Proceedings World Geothermal Congress 2020+1
Reykjavik, Iceland, April - October 2021

Automation on Enhancing the Ground Temperature Sensing Using Machine Learning
Approach

Avish Mehta' Kanish Shah? Manan Shah3

1.3 Department of Chemical Engineering, School of Technology, Pandit Deendayal Petroleum University,
Gandhinagar-382007, Gujarat, India

’Department of Computer Engineering, Indus University, Ahmedabad, Gujarat, India

Email id: avish.mch19@sot.pdpu.ac.in keshah24@gmail.com Manan.shah.@spt.pdpu.ac.in

Keywords: - Machine Learning, Support Vector Machine, Decision Trees, Geothermal energy, Ground Temperature

ABSTRACT

Geothermal Energy is the inexhaustible and clean form of energy derived from the earth’s crust for different purposes like
generation of electricity. Water or steam in then used to bring the energy to the earth’s surface. The ground temperature is predicted
on various factors such as weather and terrain variables such as latitude, longitude ground aspect and slope, monthly precipitation,
sunshine duration, snow depth and air temperature. The challenges faced are due to seasonal weather variations and at the depth of
1-2 m significant changes occur in the ground temperatures. After the collection and pre-processing of the data, it can be used to
train and deploy the Machine learning model. By using various algorithms such as Decision trees and Support vector Machine we
can predict the ground temperature at the unknown locations. By using the help of various accuracy functions such as root mean
square method (RMSE) or normalized root mean square error method (NRMSE) we perform the estimations and calculate the
efficiency of the model. The model can also be used to show the ground temperature maps and can also the variations of the
ground temperature as compared to the previous years and can predict the future ground temperatures. If the data pre-processing
and the prediction is done accurately it can be implemented on a larger scale and thus increase the geothermal energy productions.

1. INTRODUCTION

The energy demand by the world population is increasing day by day due to expansion of economy and the population growth with
advancements in the energy-intensive technologies (Patel et al., 2020). Fossil fuels are not present in the unlimited quantity and will
get over after few years and with the increasing concerns such as global warming, COz level in the atmosphere and the carbon
footprint, we need to move towards an alternative source of clean and sustainable form of energy. Geothermal energy is the most
versatile form of renewable energy source that can be utilized for many purposes, the major use being in the production of energy.
Geothermal energy is the renewable form of energy that is derived from the earth’s surface. It is found in the deep surfaces of the
earth and it major involves the use of high temperatures produced beneath the earth to generate electricity from the heated water.
Use of geothermal energy as an energy source has many advantages such as wide resource coverage, less pollution caused to the
environment and thus reduces the carbon footprint, the amount of COz released into in the atmosphere is approximately 50% less
than the amount of CO: released into the atmosphere by burning of fossil fuels and high reliability (Kauffman & Lee, 2013).

Recent developments and the advancements in the field of machine learning and artificial intelligence using artificial neural
networks and convolutional neural networks, has helped in the better accurate estimation of the energy, values and environmental
modelling (Jani et al., 2020; Patel et al., 2020; Gupta et al., 2020). Based on the given input dataset a model is build and trained
with the help of various algorithms such as decision trees, random forest etc (Shah et al., 2020). and then we do the prediction of
various parameters. (Assouline et al., 2019; Patel et al., 2020; Shah et al., 2020) It has been widely used in the lowering of the risk
factors associated with the drilling techniques such as prediction of the seismic activities, it has been widely used in the stages of
the exploration and development purposes. From the past years machine learning has been used for the geospatial modelling of
multiple environmental variables, including solar radiation and wind speed, forecasting of solar radiation over horizontal and tilted
surfaces , and short-term forecasting of wind speed and wind power prediction. Machine learning can be used to significantly
reduce the cost of the operations and can help in automating the processes, which thus helps to increase the efficiency of the system
(Parekh et al., 2020). It can also help in optimizing the extraction of the energy from the earth in terms of efficiency and the safety.
Machine learning has also been used in building contour maps such as thermal conductivity contour map of any area based on the
data given. Machine learning can help you take decisions by analysing all the factors and can help you take a better decision.

