 2022 
[53] 

Artificial neural 
network 

Predict hydrogen production, total 
cost rate and exergy efficiency based 
on geothermal energy of an organic 
Rankine cycle 

Pei et al., 2022 [54] Artificial neural 
network 

Predict the long-term performance 
of energy pile design of six typical 
thermal load distributions in China 

Yang et al., 2022 [55] Artificial neural 
network 

Predict reservoir temperature of 
Lindian geothermal field in China 

Xiao et al., 2022 [56] Artificial neural 
network 

Predict outlet temperature of 
abandoned exploitation wells 
geothermal power plants  
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generation. Besides, accuracy was generally selected as the only crite
rion for evaluating machine learning model performance in previous 
works, while other performance of a machine learning model, such as 
the stability to explore if a model has the problems of overfit or underfit, 
has not been considered. In addition, a fixed size of a dataset was used to 
train and test their machine learning models. The performance of a data- 
driven model relies on the sizes of datasets [40]. However, the available 
real field data varies from field to field. Therefore, it should investigate 
the model performance on different sizes of datasets to improve the 
application range of machine learning. Importantly, most of current 
EGSs has not been produced and there is no available real data that can 
describe the potential outcomes of different operational conditions 
under field variabilities. Therefore, machine learning engineer normally 
uses numerical simulation to collect data samples for training machine 
learning models. However, numerical simulation is a time-consuming 
method. Therefore, the exploration of model performance on different 
sizes of datasets can also help engineers save time in creating data 
samples by using numerical simulation, which has been ignored in 
previous research. 

This study proposed four data-driven models based on machine 
learning algorithms to predict the geothermal electricity production of 
the Qiabuqia geothermal field. The objective of this research is to 
determine the optimal choice from four kinds of machine learning al
gorithms by jointly considering their accuracy, stability and adaptability 
for accurately describing the complex relationships between various 
working parameters and geothermal energy production in order to 
substitute numerical models. Besides, two different sizes of datasets are 
used to evaluate their prediction performance to improve the applica
tion range of the proposed data-driven model. The results provide a 
profitable strategy for predicting geothermal electricity, and also pro
vide a valuable reference for the operators when applying machine 
learning in the geothermal industry, thereby facilitating the decision on 
an algorithm selection in different conditions. 

2. Methodology 

In this study, a hybrid numerical simulation and machine learning 
workflow is developed for predicting the production of an EGS in the 
Qiabuqia field. The Computer Modelling Group (CMG) STARS software 
is used to construct numerical models, which has been proven to provide 
high performance in the studies of geothermal reservoirs [57–63]. 

The numerical models are used to determine the input features and 
generate the data samples. First, a base numerical model is created to 
characterize the Qiabuqia geothermal field. In order to evaluate the 
reasonability of this base model, the reservoir properties and operating 
parameters are captured from the previous research [12], and the results 
of the average production temperature are compared. Subsequently, a 
sensitivity analysis is operated on six operating parameters to investi
gate their influence on geothermal electricity for determining the input 
features. Second, 2416 numerical models based on the base model are 
created by CMG CMOST. Different geothermal electricity values are 
calculated by randomly changing the values of input features within 
their excepted ranges. These ranges and data samples are filtered by the 
operational constraints in the Qiabuqia geothermal field. Finally, a se
ries of input features values and their corresponding calculated 
geothermal electricity values constitute two data groups. 

According to a nonlinear relationship between the input features and 
a target, four machine learning algorithms, including K-Nearest Neigh
bors (KNN), Support Vector Machine (SVM), Extreme Gradient Boosting 
(XGBoost) and Artificial neuron network (ANN), are utilized to construct 
different data-driven models. 

Before a model training, the generated data samples in each group 
are divided into two parts, including the training samples and the testing 
samples. Besides, a standardization method is utilized to eliminate a 
dimension difference between the input features, which can promote the 
model performance [64]. An evaluation matrix is then generated as the 

criterion for the model performance. 
During a training process, four kinds of base data-driven models are 

first developed. To investigate the stability of these models, the training 
samples are then split into a training set and a validation set through a K- 
fold cross-validation method. This method can fully utilize the training 
samples. Each training sample can be used in fitting and validating, 
which can provide a comprehensive consideration for the model per
formance [65,66]. In addition, hyperparameter tuning is operated to 
find the optimal models. Specifically, the value matrices of hyper
parameters are tested iteratively in the models until the performance in 
both the training and validation sets are all the best. 

Consequently, an evaluating process is developed. The resulting 
optimal models are tested by the testing samples. The result of each 
model on the testing samples represents its prediction accuracy. A dif
ference in model outcomes between the training and validation sets can 
infer its stability, and that between different groups can deduce its 
adaptability. Finally, the model performance is jointly analyzed by its 
prediction accuracy, stability and adaptability. Fig. 1 illustrates the 
flowchart in this study. 

3. Numerical models 

In this study, the CMG STARS software is used to create the nu
merical models and simulate the heat extraction process for the Qia
buqia EGS. This numerical simulator can estimate multi-dimensional 
fluid flow and heat transfer analyses in multi-phase, multi-component 
fluids in porous and fractured media [57,67]. Of which, the fluid flow 
and heat transfer in fractured porous media can be approximately 
simulated by the dual porosity approach in CMG STARS [68]. For a pure 
water-based geothermal system, CMG STARS has been proven to pro
vide accurate simulations [57,58,60,61,67,69]. Therefore, this simu
lator is highly suitable for this study. 

