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Abstract 

Geothermal scientists have used bottom hole temperature data from extensive oil and gas well 

datasets to generate heat flow and temperature-at-depth maps to locate potential geothermally 

active regions. Considering that there are some uncertainties and simplifying assumptions 

associated with the current state of physics-based models, in this study, the applicability of several 

machine learning models is evaluated for predicting temperature-at-depth and geothermal gradient 

parameters. Through our exploratory analysis, it is found that XGBoost results in the highest 

accuracy for subsurface temperature prediction with average mean-absolute-error and root-mean-

square-error of 3.19[°C] and 4.94[°C], respectively. Furthermore, we apply our model to regions 

around the sites to provide 2D continuous temperature maps at three different depths using 

XGBoost model, which can be used to locate prospective geothermally active regions. We also 

validate the proposed XGBoost and DNN models using an extra dataset containing measured 

temperature data along the depth for fifty-eight wells in the state of West Virginia. Accuracy 

measures show that machine learning models are highly comparable to the physics-based model 

and can even outperform the thermal conductivity model. Also, a geothermal gradient map is 

derived for the whole region by fitting linear regression to the XGBoost predicted temperatures 

along the depth. Finally, thorough our analysis, the most favorable geological locations are 

suggested for potential future geothermal developments. 



Introduction 

Bottom hole temperature (BHT) measurements have largely been used for mapping subsurface 

temperatures for geothermal resource analysis across the United States (Blackwell and Richards, 

2010; Frone and Blackwell, 2010; Stutz et al., 2012; Tester et al., 2006). BHT data are 

predominantly provided by oil and gas wells, where maximum temperature is usually reported at 

the final drilled depth. In 2011, Blackswell et al. (Blackwell and Richards, 2010) incorporated 

BHT data in northeastern United States with stratigraphic information (Childs, 1985), and used a 

simple thermal conductivity model to generate surface heat flux and temperature-at-depth maps. 

Jordan et al. (Jordan, T.E., 2016), conducted a thorough analysis to explore the associated risks 

and potentials of prospective geothermal resources in New York, Pennsylvania and West Virginia 

States. Even though most geothermally active regions are located in the west of United States (near 

Earth’s tectonic plate boundaries), Jordan et al. (Jordan, T.E., 2016) showed that the stored energy 

in the low-temperature geothermal regions in the northeast could be utilized for many direct-use 

applications. Even though Snyder et al. (Snyder et al., 2017) illustrated that myriad industrial and 

residential direct-use applications of geothermal energy could result in reduction of electricity 

consumption, there are not many geothermal sites in northeastern states due to a high financial 

risk. Heat flux and temperature-at-depth are two most important geothermal parameters, which 

have extensively been investigated through physics-based models.   

In  the previous geothermal studies, the generalized thermal conductivity model has been adopted 

to compute the heat flow associated with BHT data points (Blackwell and Richards, 2010; Frone 

and Blackwell, 2010; Jordan, T.E., 2016; Jordan, 2015; Stutz et al., 2012; Tester et al., 2006). 

Initially, the measured bottom hole temperature is corrected (through various available 

correlations(Deming, 1989)) and, then, is used to calculate the temperature gradient through the 

following relation:  

 (𝑑𝑇𝑑𝑧) = 𝐵𝐻𝑇 − 𝑇𝑠𝑢𝑟𝑓𝑧  
(1) 

Next, the geological formation thickness and thermal conductivity values are interpolated at the 

point’s latitude and longitude mainly from the data reported in Correlation of Stratigraphic Units 

of North America (COSUNA)(Childs, 1985). Then, average thermal conductivity is calculated 

between surface and well’s depth(Stutz et al., 2012). Finally, the heat flux is calculated through 

the following equation: 



 𝑄𝑠 = �̅� (𝑑𝑇𝑑𝑧) 
(2) 

Obviously, the above formula is oversimplified and only represents the main theoretical 

framework of the physics-based model, which is used in geothermal energy studies. Despite 

physics-based model’s long-time applicability, they all have some underlying assumptions that 

could result in uncertainties and, therefore, inaccurate predictions. Some of the assumptions are 

explained by Stutz et al.(Stutz et al., 2012) and Blackwell et al.(Blackwell and Richards, 2010) In 

particular, there is no easy-to-use method to independently measure the heat flux parameter; it is 

only approximated through the thermal conductivity model using the BHT data as shown in 

Equation (2).  