This paper mainly highlights the prediction of the ground temperature-using machine learning which can be further applied to
harness the geothermal energy for various different purposes such as electricity generation etc. we integrate machine learning with
geothermal for the prediction of the ground temperature. We try to give various algorithms, which can be used for the prediction of
the ground temperature using machine learning.

2. LIMITATIONS OF CONVENTIONAL GEOTHERMAL METHODS FOR GROUND TEMPERATURE PREDICTION

Various methods and calculations were done in the previous years for the calculation of the ground temperature.

Takao Katsura et.al (2007) proposed the method for Calculation of ground temperature for heat extraction via multiple ground heat
exchangers. In this method, the authors used the superposition principle to the temperature response of cylindrical heat source as
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well as for a line heat source for the calculation of ground temperatures. For the calculation purposes various assumption were
made such as soil is treated to be a isotropic constant solid and the vertical ground heat exchanger (borehole or pile) is treated as a
hollow cylinder in the infinite solid (Katsura et al., 2008), gradient of the temperature response Is constant .the main condition for
the using of superposition principle is that the temperature response for the cylindrical heat source can be regarded as equivalent to
the temperature response for the line heat source when the non-dimensional distance is larger than 10 (L.R. Ingersoll et al., 1948).
Various results were determined from the mathematical equations. The absolute error of the average temperature during the
extraction period is less than 0.01. Difference between temperatures for the single ground heat exchanger and the multiple ground
heat exchangers becomes larger as time elapses. When the ground temperature goes below 0 C, the method does not consider the
latent heat generated by soil freezing. The method can also demonstrate the difference of temperature of the ground surrounding
each heat exchanger and temperature distribution. After a certain period, the temperature of the ground surrounding the inner heat
exchangers was lower than the temperature of the ground surrounding the outer heat exchangers

(Gwadera et al., 2017) proposed the mathematical equations for the calculation of the ground temperature keeping considering the
various factors such as the solar energy absorbed by the ground, long-wave radiation heat flux and the evaporation of the water
contained in the ground. For the calculation of the average convective fluxes they assumed that the environment is constant with
respect to time (Krarti et al., 1995; Mihalakakou et al., 1997). While taking into consideration the solar radiation and the long- wave
radiation, the value depends on the various factors such as the degree of the radiation absorption by the ground which further
depends on the grounds humidity and the cover, (Duffie & Beckman, 2013) the temperature of the sky is variable during the day
and the night and for approximate calculations that the average long-wave radiation flux amounts to 63 W/m2. (Gwadera et al.,
2017) While taking into the consideration of evaporation of water from the surface of the ground, certain assumption were taken
such as for calculations of the yearly average flux, an averaged value of the saturated vapour pressure was assumed, at the
temperature of the surface of the ground and at the ambient temperature. (McAdams, 1954) Various result were drawn from the
equation such as The convective heat transfer coefficients between the surface of the ground and the environment are difficult to
determine precisely as various empirical dependencies are used for their determination, ambient temperature the temperature of the
surface of the ground and the solar radiation flux absorbed by the ground change periodically in the yearly cycle etc. from the
above we can interpret that in practical situations we cant assume the above factors constant as their changes will affect the
temperature of the ground.

(Kalogirou et al., 2012) performed the generation of the geothermal contours of temperature at various depths including 20m, 50m ,
and 100m n Cyrus. The complete data was divided into training and validation on a random basis. The author used the neural
networks to predict the temperature at a random point by drawing the contour maps of temperature. The prediction error was
confirmed to be less than 1.74 degree Celsius. The neural networks were used for the prediction accuracy on 112 pieces of the data
and only 4 points showed 5% more deviation than their actual values. The method proposed involves lithology class, elevation,
ambient temperatures and rainfall in drawing of the geothermal maps and it realistically produced valid maps of geothermal
temperature at the various depths.

From the various methods described in the above papers, there are certain issues with them and for every mathematical formulation
various assumptions are made that vary differently in the practical world. Due to seasonal variations and changes in the
environmental conditions of the ground, the surroundings, and in the composition of the ground, determination of the ground
temperatures with the help of mathematical equations are difficult as conditions may vary from the time to time and from place to
place. To overcome this situation we need the help of technology to predict the ground temperatures precisely and accurately.