3.1. Model description 

A 3D model of the Qiabuqia geothermal field is customized as the 
base model to investigate its in-depth performance and geothermal 
production. The following reasonable assumptions are made to simplify 
the numerical model: (1) The reservoir is assumed to be water saturated 
at the initial state; (2) The chemical reactions in the reservoir are not 
considered; (3) The aperture of the hydraulic fractures is assumed not to 
change during the heat extraction; (4) The fracture storage effect is 
assumed to be low. 

The total volume of 2000 × 1000 × 3800 m is created with a number 
of 40 × 20 × 38 grid blocks. According to the HDR section in this field, 
the enhanced reservoir in this study is from 3200 m to 3700 m under
ground, and the grids of the enhanced reservoir are refined five times in 
the horizontal directions and three times in the vertical directions for 
accurate calculations. Three vertical wells are generated including one 
injection well (well GR1) located at the center and two production wells, 
which are shown in Fig. 2. The well spacing is 500 m each. According to 
the core analysis, the spacing of natural fractures is set to 10 m [11]. The 
setting of the reservoir properties in this model is shown in Table 2. 
Besides, five hydraulic fractures, with a half-length of 483 m, a height of 
100 m, a width of 3 mm and an average permeability of 36,000 mD, are 
developed in the HDR section (3200–3700 m). This stimulation opera
tion has been proven to be reasonable and can be beneficial in the 
productivity of the Qiabuqia geothermal field [12]. Other operating 
properties are the same as Lei et al.‘s model, where a steady stream of 
60 ◦C circulating water is injected into the reservoir at a rate of 30 kg/s 
and the production pressure is set to 37 MPa to obtain a stable pro
duction rate [12]. The geothermal productivity is calculated after a 
twenty-year operating cycle, which can represent the potential for the 
extraction of the Qiabuqia geothermal field [11,12,28]. The operational 
properties in this model can be found in Table 3. 

For boundary conditions, there are no fluid flow and heat transfer 
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Fig. 1. The flowchart in this study.  

Fig. 2. 3D base model for the Qiabuqia geothermal field.  
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conditions at the vertical faces, and fluid flow is not allowed at both the 
top and bottom boundaries. The temperature at the bottom of the model 
is set according to the temperature distribution of this field. At the top 
boundary, a heat loss model is used to govern heat losses from the top 
surface to the atmosphere. At initial conditions, the temperature and 
pressure distributions are assumed based on the logging data from well 
GR1, where the initial reservoir temperature is T = 25 − 0.057z (◦C)
and the initial reservoir pressure is p = 1.01× 105 − 10000z (Pa). 

The CMG STARS uses Newton’s method and an implicit time inte
grator to solve a problem of fluid flow and heat transfer in porous and 
fractured media at each time step. The convergence criterion for the 
solver is set equal to 1 × 10− 6 in order to constrain a mass balance error 
to less than 0.001% of the injected water into the target area. Besides, 
the grid block dimensions are halved in all directions in a grid refine
ment study, and results show that a less than 0.2% variance is achieved. 
Therefore, the original grid dimensions are considered to be sufficient in 
this study. 

3.2. Model evaluation 

Because the Qiabuqia geothermal field just started to be developed 
and has not been processed in producing, the real production data is not 
available. Therefore, the feasibility of our model is determined by 
comparing it with Lei’s model. The average production temperature of 
the production wells during a 20-year operating cycle is compared with 
the result of Lei et al.‘s model [12], which is shown in Fig. 3. The pa
rameters including reservoir properties and operating parameters in our 
model are set the same as in Lei et al.‘s model, except for the fracture 
properties. In Lei et al.‘s model, an average permeability of 100 mD was 
substituted for the five hydraulic fractures, which was computed by the 
permeability of the original granite and the hydraulic fractures. In our 
model, the five fractures are generated and the original reservoir 
permeability is unchanged. The result shows two stages in production 
temperature and geothermal electricity during an operating cycle, a 
stable stage and a declining stage, which is consistent with Lei et al.‘s 
result. The errors of production temperature and geothermal electricity 
between our model and their model are all only about 2%. Accordingly, 
our model is acceptable for predicting the development of the Qiabuqia 
geothermal field. 

3.3. Feature selection 

An accurate determination of the input features could highly 
improve the performance of a machine learning model [70]. In this 
study, a sensitivity analysis is operated on the base model and six 
operational parameters are tested in order to determine the input fea
tures. These factors include an injection rate and injection temperature 
of the circulating water, the number and half-length of hydraulic frac
tures, the well spacing and the production pressure. The parameters 
setting for the sensitivity analysis is shown in Table 4. The geothermal 
electricity generated in twenty years We(W) is calculated, and compared 
as the productivity, which can be expressed by Eq. (4) [71]: 

Table 2 
Reservoir properties.  

Parameter Value 

Granite density, ρ 2623 kg/m3 

Original porosity, φ 2.49 % 
Original permeability, k 0.26 md 
Granite heat conductivity, λ 3.0 W/ (m • ◦C) 
Granite specific heat, CR 980 J/ (kg • ◦C) 
Horizontal natural fracture spacing, Ln1 10 m 
Vertical natural fracture spacing, Ln2 10 m 
Initial pressure, p P = 1.01× 105 − 10000z (Pa)

Initial temperature, T T = 25 − 0.057z (◦C)  

Table 3 
Operational properties.  