In addition to the geothermal energy industry, subsurface temperature is an extremely important 

parameter in oil and gas industry (Bassam et al., 2010; Forrest et al., 2005; Khan and Raza, 1986; 

P.L. Moses (Core Laboratories Inc.), 1961). Characteristics of hydrocarbons are greatly dependent 

on the temperature and they require to be approximated to be used in reservoir and drilling 

simulations. In practice, it is common to use geothermal gradient maps to obtain the geothermal 

gradient value at the desired location and then calculate the subsurface temperature at the depth of 

interest (Forrest et al., 2005; Khan and Raza, 1986). In this study, we provide an alternative 

solution of using machine learning methods for predicting subsurface temperature using BHT data 

from more than 20,750 oil and gas wells in northeastern United States. Furthermore, the physics-

based and machine learning models are compared through an extra dataset containing vertical 

temperature profile of fifty-eight wells in the state of West Virginia. Finally, we provide the 

geothermal gradient map using the validated XGBoost model for the northeast region of United 

States. 

Case of study 

Marcellus formation is one of the highest potential hydrocarbon prospects in the United States, 

which is located throughout the northern Appalachian Basin. For several decades, thousands of 

wells have been drilled in this region which contain, at least one temperature measurement (usually 

at the final depth). For our analysis, we have used a dataset with corrected bottom hole temperature 

(BHT), surface temperature, API, latitude, longitude and geological setting information (including 

layer thickness and conductivity) and many other information from 20,750 oil and gas wells in the 

https://www.wvgs.wvnet.edu/


northeast (Error! Reference source not found.). This dataset has been developed and reported as 

part of a DOE funded research grant led by Cornell University (Jordan, 2015). In Error! 

Reference source not found., the scatter points are referred to the well locations and the shaded 

area depicts the region where temperature predictions will be provided.  

For preprocessing, we removed the outliers (101 data points) using the heat-flow parameter (outside the three standard-deviation with values larger than zero). We primarily used heat-flow 

parameter for outlier removal because its histogram shape is very close to normal distribution 

(Error! Reference source not found.). 

Table 1 provides the summary of some important parameters after outlier removal. Bottom-hole 

temperature values have already been corrected (CorrBHT) using the drilling fluid and geological 

setting information (Jordan, 2015). 

Table 1: Statistical summary of important parameters after outlier removal 

  
Surface 

temperature 
Depth 

Corrected  

BHT 

Heat 

Flow 

Unit °C m °C mW/m2 

Mean 12.4 1154 37 49 

std 1.8 459 13.2 13.4 

min 8.8 43 10.2 0.2 

25% 10.6 868 28.9 41.57 

50% 12.1 1129 34.5 47.91 

75% 14.3 1358 42.8 55.26 

max 15.6 6541 146.9 130.21 

 

In addition to the above parameters, geological layer’s thickness and conductivity values (between 

surface and basement) are provided. These values have originally been interpolated through 

COSUNA data points using the Kriging method (Jordan, 2015).  

We also exclusively gathered data for additional fifty-eight wells across West Virginia (annotated 

on Error! Reference source not found.). In this dataset, for each well, temperature profile is 

provided within a depth interval (with mean and standard deviation of 1167 and 511 meters, 

respectively). We obtained this dataset from West Virginia Geological and Economical Survey 

(West Virginia Geological and Economical Survey, n.d.) and primarily used it for comparing our 



results with those from physics-based model. We refer to this new source as temperature-profile 

dataset throughout this paper. Among the fifty-eight wells, bottom hole temperature points of 11 

wells already exist in the first dataset (20,750 wells). The rest are new wells which have been used 

to compare the physics-based model with the machine learning methods.  