3. MACHINE LEARNING ALGORITHMS

For the prediction of ground temperature, the use of Decision Tree Regression and Support Vector Regression algorithms are being
employed. Due to their better handling of data and less cost along with their robust nature, they have been selected for handling
these high dimensional data in order to get better output.

3.1 Decision Trees Regressors

This algorithm is quite efficient in traversing the datasets and completely follows a tree-like path. The root node is the main part in
structure of decision tree which decides the splitting in a decision tree. The working of this algorithm goes in the following manner

Algorithm: To_Generate Decision_Tree, To generate a decision tree from training tuples (denoted by T) of data
Input:

e  Data Splitting, Ds, which is a combination of T along with their associated class labels.

e feature list, denotes the set of features in data

e feature selection method, this method defines the splitting criteria which can possibly define the splitting
point

Output: Decision tree
Steps in generation of Decision tree
1. create a node N;

2. iftuples in Ds belong to the same class
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return Nj labelled with that class

3. if feature list is empty then:
return Nj as a leaf node labelled with the majority class in Ds

4. apply feature selection_method to find the best criteria for split

5. label N;j with the splitting criteria

6. if splitting is multiway and the attribute is distinct
feature list [Ifeature list — attribute

7. for each output i of splitting criteria
in Ds let Ds; be the set of tuples satisfying the output i
if Dsi is empty then

attach a labelled leaf to N with the majority class Ds
else attach the node returned by To_Generate Decision_Tree to N;
end for

8. return N;
The feature selection method plays a key role in deciding the selecting criteria and how the data will be partitioned such that the
data goes in to their respective classes. The feature that has the best score for measure is chosen as the splitting feature. So, once the
decision tree is built, there is a probability of anomalies that gets reflected in the branches due to outliers in the training data. That’s
where the concept of pruning comes in to play. This method uses statistical measures and removes the less reliable branches from

the decision tree. This method is less complex and much faster at correctly classifying the independent data.

3.2 Support Vector Regressor

This algorithm mainly focuses on finding an appropriate line or a hyperplane (for higher dimensions) by finding out how much
error is acceptable in our model. It follows a similar principle as the Support Vector Machine (SVM) with a very minor difference
that in the case of regression, a margin of tolerance named epsilon is set here. This margin of tolerance factor’s main goal is to
individualize the hyperplane which maximises the margin by tolerating the error. Tuning the epsilon helps achieve the desired
accuracy of the model.

So, Support Vector Regression works completely on the decision boundaries and hyperplanes. The main aim of this regression
algorithm is to map the real numbers coming from training sample to an input domain.

As shown in Fig. 1, there are points marked which depicts the training samples. If these points are inside the decision boundary
then it is fair enough to say that the model is fitting the data well. So, the main aim of SVR is to find out the best fit line
(hyperplane) where maximum points lie near to it or on it.

So, let us understand the mathematics behind the decision boundaries. Consider these 2 decision boundary lines at a distance d from
hyperplane. Consider them at a distance of +d and —d from hyperplane.

Let us assume the equation of hyperplane as:-

Y=mx+c

So, the equation of decision boundaries can be :-

mx+c=+d

mx+c=-d

Hence, any hyperplane that is being constructed should satisfy the SVR as:

-d<Y-mx+c<+d
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Fig. 1 Diagram showing decision boundaries (marked in Red color) and Hyperplane (marked in Blue color).

4. METHODOLOGY
4.1 Data Pre-processing and Feature Selection

The authors have decided to choose the data for Indian region based on different atmospheric factors such as sunshine duration,
precipitation, temperature, cloud cover, ground temperature, air temperature, ground slope and soil moisture. So, our Support
Vector Machine and Decision tree models will be trained using the pixel ground temperature values as training labels. The weather
variables mentioned above will be considered as the training features. The seasonal variations play a major role in affecting the
ground temperature. We have decided to consider shallow horizontal ground loop collectors which are at a depth of 1-2 m because
of the lack of proper sediment cover at a particular location. The estimation is being done on an hourly ground temperature time
series data and on the basis of that we plan to predict the monthly ground temperature. So, these features are being fed in to these
two models separately and try to predict the ground temperature.