Parameter Value 

Injection fluid temperature, Ti 60 ◦C 
Injection fluid rate, qi 30 kg/s 
Hydraulic fracture half-length, df 483 m 
Hydraulic fracture number, Nf 5 
Well spacing, Nf 500 m 
Operating cycle 20 years 
Production flow pressure, pout 37 MPa  

Fig. 3. Model Evaluation: (a) production temperature; (b) geothermal electricity.  

Table 4 
Parameters setting for the sensitivity analysis.  

Parameter Value 

Well spacing, (m) 200, 300, 400, 500, 600 
Injection rate, (kg /s) 30, 40, 50, 60, 70 
Injection temperature, (◦C) 40, 50, 60, 70, 80 
Hydraulic fracture half-length, (m) 50, 150, 250, 350, 450 
Hydraulic fracture number 1, 2, 3, 4, 5 
Production pressure, (MPa) 35, 36, 37, 38, 39  
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We = 0.45QΔH
(
1 − Trej

/
Tout
)

(4)  

where Q(kg /s) is a water production rate in the whole system, ΔH(J /kg)
is an enthalpy change between the injected enthalpy and produced 
enthalpy, Trej(K) is the rejection temperature that is set at 277.25 K due 
to the mean annual temperature in the Gonghe Basin in 275.55–277.25 
K [12], and Tout(K) is the average temperature of the production wells. 

The results of the sensitivity analysis are given in Fig. 4. This figure 
indicates that five parameters, the hydraulic fractures number, hy
draulic fractures half-length, injection rate, injection temperature, and 
well spacing, influence the generated geothermal electricity in different 

ways, while the effect of production pressure on geothermal electricity is 
insignificant. Higher geothermal electricity occurs in scenarios with a 
larger well spacing or a lower injection temperature. This is because a 
difference between the injection temperature and the production tem
perature of the circulating water is increased, leading to the enhance
ment of an enthalpy change between the injected enthalpy and produced 
enthalpy. A longer fracture half-length results in higher geothermal 
electricity since a bigger area with high conductivity is created in the 
formation. An optimal injection rate leads to the highest geothermal 
electricity because of a lower water production rate in the case of a lower 
injection rate, and the thermal breakthrough and a temperature drop in 

Fig. 4. Effects of operational parameters on geothermal production.  
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a higher injection rate system. This is also interpreted in fracture 
numbers. A case with more hydraulic fractures holds a faster flow rate 
which can provide higher production and thus the electricity production 
is higher. However, when the number of hydraulic fractures exceeds a 
critical value, a faster flow rate can encounter thermal breakthrough and 
the production water temperature can rapidly decline. Consequently, 
the difference between injection and production temperature is 
decreased and the resulting electricity production is lower. Therefore, 
the geothermal electricity increases with the fracture number from 1 to 3 
and then decreases with the fracture number from 3 to 5. The little in
fluence of the production pressure can be explained by that the relative 
pressure difference under a stable water injection rate will not change 
with different production pressure. Consequently, these parameters, 
except for the production pressure, are considered the input features for 
the subsequent data-driven models. 

3.4. Data generation 

Data samples are collected from simulation models under different 
configurations of input features. Before developing these numerical 
models, the ranges of input features should be determined. Two signif
icant criteria should be taken into consideration. The first criterion is 
that the injection pressure at the bottom of a well should be less than the 
minimum principal stress to prevent slippage from occurring [12], and 
the data points with the injection pressure higher than 60 MPa are hence 
removed since the minimum principal stress in the Qiabuqia geothermal 
field is 60–72 MPa [12]. The other criterion is that the low-temperature 
circulating water is undesirable as it may cause scaling and chemical 
deposition [12]. Therefore, the lowest injection temperature of the 
circulating water is set to 40 ◦C. Besides, the hydraulic fracture number 
is determined to be 5 at most due to the height of a hydraulic fracture 
(100 m) and the range of the EGS section in this field (3200–3700 m). 
The hydraulic fracture half-length is not larger than the well spacing. 
The data section ranges of these parameters are provided in Table 5. 

CMG CMOST software is responsible for collecting data samples by 
developing numerical models. The workflow of creating data samples is 
shown in Fig. 5. Specifically, based on the base numerical model (Fig. 2), 
CMOST randomly changes the values of five input features by giving the 
determined ranges and intervals of these five input features to create 
new numerical models, and meanwhile, new models are generated with 
different configurations of these five input features to represent various 
working schemes. Consequently, 2416 numerical models with 2416 
kinds of input features configurations are constructed and their corre
sponding geothermal electricity is calculated. Therefore, 2416 data 
samples are collected from these numerical models, where data sample 
are composed of different sets of input features values and their corre
sponding geothermal electricity values. 

In conclusion, two data groups, Group A with 1510 data points and 
Group B with 755 data points, are established to investigate the machine 
learning model performance on different sizes of datasets. In order to 
evaluate the generalized ability of data-driven models, data samples in 
each group are randomly split into two parts, with 80% training samples 
and 20% testing samples. The testing samples are isolated during a 
training process and can be treated as the new data for evaluation. Their 
distributions are shown in Table 6. 