The reported temperatures in the temperature-profile dataset are prone to errors and we were 

required to correct them. Even though there are myriad temperature-correction methods, we 

decided to use the correction methodology reported by Jordan et al.(Jordan, 2015) in order to be 

consistent with their method. This allowed us to compare our results to those reported by the 

physics-based model in Jordan et al.(Jordan, 2015). Unfortunately, we could not find the complete 

information to reiterate their model for well temperature correction. Nevertheless, we decided to 

use Kth Nearest Neighbor regression model to estimate the corrected temperature values. 

Fortunately, in the first dataset, raw and corrected BHT data were available and we could use them 

to train our interpolation model. After performing cross-validation, we found that the mean-

absolute-error of the interpolation model was only 1.5°C. Next, we used the trained KNN 

regression model to correct the temperature profile data in the new dataset.   

Methodology 

Machine learning models 

In this section, we provide a thorough summary of the machine learning models that have been 

used in this study to estimate subsurface temperature and geothermal gradient. We mainly used 

regression models with different characteristics including Deep Neural Network (DNN), Ridge 

regression (R-reg) and decision-tree-based models (e.g., XGBoost and Random Forest). In Table 

2, we include the features and the label which have been used in the machine learning models.  

 

Table 2: Detailed information about the label and features 

Variable 

number 
Name Unit Source Description Type 

1 BHTCorr [°C] well log report Corr bottom-hole temperature Label 

2 LatDegree - well log report Lat degree of the well's location  Feature 

3 LongDegree - well log report Long degree  of the well's location  Feature 



4 MeasureDepth [m] well log report The depth where BHT is recorded Feature 

5 SurfTemp  [°C] 
Annual average 

 temperature  

Surf temperature at the well's 

location 
Feature 

6 to 55 KH  [W/(°K)] 

Interpolated from the data  

reported in Correlation of  

Stratigraphic Units of  

North America 

(COSUNA) 

Multiplication product  

of each geological layer's thickness 

 with its corresponding thermal 

conductivity 

Feature 

 

The following chart illustrates the developed machine learning pipeline which has been used 

throughout this study. We used bootstrapping method for train-test data split. At each split, 90% 

of data were  

Ridge Regression. In our dataset, there are uncertainties associated with the bottom hole 

temperature measurements and it is believed that noise is present in the dataset. We used Ridge 

regression as one of the candidate machine learning models since it is robust to overfitting by 

introducing a penalty (also known as L2 Regularization) on the model’s complexity(Hoerl and 

Kennard, 1970). Baruque et al.(Baruque et al., 2019) successfully used Ridge regression for a 

geothermal application where heat exchanger energy was predicted using time series readings of 

several sensors. The goal is to find the model’s parameters which minimizes the objective 

function.  𝜃𝑟𝑖𝑑𝑔𝑒 =  argmin𝜃 (‖𝑦 − 𝑋Θ‖22 + 𝛼‖Θ‖22)  (3) 

where hyperparameter 𝛼 is a positive number that specifies the trade-off between the OLS and 

regularization terms. In our implementation, we initially scaled the data and then used the grid-

search method in the log space to search for the best alpha.   

Gradient Boosting and Random Forest. In this study, class imbalance is present within our 

dataset since the majority of BHT data correspond to the shallower wells (< 3000 m). On the 

other hand, the deeper wells contain valuable information with higher temperature values which 

should not be removed (or be considered as outliers). We mainly used ensemble-based algorithms 

(like Random Forest and XGBoost) because they are believed to work relatively well in a case 

where class imbalance exists (Galar et al., 2011). In addition, tree-based models usually improve 

the accuracy by decreasing the variance in the prediction. Gradient Boosting and Random Forest 

are both tree-based methods which have been successfully applied in variety of industries. In 



geothermal energy, Gul et al.(Gul et al., 2019) predicted the formation temperature using drilling 

fluid data using extreme gradient boosting and random forest models with satisfactory accuracy.  