4.2 Implementation of Regression models

Once the data gets gathered and pre-processed in a proper way we will implement the Support Vector Regression and Decision tree
regression models on the dataset. In the beginning we decide to split the dataset in to training and testing where training consists of
75% of the data and testing consists of 25% of the data. Then we plan to use pipeline in our machine learning model. So, it works
by enabling the sequence of data that needs to be transformed and correlate in the model that’s needs to be evaluated for achieving
the outcome (Shah et al., 2020). Simultaneously the pipelining will be applied to both the models because implementing pipeline
really improves the efficiency of the model. Moreover, pipelining also helps in handling the overfitting problem and helps in tuning
the hyper-parameters too. After pipelining it is time to implement the regression models. The models get trained based on the input
labels provided and at the end the ground temperature gets predicted. The ground temperature data that comes out of prediction
then can be compared with the actual ground temperature values in order to find out the difference between the actual and predicted
values. Once the model is being implemented, the program will be stored in the disk with help of pickle so in the future if one needs
to use it then they can work it with ease.

4.3 Results

Once the models gets trained then we will try to show and display different parameters for the ground temperature prediction such
as:-

1.  Accuracy:- This parameter gives us the ratio of observations that are corrected predicted to the total number of
observations.

2. Precision:- Precision tell us the ratio of observations that are predicted positively correct to the total number of
observations predicted positively.

3. Fl-score:- It is the harmonic average of recall and precision
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4. Testing errors such as Root Mean Square Error (RMSE) and Root Mean Square Deviation (NRMSE):- RMSE values are
a form to measure accuracy as it tries to compare the prediction errors of a particular variable with the actual values of
that variable.

5. Ground temperature map for each month and at each depth

So, the above mentioned parameters will be then displayed based on how well the model has trained and also how better the model
has fit the data. Higher the values of accuracy, precision, fl-score and lesser the mean square errors gives a much better prediction
of the ground temperature.

5. CHALLENGES AND FUTURE SCOPE

The main challenge for this proposal is the collection of data for feeding it in to the machine learning model (Naik et al., 2020). As
mentioned previously that we have considered various parameters such as sunshine duration, precipitation, temperature, cloud
cover, ground temperature, air temperature, ground slope and soil moisture in our dataset. So, there are chances that the collection
of data might not be uniform at all the places. As we plan to collect the data from different parts of India so the collection of data
can be a challenge. As there are different atmospheric conditions in different parts of India like for instance the sunshine is more in
some parts of India like Gujarat, Rajasthan etc. and low for higher altitudes regions like Jammu & Kashmir, eastern parts of India
etc. Temperature also varies from states to states of India and similarly all the parameters changes from one place to another.
Ground temperature, soil conditions also varies from states to states like for instance Rajasthan has different soil conditions
compared to South India states and regions. So, in a nutshell the data gathering is a main challenge that one can face while
implementing this methodology. Another important challenge is the synchronization of data with that of machine learning
algorithms. There are many instances that the data needs to be cleaned in such a manner so that it becomes feasible for the model to
fit it. There might be instances where one cannot get proper data from some regions. So, the pre-processing needs to be done in
such a way that the important data does not get lost and at the same time accuracy is also not affected from pre-processing.
However, this was just a proposal that we planned to do in the future scope. So, there might be chances that we need to do some
minor changes when we actually implement our proposal on the real time datasets. But the methodology proposed will be very
useful if some other researcher wants to perform the experiment with some modifications. Apart from these algorithms one can
even try some other machine learning algorithms such as Random Forest, Lasso regression, deep learning algorithms such as
Artificial Neural Network, Convolutional Neural networks etc.

6. CONCLUSION

The current paper is proposing a methodology to predict the ground temperature prediction using the data from different seasonal
variations and from different regions of India. The data consists of various atmospheric as well as ground parameters too for the
prediction. This paper proposes Support Vector Regression and Decision Tree regression models which describes every aspect of
the model in detail by providing the evaluation metrics. The algorithms formulated for the ground temperature prediction are
efficient enough to predict the ground temperature in a much efficient way and the accuracy can rise to more than 95% if the steps
of the algorithms are properly implemented. The most important evaluation metrics to look out for here is the accuracy and the
mean squared errors. Thus, this paper will be useful for the viewers and can act as the guide of incorporation with various other
machine learning algorithms as well as to perform a hybrid of geothermal methods as well as machine learning which might
enhance the efficiency and effectiveness.
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