4. Data-driven models 

4.1. Feature engineering 

The dimensions of the input features are crucial to the model per
formance. A feature with a high dimension is more likely to dominate 
predictions and decrease their precision [64]. The distributions of 
different input features in Groups A and B are shown in Fig. 6 and Fig. 7. 
Each group of the input features has quite different dimensions which 
vary from single digits up to hundreds. To eliminate the dimensions 
variance, a standardization process is implemented in the data samples 
of each group. This method standardizes the input features of training 
samples by calculating the mean and standard deviation values of the 
feature variables to center them at 0 and scale 1 [72]. The calculated 
mean and standard deviation values are stored to be used for trans
forming the testing samples. The standardization can be written in Eq. 
(5) [72]: 

x∗ =
x − μ

σ (5)  

where x is the value of a data variable; μ is its mean; σ is its standard 
deviation. 

4.2. Machine learning algorithms 

For a regression problem, there are different kinds of machine 
learning algorithms that can be applied (e.g., linear algorithms, K- 
Nearest Neighbors (KNN), Supper Vector Machine (SVM), Tree-based 
algorithms and Neural Networks). Generally, these algorithms perform 
different prediction performance in solving a same problem since 
different principles are performed. Therefore, the optimal algorithm 
selection is important for the operators to apply machine learning in 
predicting geothermal production. Based on our experiments, linear 
algorithms are hard to study the complex relationships between various 
operational parameters and geothermal production and cannot 
demonstrate an accurate prediction eventually. Therefore, we didn’t 
select linear algorithms in this study. In addition, different tree-based 
algorithms performed similarly in predicting geothermal electricity. 
Thus, we selected Extreme Gradient Boosting (XGBoost) due to its best 
estimation performance among all the tree-based algorithms. Conse
quently, four different kinds of machine learning algorithms are oper
ated to predict geothermal production in this work, including K-Nearest 
Neighbors (KNN), Supper Vector Machine (SVM), Extreme Gradient 
Boosting (XGBoost) and Artifical Neural Networks. 

4.2.1. K-nearest neighbors (KNN) 
K-Nearest Neighbors (KNN) is one of the instance-based learning 

algorithms, and is known as a nonparametric method [73]. The 
“nonparametric” word means that this method completely relies on data 
and its internal structure instead of parameters fitting [74]. In a training 
process, a distance function is used to determine a group of K samples 
that are nearest to a selected sample and minimizes the error between 
them. A choice of K is critical for the model performance and an opti
mum K value should be selected from a group of K values. Weights ac
cording to the distance between the selected sample and its neighbors 
can be also developed to improve the performance. A generalized dis
tance function is the Minkowski distance, which is written in Eq. (6) 
[75]: 

dp(x1, x2)=

(
∑N

j=1

⃒
⃒
⃒x(j)1 − x(j)2

⃒
⃒
⃒

p
)1

p

(6)  

where x1 and x2 are data points in a dataset X = {x1,x2,…,xn},xi ∈ RN; 
when p = 1, dp represents the Manhattan distance; when p = 2, dp 

represents the classical Euclidean distance. 

Table 5 
Statistic values of the operational parameters.   

Min Value Max Value Interval 

Injection rate/qi, (kg /s) 20 100 2 
Injection temperature/Ti, (◦C) 40 80 2 
Hydraulic fracture half-length/df , (m) 50 600 50 
Hydraulic fracture number/Nf 1 5 1 
Well spacing/D, (m) 200 600 50  
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4.2.2. Support Vector Machine (SVM) 
Support Vector Machine (SVM) is one of the supervised learning 

algorithms, and support vector regression (SVR) based on SVM features 
is developed by Drucker in 1997 for regression analysis [76]. In SVR, 
linear regression is formulated according to high-dimensional input 
data, which can represent a nonlinear relationship between the inputs 
and the outputs [77]. This linear regression function can be written in 
Eq. (7) [78,79]: 

f (x)=ωT g(x) + b (7)  

where f(x) is the predicted output; g(x) represents the nonlinear rela
tionship between the inputs and outputs; ω and b are two adjustable 
parameters. 

The prediction performance of SVR is measured by a loss function, 
and Vapnik’s ε-insensitive loss function is used [80]. It can consider the 
maximum variance between predictions and actual values, which can be 
written in Eqs. (8) and (9) [78,79]: 

minω,b,ε
1
2

ωT ω + C
∑M

i=1

(
εi + ε∗i

)
(8)  

subject to

⎧
⎪⎪⎨

⎪⎪⎩

yi − f (xi) ≤ ε + ε∗i
f (xi) − yi ≤ ε + εi

εi, ε∗i ≥ 0, i = 1,…,M
(9)  

where C and ε are two positive parameters that are defined by the user; εi 
and ε∗i are used to consider soft margins when all data points cannot be 
mapped through a specific margin. 

4.2.3. Extreme Gradient Boosting (XGBoost) 
Extreme Gradient Boosting (XGBoost) is an ensemble learning al

gorithm, which is based on the Gradient Boosting Decision Tree (GBDT) 
algorithm [81,82]. This algorithm trains data samples through a set of 
“weak” learners and a “strong” learner to minimize an objection func
tion. During a training process, a “weak” learner is added to a decision 
tree iteratively for higher accuracy [83], and the results of each tree are 
accumulated according to weights and a residual, which can be written 
in Eqs. (10) and (11) [84]. Specifically, the modified weights and the 
residual of the previous trees are transformed into a new tree for training 
until a reasonable result is obtained [84]. 