Single decision tree is often referred to as a weak classifier as it can be susceptible to 

overfitting(Ho, 1998). Random Forest builds an ensemble of multiple decision trees (weak 

classifiers) in parallel and takes the mean of the predictors for the prediction. Furthermore, during 

the ensemble construction, random features or columns are dropped while learning every decision 

tree, so that every tree is de-correlated from other trees as much as possible. Gradient Boosting, 

on the other hand, builds decision trees in a sequential manner. Gradient Boosting keeps adding 

decision trees at every step, making a fine separation in space to predict the response variable 

(Chen and Guestrin, 2016). Every new step considers the previous steps which result in accuracy 

improvement after each iteration. XGBoost is a library that allows Gradient Boosting to be run in 

parallel in terms of computing. 

Deep Neural Network (DNN). One of the other candidate machine learning models that we have 

used is Deep Neural Network (DNN). Bassam et al.(Bassam et al., 2010) was among the first 

studies that evaluated the application of a shallow ANN in formation temperatures in geothermal 

wells. In that study, collected BHT logs (during long-shut-in times) have been used for training 

and validation.  

Deep Neural Networks is a type of model that attempts to capture the true relationship of input and 

output. DNN algorithm can capture high non-linearity through a network of nodes and 

connections. We tried different DNN architectures and finally picked a four-layer DNN as 

illustrated in Error! Reference source not found.. In the input layer, the number of nodes is the 

same as feature numbers followed by two hidden layers where each layer contains fifty nodes. 

Arrows correspond to connections among nodes and are associated with learnable edge weights.  

For the last neuron at the output layer, the weighted responses from the neurons at the second 

hidden layer are fed into a linear activation function and the final prediction for temperature is 

obtained. In Error! Reference source not found., one neuron of the hidden layer is illustrated 

with the given inputs. 



Feature space interpolation 

Temperature-at-depth maps have extensively been used in geothermal energy studies to illustrate 

the temperature distribution at a given depth. In this study, we also provide temperature-at-depth 

maps at different depths in the northeastern United States. This allows investors to have another 

source of temperature prediction map for any potential future development. In addition, the new 

machine learning temperature maps can be compared to those from the thermal conductivity model 

to locate the similarities and differences. A simple concave hall algorithm was used to obtain a 

tight boundary around the given data points. In order to avoid sharp edges, we derived average 

values for the boundary points and then implemented the algorithm (shaded area in Error! 

Reference source not found.). We initially used an online source-code (Dwyer, n.d.) and made 

major modifications to meet our project’s needs.  

For constructing the subsurface temperature prediction map, the features should be available 

within different locations (with varying latitude and longitude). Therefore, we interpolated the 

required features throughout the northeastern region using a Gaussian kernel weighted k-nearest 

neighbor regression model. We chose KNN regression method as it is expected to perform well in 

our region of interest due to high concentration of wells. We used cross-validation for 

hyperparameter tuning (𝑘 and kernel width) using 20,750 data points.  

Result and discussion 

In this study, our primary objective is to evaluate the applicability of machine learning models to 

predict subsurface temperature at any given latitude, longitude and depth by merely using 

geological information and surface temperature. Even though we only used single temperature 

measurement points (bottom-hole temperatures) for training, we observed that the machine 

learning models performed well in predicting underground temperatures. Among the machine 

learning models, XGBoost outperformed other models and provided more accurate results. 

Furthermore, we obtained temperature-versus-depth data for fifty-eight wells and compared them 

with XGBoost, DNN and physics-based model’s predictions. The results show that machine 

learning models predictions were in close agreement with the measured data.  



