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RESULTS 
A single-well temperature time series model was established using data from a group of geothermal injection wells in Xianyang, Shaanxi (YGSY1 and YGSY2). YGSY2 
serves as the reinjection well for the production well YGSY1. Daily variation data of the pumping flow rate of YGSY1, and the injection water temperature and flow rate of 
YGSY2, were selected as multiple input features for the model, with the water temperature of YGSY1 as the target. The data were split using a sequential partitioning 
method, with observation data from 2020 used for model training. To ensure the continuity of the time series, it was assumed that the water temperature was 0 during 
the non-heating season.  
A multivariate time series model was established using the LSTM neural network algorithm to simulate the temporal variation of the water temperature of YGSY1. Con-
sidering various evaluation indicators, the model parameters were optimized and adjusted using grid search and cross-validation; the main parameters optimized in-
cluded time step, network layers, hidden layer neurons, learning rate, and number of iterations. The preferred results for each model parameter are shown in Table 1.  

Since the test water data from multiple wells in the area was used, this simulates the problem of the spatial temperature distribution across multiple wells, without con-
sidering temperature changes over time. The XGBoost model was used to build the prediction model (Figure 2). Based on various evaluation metrics, grid search and 
cross-validation methods were adopted to optimize and tune the model parameters.  

 

 

 

 

 

 

 

 

 

 

 

 

INTRODUCTION  
Geothermal resources, as a form of renewable energy, have significant potential for sustaina-
ble development. Nevertheless, China's attention to the exploration and utilization of geother-
mal resources has been relatively low, with insufficient investment, resulting in a relative scar-
city of basic data on geothermal resources and insufficient detail in existing information on re-
source distribution. Moreover, considering that the development of geothermal resources in 
China began in the early 1970s, the history of development is relatively short and is con-
strained by geographic and geological conditions, leading to limitations in current technologi-
cal methods and basic data. Oil well-associated geothermal resources are abundant, and ge-
othermal development strategies can draw on traditional oil and gas development models. It 
is worth noting that with the rapid advancement of big data and artificial intelligence technolo-
gies, these technologies have shown broad application prospects in addressing complex non-
linear problems. At present, machine learning technologies have already begun to be explored 
in fields such as oil and gas resource development and production forecasting, indicating the 
potential for innovative progress in the development of geothermal resources.  

METHODS 
In the current field of machine learning, ensemble learning algorithms have become a main-
stream approach for solving problems such as classification and regression. The basic idea of 
this method is to complete a specific learning task by combining multiple learners, a strategy 
that generally achieves better performance than a single learner. Ensemble learning algo-
rithms can be roughly divided into three types: Bagging, Boosting, and Stacking. Among them, 
this paper primarily applies the first two methods.  
The LSTM neural network is a special variant of the RNN, proposed by Hochreiter & Schmidhu-
ber in 1997 and recently improved and popularized by Alex Graves . LSTM units can selectively 
add or forget information through forget gates, input gates, and output gates, with each LSTM 
unit's input at a given moment including the previous moment's cell state, hidden state, and 
the current input. The LSTM was designed to address the long-term dependency problem and 
has successfully overcome the shortcomings of traditional RNNs, becoming the most popular 
form of RNN today.  

DISCUSSION  
The analysis results indicate that 9 out of the 18 key features have high importance, with the 
primary factor being the temperature at the start of water production with a large drawdown. 
Drilling depth and the depth of the water intake section are the second and third most im-
portant influencing features. This finding aligns with the basic understanding of hydrogeology, 
as well water temperature is directly related to well depth and the location of water extraction. 
The average SHAP value of the static water level is only 0.0006, indicating that it has almost no 
effect on well water temperature. In addition, latitude has also been shown to be a driving fac-
tor of geothermal water temperature in the Xianyang area, as it relates to the distance from 
production wells to the east-west Weibei Fault Zone, thereby affecting the temperature of geo-
thermal well water.  

CONCLUSION 
(1) The LSTM neural network model can accurately simulate the time series of geothermal pro-
duction well water temperature under multivariate features, with both training and testing set 
accuracies exceeding 95%. Based on this, it is possible to predict future water temperature 
changes under this production and injection condition.  
(2) When 18 features such as longitude, latitude, elevation, total drilling depth, flow rate, and 
static water level are selected to simulate and calculate the mid-depth water temperature 
during test water operations, both the random forest model and the XGBoost model achieve 
prediction accuracies above 95%, with the XGBoost model performing better.  
(3) Feature importance analysis indicates that the test water mid-depth temperature is the pri-
mary factor affecting the mid-depth water output temperature. Additionally, total drilling 
depth and production interval depth play important roles in the water output temperature, 
while the output temperature is almost unrelated to the static water level. In summary, alt-
hough limited by the sample data size, selecting an appropriate machine learning model can 
meet the prediction accuracy requirements for geothermal well production interval tempera-
ture, providing data reference for geothermal resource development and drilling.  
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Parameter Value Result 

seq_length 5, 10, 20, 40 5 

num_layers 1, 2 1 

hidden-size 128, 256 128 

learning rate 0.01, 0.005, 0.001 0.001 

Epochs 50, 100, 200 200 

Figure 1. Comparison of groundwater temperature simulation 
results and observation results in well YGSY1 

Table 1.  Table 1 LSTM model parameter optimization results 

Figure 2 Comparison between the simulation results of geothermal well groundwater temperature and the 
observation results (XGBoost Model) 