ŷi
t
=φ(xi)=

∑t

k=1
fk(xi)= ŷi

t− 1
+ ft(xi), fkεF (10)  

with 

F =
{

f (x)=ωq(x)
}
,
(
q : Rm → T,ωεRT) (11)  

where ŷi
t is a predicted value of a model; fk is an output value of an 

independent tree; F is the space of an independent tree; q is the structure 
of a tree; T is the number of leaf nodes of a tree; ω is a weight of a leaf 
node, and each fk corresponds to q and ω.. 

Compared with GBDT, XGBoost can reduce the overfitting due to the 
application of a regularization term in an objection function, which can 
be written in Eqs. (12) and (13) [84]: 

Lt =
∑n

i
l(yi, ŷi

t
)+

∑t

k
Ω(fk) (12)  

Ω(fk)= γT +
1
2

λ‖ω‖2 (13)  

where l is a loss function used to calculate the difference between the 
actual target value yi and the model output ŷi

t; Ω(fk) is the regulariza
tion term; γ is the minimum loss reduction; λ is a penalty coefficient. 

In addition, XGBoost can improve the modification performance of 
the gradient algorithm because it uses the second partial derivative of 
the loss function while other gradient boosting algorithms essentially 
use the partial derivative. Therefore, Eq. (12) can be changed to Eq. (14) 
[84]: 

Lt =
∑n

i

[

l
(
yi, ŷi

t− 1)
+

gi

1!
ft(xi)+

hi

2!
ft(xi)

2
]

+Ω(ft) + constant (14)  

where gi = ∂̂ŷi
t− 1 l(yi, ŷi

t
) and hi = ∂̂

2
ŷi

t− 1 l(yi, ŷi
t
). 

4.2.4. Artificial Neural Network (ANN) 
An Artificial Neural Network (ANN) is a computational structure 

inspired by biological neural networks [85]. In an ANN model, its 
neurons connect an input layer to an output layer [86]. A structure of the 
neurons and the connections between the neurons and different layers 
are critical for the operation of an ANN [74]. A basic neuron unit is 
connected with the input layer through n input channels, and each of the 
input features is characterized by a corresponding weight Wi, which is 
shown in Fig. 8. When an input is transformed into the neurons, they are 
calculated by their weights and an optional bias (b), and the result will 
be summed. The final output is produced after the summed result is 
filtered by an activation function fa. 

According to the number and arrangement of neurons, an ANN 
model can be divided into Single Layer Perception (SLP) and Multilayer 
Perception (MLP) [87]. The structure of MLP with a single hidden layer 
shows in Fig. 9. In the MLP, the results obtained from the input layer are 
not the final output. They are treated as another input data and split by 
the corresponding weight (h2

jk) into the next layer for calculations until 
the operation completes in the final output layer. The flow proceeding 
from the first layer to the output layer in the same direction is called a 

Fig. 5. Workflow of simulation models generation and data collection.  

Table 6 
Distribution of data points in different groups.  

Group Data number Training samples number Testing samples number 

A 1510 1208 302 
B 755 604 151  
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feed-forward process [73]. 
The purpose of an ANN is to minimize the error between predicted 

outputs and actual targets. To achieve it, another flow called Back- 
propagation (BP) process is operated when a feed-forward process fin
ishes. BP is a gradient-based minimization process that takes a step from 
the output layer to the input layer [88]. During a BP process, weights are 
changed by a small amount from the output layer and are used for 
calculating the weights of previous layers [89,90]. After the weights 
update to the input layer, another feed-forward process will operate 
until the minimum overall error is reached. 

4.3. Evaluation matrix 

To evaluate the performance of data-driven models, three statistical 
indicators are utilized for optimal configuration. There are a root mean 
squared error (RMSE), a mean absolute error (MAE) and a coefficient of 
determination (R2). RMSE and MAE can describe a variance between 
predictions and true target values. The absolute error is estimated by 
MAE while the error is magnified by RMSE since a square function is 

applied. R2 can indicate the fit accuracy and measure the prediction 
performance through the proportion of an explained variance, which 
varies from 0 to 1. A model with a higher R2 value and lower RMSE and 
MAE values symbolizes better performance. RMSE, MAE and R2 are 
written in Eqs. 15–17 [74]: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(15)  

MAE=
1
n

∑n

i=1
|yi − ŷi | (16)  

R2 = 1 −

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − yi)

2
(17)  

where yi is the prediction of a sample; ŷi is the corresponding actual 
value; yi is the mean of the actual value of a target; n is the number of the 

Fig. 6. Distributions of the input features values in Group A.  
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samples. 

4.4. Model design and tuning 

Before the construction of machine learning models, the hyper

Fig. 7. Distributions of the input features values in Group B.  

Fig. 8. Structure of a neuron.  