Feature importance analysis 

Knowing the predictive power of the features can help us identify the most important factors 

affecting the subsurface temperature parameter. In our analysis, we initially scaled the input 

features to avoid any bias related to variables. Next, we used XGBoost and Random Forest to 

identify the most important features. Both methods recognized the depth, layer-29 and layer-27 

among top five important features. In Error! Reference source not found., seven most important 

features in XGBoost are shown. In the x-axis, “Layer-#” is referred to multiplication product of 

thickness and conductivity of the desired layer which is available in the dataset for each well. More 

detailed information about the important layers can be found in Table 3. 

 

Table 3: Important geological layer’s information 

  
Average 

thickness 

Average 

conductivity 

Average layer's  

depth 

Layer-13 180 2.6 1633 

Layer-16 50 2.6 1838 

Layer-24 65 2.7 2366 

Layer-27 84 2.4 2736 

Layer-29 41 3.5 2864 

Layer-32 88.6 2.7 3295 

 

 Temperature-at-depth result analysis 

After training and tuning hyperparameters, we evaluated the accuracy of each model using the test 

data for 10 bootstrapped samples. As you can see in the two following boxplots, XGBoost 

performs the best among other three machine learning models. 

We, then, used the trained models to predict subsurface temperature at three different depths (𝑍 =1000, 2000, 3000 meters) in the northeastern United States. In Error! Reference source not 

found., temperature predictions are plotted using XGBoost models. We used KNN regression 

(with k = 8) for temperature interpolation for physics-based predictions.  



 

Temperature profile prediction 

In our analysis, we decided to use the corrected temperature-profile dataset (described in section 

3) to evaluate XGBoost and DNN accuracies against the thermal conductivity model. We used 

KNN regression model to interpolate temperature profile predictions for the physics-based model 

at new locations. Fortunately, predicted temperature profiles from the thermal conductivity model 

were available in our main dataset and we used those to train our interpolation model for predicting 

the temperature profile of the new wells. In the following schematic, we illustrate the procedure 

that we have used to compare predictions from machine learning and the physics-based models.  

After analyzing the results, the mean-absolute-errors of XGBoost, DNN, and Physics-based 

models were calculated to be 7.28, 7.34, and 8.46 respectively for the fifty-eight wells. These 

numbers show that machine learning models can be comparable, in terms of accuracy, to the 

physics-based thermal conductivity model. It is important to note that we have used multiple 

interpolations to be able to perform such comparison (Error! Reference source not found.). 

Therefore, there are some level of uncertainties associated with the reported numbers.  

For illustration purposes, we include six temperature profile predictions (in Error! Reference 

source not found.) which are fair representatives of the remaining cases. Among all plots, we 

could see that the thermal conductivity model performs relatively better in tracking the true 

temperature data in 11.3 and 11.4. On the hand, both XGBoost and DNN models provide more 

accurate results in 11.1 and 11.6. Nevertheless, there are some cases where all models fail to track 

the actual data. For example, in plot 11.2, we could see that neither physics-based nor machine 

learning models predict the temperature profile accurately. Temperature profile prediction plots of 

other wells are included in our GitHub repository(Shahdi and Lee, n.d.). Among machine learning 

predictions, DNN and XGBoost predictions follow very similar trends even though DNN curves 

are smoother and have less variation with depth. This is expected because decision-tree-based 

models tend to show such discrete predictive behavior when used for regression.   

In Table 3, we include more information about the wells that are shown in Error! Reference 

source not found.. The shown plots are from the wells that are close to at least one of the wells in 

the main dataset. This is important because it shows that the interpolated temperature values for 



the physics-based predictions are reliable and close to those reported by the original study (Jordan, 

2015).  

 

Table 4: Corresponding details about the wells that are shown in Error! Reference source not 

found.. Distance column is referred to the distance from the test well to the closest well in the 

main dataset 

Plot # API 
Distance 

[km]  

1 4710300645 0.26 

2 4700502148 0.22 

3 4709501963 0.22 

4 4700502167 0.5 

5 4701304647 0.34 

6 4705900805 3.27 

 

Geothermal gradient map 

It is very popular to use geothermal gradient maps to predict the subsurface temperature at the 

desired location. In this study, we provide the geothermal gradient map for the northeastern United 

States. 