Fig. 9. Structure of an MLP with one hidden layer.  
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parameters that dominate the model performance should be deter
mined. Previous studies showed that the performance of a KNN model 
can be influenced by several hyperparameters including a number of 
neighbors (N), weights and the algorithm [91–93]. The algorithm is to 
determine the method of computing the nearest neighbors where ‘uni
form’ means that each neighbor is weighted equally and ‘distance’ means 
that the points are weighted by the inverse of their distance [94]. The 
performance of the SVM is affected by parameter C, epsilon and gamma 
[95–98]. There are two options in gamma. It is calculated by 1/ (no.
features) under ‘auto’ and equal to 1/(no. features×variance of samples)
under ‘scale’ [94]. For an XGBoost model, a learning rate (LR), the 
maximum tree depth (MTD) that constrains the complexity of the model, 
the regularization term alpha, and the number of estimators (NE) can 
highly affect its accuracy [34,65,95,99–101]. Besides, parameters sub
sample and colsample_bytree (CST) can be utilized to prevent overfitting 
[34,101]. For an ANN model, a value of 1500 is used for the maximum 
iteration number to save simulation time. The ‘ReLU’ function is selected 
as the activation function and the ‘LBFGS’ is determined as the optimizer 
algorithm. ‘LBFGS’ is an optimizer based on Quasi-Newton methods. 
This method can provide faster calculations and has been proven a 
successful method in optimization [102–104]. The performance of an 
ANN model is affected by a learning rate and the structure of hidden 
layers [105–107]. The learning rate is scheduled for the weights updates 
and its value is set in a range from 0.0001 to 1 in 10 times intervals. The 
structure of a hidden layer contains a number of hidden layers and 
neurons in each layer. It is operated from simple hidden layers to 
complex hidden layers. For example, the hidden layer (4) represents one 
hidden layer with 4 units, and the hidden layer (4, 8, 4) means three 
hidden layers with 4, 8 and 4 units in each layer separately. Therefore, 
these hyperparameters are optimized for determining an optimal model. 
The details of hyperparameters and their ranges are summarized in 
Table 7. 

After determining the sensitive hyperparameters, four base data- 
driven models based on the KNN, SVM, XGBoost and ANN are devel
oped by giving the default values of these hyperparameters. Subse
quently, a K-fold cross-validation method and a grid search method are 
used to determine the optimal hyperparameter configurations of these 
data-driven models. The K-fold cross-validation method is operated on 
training samples to fully utilize their data points and split them into a 
training set and a validation set. The grid search method is to generate 
different models by changing the hyperparameter values within their 
corresponding range iterately for training data sampels in the training 
set, and the model with the best performance in the validating set can be 
determined as the optimal data-driven model. The workflow of the 
model tuning is shown in Fig. 10. 

5. Results and discussion 

In this study, four kinds of data-driven models based on KNN, SVM, 
XGBoost and ANN are conducted to predict the geothermal electricity 
generated in twenty years of the Qiabuqia field. The input features, 
containing the injection rate and the injection temperature of the 
circulating water, the number and half-length of the hydraulic fractures 
and the well spacing, are determined by the sensitivity analysis in the 
base numerical model. The data samples are collected through a group 
of numerical models. To comprehensively investigate the model per
formance from the prediction accuracy, stability and adaptability, the 
data samples are assigned to two data groups with 1510 data points and 
775 data points separately, and the data points in each group are divided 
into a training set, a validation set and a testing set. The values of three 
statistical indicators for all the models are given in Table 8 for both sets 
and groups. 

5.1. The model comparison on the training samples 

The training samples of each group are divided into a training set and 

a validation set. A model with the optimal hyperparameters settings 
represents that the model performances in both sets are the best. For 
different data groups, parameters C, epsilon and gamma in the optimal 
SVM models are the same, which are 5e6, ‘auto’ and 1, respectively. In 
the KNN models, the best weights are set to ‘distance’ and the ‘ball-tree’ 
algorithm is used in both groups, while N is 6 for Group A and 5 for 
Group B. For the XGBoost, five parameters are set to have the same 
values in different groups, including N with a value of 1,000, MDT with 
4, LR with 0.05, subsamples with 0.3 and CST with 0.8, while alpha is 
0.01 and 0.2 in Groups A and B separately. For the ANN models, a 
learning rate of 0.0001 and a total of 22 neurons in hidden layers present 
the best performance, while the structure of a hidden layer in Group A 
has three layers with 10, 6 and 6 neurons and three layers with 10, 10 
and 2 neurons in Group B, respectively. The details of optimized 
hyperparameters are shown in Table 7. 

Figs. 11–13 depict the results of R2, MAE and RMSE for the models of 
the training set and validation set in different groups. The KNN models 
demonstrate the worst prediction performance, since their R2, MAE and 
RMSE values in the validation sets of all the groups are the worst 

Table 7 
Hyperparameters setting of KNN, SVM and XGBoost models [94].  

Hyperparameter Description Range Optimizd value    

Group A Group B 
KNN 
N The number of 

neighbors 
1, 2, 3, 4, 5, 6, 
7, 8, 9, 10 

6 5 

weights The approach to 
evaluate the 
distance of the 
neighbors 

‘uniform’, 
‘distance’ 

‘distance’ ‘distance’ 

algorithm The method to 
compute the 
nearest neighbors 

‘ball_tree’, 
‘kd_tree’ 

‘ball_tree’ ‘ball_tree’ 

SVM 
C The regularization 

parameter and the 
strength of the 
regularization is 
inversely 
proportional to C 