Similar to the plots (shown in Error! Reference source not found.), we generate temperature 

profile predictions for 28,000 locations across the region and then fit a linear regression line to the 

temperature data for each location. Through our analysis, we found that the fitted lines accurately 

represent the predicted temperatures with average R2 of 0.973. The reported slopes are equal to the 

associated geothermal gradients and are illustrated in Error! Reference source not found..  

Some areas in West Virginia and New York states show high values for temperature gradient. In 

the next graph, areas with geothermal gradient higher than 27.5[ °𝐶𝑘𝑚] are annotated in the map. We 

cautiously suggest these machine-learning guided prospective regions for future geothermal 

developments. 

Next, we calculated the mean absolute errors between the geothermal gradients predicted using 

different models (e.g., physics-based, XGBoost and DNN) and measured temperatures for the 

temperature-profile dataset.  



Table 5: Average mean-absolute-errors and standard deviations (with unit of [ °𝐶𝑘𝑚]) for physics-

based, XGBoost and DNN model predictions in compare to the measured temperature data. 

Model MAE STD 

Physics 6.4 5.5 

XGBoost 5.6 5.9 

DNN 6.9 6.2 

Conclusion 

The goal of this paper is to highlight the importance and applicability of machine learning methods 

in producing reliable predictions of important geothermal parameters from the rich volumes of 

data available from geothermal sites. It is critical to understand that this paper does not claim to 

prove that machine learning models are ubiquitously superior to conventional physics-based 

models in geothermal energy research. In this study, we explored the applicability of four machine 

learning models in predicting subsurface temperatures in northeastern United States using bottom-

hole temperature data and geological information from 20,750 wells. It was shown that XGBoost 

outperformed all other models, with only 3.19 [°C] mean absolute error. Furthermore, we 

compared the predictions from machine learning and physics-based models to the measured 

temperature data obtained from an extra dataset with fifty-eight wells in the state of West Virginia 

and showed that XGBoost can successfully predict the temperature at different depths. Lastly, we 

provided a geothermal gradient map for the corresponding region which can be used as a quick 

tool to calculate the underground temperature at any desired location and depth. In the map, east 

of West Virginia along with southern region of New York state show the highest potential.  

We believe that this study provides a complementary analysis for geothermal energy exploration 

for future investments. Furthermore, oil and gas industry can benefit tremendously from this paper 

too. The presented machine learning models can be incorporated in reservoir and drilling 

simulators for more accurate subsurface temperature predictions, and consequently, more reliable 

fluid properties characterization.  

Availability of data and materials 

Complete information about the data resources and source-codes are provided in a GitHub 

repository(Shahdi and Lee, n.d.). The source codes associated with each of the figures (in the 



manuscript) are specified in the “README.txt”. In addition, we provide the exact locations where 

we obtained the data which are used in the paper.  
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Figures

Figure 1

Right plot represents the spread of oil and gas wells in the �rst dataset (containing 20,750 BHT data
points). In the left plot, the locations of the �fty-eight newly obtained wells (with full temperature pro�le)
are annotated using the blue color.

Figure 2

Heat-�ow histogram after outlier removal.



Figure 3

Developed machine learning pipeline



Figure 4

Deep Neural Network architecture for subsurface temperature prediction



Figure 5

Single neuron illustration



Figure 6

Important parameters identi�ed by XGBoost machine learning model

Figure 7



Accuracy comparison between four machine learning models

Figure 8

Temperature map at three different depths using XGBoost model



Figure 9

Followed procedure for comparing predictions from physics-based and machine learning models



Figure 10

Temperature pro�le predictions using thermal conductivity, XGBoost and DNN models versus measured
data. The units are [°C] and [m] for temperature and depth, respectively.



Figure 11

Geothermal gradient map using XGBoost model. The gradient has the unit of [°C/km].



Figure 12

Regions with subsurface temperature gradient higher than 27.5 [°C/km]. Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.