5, 5e2, 5e3, 
5e4, 5e5, 5e6 

5e6 5e6 

gamma The kernel 
coefficient 

‘scale’, ‘auto’ ‘auto’ ‘auto’ 

epsilon The penalty for the 
bad predictions 

0.001, 0.005, 
0.01, 0.05, 
0.1, 0.5, 1 

1 1 

XGBoost 
NE The number of the 

gradient boosted 
trees 

200, 400, 600, 
800, 1000 

1000 1000 

MTD The maximum 
depth for base 
learners 

2, 3, 4, 5, 6, 7, 
8, 9, 10 

4 4 

LR The step size in 
updates 

0.01, 0.05, 
0.1, 0.15, 0.2 

0.05 0.05 

subsample The subsample 
ratio of the training 
instances 

0.3, 0.4, 0.5, 
0.6, 0.7, 0.8 

0.3 0.3 

CST The subsample 
ratio of columns for 
each tree 

0.6, 0.7, 
0.8,0.9 

0.8 0.8 

alpha The L1 
regularization term 
on weights 

0, 0.01, 0.05, 
0.1, 0.15, 0.2 

0.01 0.2 

ANN 
learning rate The step size in 

updates 
0.0001, 
0.001, 0.01, 
0.1, 1 

0.0001 0.0001 

hidden layers The number of 
hidden layers and 
units of each layer 

(4), (8), …, (4, 
4), (4, 8) …, 
(4, 4, 4), (4, 8, 
4) … (10, 10, 
10) 

(10, 6, 6) (10, 10, 
2)  
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although those values are the best in a training set. Compared with the 
SVM and ANN models, the XGBoost models demonstrate a better per
formance in the training sets of both groups with a higher R2 and lower 
MAE and RMSE. However, these indicators are worse in the validation 
sets. Therefore, the performance of SVM and ANN are better than the 
XGBoost. The SVM and ANN models show similar performance in Group 
A. Specifically, they provide the same R2 values of 0.998 in both the 
training and validation sets. Besides, their RMSE values are similar 
where the SVM model holds 60,796 W in the training set and 77,896 W 
in the validation set while the ANN model holds 68,684 W and 77,528 W 
separately. In Group B, the ANN performs better than the SVM, although 
their R2 values are similar and the MAE values of the SVM are lower than 
the ANN in both sets. It is because the ANN model shows a much greater 
extent lower RMSE values than the SVM model. 

On the other hand, the performance variance between the training 

set and validating set can show the stability of a machine learning model 
to investigate if an overfit or underfit problem happens. From the re
sults, the contrasts of average increases in MAE and RMSE between the 
training sets and the validation sets of the two groups reveal that the 
ANN algorithm is the most stable. Specifically, an average of 25.6% 
increase in MAE and 18.5% increase in RMSE are the minimum among 
the algorithms studied, followed by the SVM (48.1% in MAE and 32.0% 
in RMSE), the XGBoost (73.6% in MAE and 76.7% in RMSE) and the KNN 
(100% in MAE and RMSE). It can also infer that the overfitting problem 
occurs in the KNN model and the stability is bad in the XGBoost model. 
However, it cannot be determined that the overfitting appears in the 
XGBoost model since a higher than 0.996 R2 is calculated in both groups. 
Generally, the stability of different models can be ranked as: ANN >
SVM > XGBoost > KNN. 

Fig. 10. Workflow of the model tuning.  

Table 8 
Statistical indicators values of data-driven models for predicting geothermal electricity in different data sets and different data groups.  

Model Training set Validation set Testing set 

R2 MAE(W) RMSE(W) R2 MAE(W) RMSE(W) R2 MAE(W) RMSE(W)

Group A 
KNN 1 0 0 0.964 379,967 496,005 0.965 373,695 496,128 
XGBoost 0.999 23,338 29,697 0.998 66,959 99,291 0.997 73,982 97,871 
SVM 0.998 26,041 60,796 0.998 43,039 77,896 0.998 43,747 71,445 
ANN 0.998 50,989 68,684 0.998 56,748 77,528 0.998 56,029 75,079 
Group B 
KNN 1 0 0 0.944 472,766 605,408 0.948 479,207 629,523 
XGBoost 0.999 17,737 22,470 0.996 98,595 134,392 0.996 95,481 128,228 
SVM 0.998 34,318 74,865 0.997 79,236 128,902 0.996 83,921 145,890 
ANN 0.998 48,178 63,803 0.998 64,726 85,626 0.998 62,089 86,175  

Fig. 11. R2 values of different models on the training samples in different data groups (a) Group A with 1510 data points and (b) Group B with 755 data points.  
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5.2. The model comparisons on the testing samples 

The results of three statistical indicators on the testing samples and 
the scatter diagrams of the predicted values and true target values in 
different groups are shown in Figs. 14 and 15. The dot properties in these 
figures are designed according to the errors between the predictions and 
true targets. Specifically, the size of each scatter increases and the color 
deepens with the enlargement of the corresponding error. Therefore, the 
dots with smaller sizes and lighter colors represent better performance 
in their corresponding models and vice versa. 

For Group A, the SVM and ANN models are better in prediction ac
curacy than the XGBoost and KNN models due to their smaller MAE and 
RMSE values. Compared with the SVM model, the ANN model is com
parable but has slightly weaker overall performance according to its 
higher RMSE and MAE (ANN: MAE = 56,029 W, RMSE = 75,079 W; 
SVM: MAE = 43,747 W, RMSE = 71,445 W). However, the predicted 
value with a high variance is less likely to occur in the ANN model. It is 
concluded from the scatter plots. There are fewer large dots exhibited in 
the ANN model but more can be observed in the SVM model. This also 
explains that the variance between the MAE and RMSE in the SVM model 
is larger than that in the ANN model. The relatively large errors of these 
outliers increase RMSE through the error square function. Therefore, it 
can be deduced that the most of predictions of the SVM model are close 
to the true targets but some prediction outliers are unavoidable. 

According to the scores of the statistical indicators and the scatter plots, 
the generalization ability in Group A can be ranked as: SVM ≥ ANN >
XGBoost > KNN. 

For Group B, the ANN has the best generalization ability according to 
the lowest MAE and RMSE and the highest R2. Besides, the number of 
deep-coloured and big-sized dots in the ANN plot is the least. On the 
other hand, the KNN is the opposite. The predictive ability of the SVM 
and XGBoost models is comparable due to the same R2 values and 
similar MAE and RMSE values. However, some larger dots are illustrated 
in the SVM plot compared to the XGBoost plot, demonstrating that the 
prediction outliers of the former are worse. Therefore, the generalization 
ability in Group B can be ranked as: ANN > XGBoost ≥ SVM > KNN. 

Comparing the performance in different groups, the adaptability of a 
machine learning model can be determined. In the results, all the models 
produce a better predictive ability when the data amounts increase. The 
variances in MAE and RMSE between different data groups can prove 
that the ANN has better adaptability than other algorithms. In the ANN, 
the variance in MAE is 9.8% and that in RMSE is 12.9%, while they are 
47.9% and 51.0% in the SVM, 22.5% and 23.7% in the XGBoost, and 
22.0% and 21.2% in the KNN, respectively. Therefore, the adaptability 
can be ranked as: ANN > KNN > XGBoost > SVM. 

Previous studies chose a machine learning algorithm to predict 
geothermal development but did not demonstrate the reason for its se
lection [52–56]. In this study, by combining the ranks of prediction 

Fig. 12. MAE values of different models on the training samples in different data groups (a) Group A with 1510 data points and (b) Group B with 755 data points.  

Fig. 13. RMSE values of different models on the training samples in different data groups (a) Group A with 1510 data points and (b) Group B with 755 data points.  
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ability, stability and adaptability, the ANN algorithm is the best choice 
for predicting geothermal electricity due to its best predictive ability 
from the highest R2 value of 0.998, the best stability from the minimum 
performance variance between different sets, and the best adaptability 
from the comparison between various groups. Importantly, the time to 
predict over 150 data points by the ANN algorithm is less than 20s, 
which is around 54,000s by numerical simulation, illustrating the 
enormous time-saving in prediction efficiency. Therefore, the proposed 
ANN model shows the high potential for substituting numerical simu
lation to accurately simulate the in-depth performance of a geothermal 
system, and show its feasibility to facilitate its optimization develop
ment for generating a sustainable and economical geothermal system. 

6. Conclusions 

This paper presents an application of data-driven models that 
combine numerical simulations and machine learning algorithms for 
estimating geothermal electricity in the Qiabuqia field in China. The 
numerical simulations determine the input features and generate data 
samples. This is followed by the comparisons of four different models (i. 
e., KNN, SVM, XGBoost and ANN) in three data sets (i.e., training, 

validation and testing sets) and two data groups (i.e., Group A with 1510 
data samples and Group B with 755 data samples). 

The results of numerical simulations show that the injection rate and 
temperature of the circulating water, the number and half-length of 
fractures, and the well spacing affect the geothermal electricity and are 
selected as the input features for data-driven models, while the pro
duction pressure has little impact on production. In the data-driven 
models studied, the rank of prediction accuracy in Group A is SVM ≥
ANN > XGBoost > KNN, and that in Group B is: ANN > XGBoost ≥ SVM 
> KNN. The stability is ranked as ANN > SVM > XGBoost > KNN, and 
the adaptability is ranked as ANN > KNN > XGBoost > SVM. Therefore, 
the KNN is impracticable in predicting geothermal development due to 
the occurrence of overfitting. The XGBoost and SVM are not highly 
acceptable since they present undesirable stability and adaptability 
separately. The ANN is highly recommended in predicting geothermal 
development because it provides the best stability with the minimum 
performance variance between a training set and a validating set. Be
sides, it demonstrates the slightest variance between different sizes of 
data groups with a promising predictive accuracy, where the R2 values 
are all 0.998. Importantly, the ANN-based data-driven model also 
significantly improves the efficiency of prediction. Less than 20 s of 

Fig. 14. Generalization ability of different models in Group A (1510 data points) (a) the KNN model, (b) the XGBoost model, (c) the SVM model, and (d) the 
ANN model. 
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simulation time requires 2700 times less compared to the numerical 
simulation method which takes about 54,000 s. 

The results provide a valuable reference for machine learning ap
plications of studying geothermal systems and can be effectively applied 
in other renewable energy systems, which can facilitate the prediction of 
their development. Besides, the proposed data-driven method can be 
directly used to optimize an energy system or conduct economic anal
ysis, and the optimization of the Qiabuqia geothermal field based on the 
generated data-driven models can be considered in future research. 
Although the proposed data-driven method shows great advantages and 
potential, it could be further improved by considering more reservoir 
properties for the input features to enhance its application range. Be
sides, if the Qiabuqia geothermal field starts to produce and the actual 
production field is available, we will further evaluate and improve the 
proposed model. In addition, our model is based on one geothermal 
field, if the field data of other geothermal fields can be utilized, we 
believe that our model can be improved and accurately apply in pre
dicting geothermal production of various fields. 
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