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ABSTRACT: Closed loop ground-source heat pump (GSHP) systems can efficiently provide clean and renewable energy for heating 
and cooling purposes, by using the ground as a heat source/sink. One interesting application is to implement ground heat exchangers 
(GHEs) directly into building foundations (e.g., energy piles), thus eliminating the highest cost associated with GSHP technology 
(i.e., drilling). However, this application introduces certain design constrains, including limiting the ability to optimise typical 
geothermal design parameters, such as GHE separation and depth, and therefore the provision of all required thermal demand may not 
be guaranteed. Thus, a different design approach is required, one that maximises the amount of energy that can be provided by GSHP 
systems. This article introduces a new methodology for optimising this amount of energy, using machine learning techniques. The 
approach is based on ‘learning’ the relationship between the thermal load and the fluid temperatures in the GHEs, and creating a 
model that quickly estimates the performance of the GSHP system, for any thermal load. The new approach can be used alongside a 
more complex numerical simulation (e.g. FEM) and it can significantly speed up the design optimisation process. 

RÉSUMÉ : Les systèmes de pompe à chaleur géothermique à boucle fermée (GSHP) ont la capacité de produire, de façon efficace, 
une énergie propre et renouvelable pour des besoins de chauffage ou de refroidissement via l’utilisation du sol comme source ou puit 
de chaleur. Une application intéressante de cette technique consiste à introduire des échangeurs de chaleur au sol (GHE) directement 
dans les fondations de bâtiments (par exemple les pieux énergétiques), éliminant ainsi l’élément le plus couteux de la technologie 
GHSP qu’est le forage. Toutefois, cette application introduit certaines contraintes. Elle limite la capacité d’optimiser les paramètres 
caractéristiques de la conception géothermique, comme la séparation et la profondeur des GHE, et par conséquent, 
l’approvisionnement de la totalité de la demande thermique ne peut être garantie. Ainsi, une approche de conception différente est 
nécessaire; une qui permettrait de maximiser la quantité d’énergie fournie par les systèmes GHSP. Cet article introduit donc une 
nouvelle méthode d’optimisation de la quantité d’énergie fournie en utilisant des techniques d’apprentissage automatique. Cette 
nouvelle approche peut être utilisée parallèlement à une simulation numérique plus complexe comme la FEM et peut ainsi accélérer 
de façon considérable le processus d’optimisation de la conception.     
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1  BACKGROUND INFORMATION.  

1.1  GSHP systems 

Ground source heat pump (GSHP) systems can be used to 
efficiently provide renewable geothermal energy for heating 
and cooling purposes. These shallow energy systems extract 
and reject heat from and to the ground within a few tens of 
metres below the surface. A heat pump connects a heating and 
cooling distribution circuit within the building with a series of 
ground heat exchangers (GHEs), which transfer the heat from 
and to the ground. A GHE contains loops (usually HDPE pipes) 
with a circulating fluid (usually water) that acts as the heat 
conductor in the process. These systems are known to typically 
be able to run at a coefficient of performance of about four, 
meaning producing 4 kW of heating/cooling energy for every 1 
kW electricity input into the GSHP. Moreover, GSHP systems 
are the most used amongst the different applications of direct 
geothermal energy (Preene & Powrie 2009; Johnston et al. 
2011; Lund & Boyd 2015).  

1.2  Energy piles 

A promising application of GSHP systems, that can minimise 
their cost, is energy piles, where the GHE loops are 
incorporated within pile foundations, as shown in Figure 1 
(Laloui et al. 2003; Gao et al. 2008; Amatya et al. 2012; Brandl 
2006). Since the most significant associated cost of these 
installations is drilling, by adding the loops into the piles, for 
which drilling is already accounted for, that cost is significantly 
minimised. 

A key difference between energy piles and typical borehole 
GHEs is that for the former, the pile number, configuration and 
length are not primarily designed to fulfil the (geothermal) 

energy needs of the building, but rather its geomechanical 
stability. This leaves little room for optimisation of the 
geothermal design, as the main design parameters, like the pile 
(i.e. GHE) length and separation, are pre-determined. Therefore, 
the provision of 100% of the heating and cooling energy 
required (thermal load) cannot be guaranteed and instead a 
hybrid system must often be used, to complement the produced 
geothermal energy using auxiliary means. An important 
challenge is maximising the energy that the geothermal system 
can provide, which can be very difficult and time consuming 
using existing design approaches. This research incorporates 
machine learning techniques to overcome this challenge and 
expedites and facilitates the optimisation of the design of a 
hybrid GSHP system.  

 

 
Figure 1 Energy Piles Schematics (Not to scale) 
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 2  METHODOLOGY 

2.1  Current approaches 

A common energy pile design approach, specifically for 
complex geometries, is to use a numerical simulation/model, to 
analyse a GSHP design. Finite element (FE) numerical 
simulations are more flexible than analytical approaches, since 
they adopt significantly less assumptions and have less 
constraints regarding the parameters of the problem, such as its 
geometry, but can be computationally expensive. A typical 
numerical model requires as input the geometry, the material 
properties and operation conditions (including the fluid flow 
rate), the thermal load distribution and the correct physics 
conditions (i.e. which governing equations the program should 
use to model both heat transfer and fluid flow). From the results, 
of most interest is the fluid temperature distribution within the 
GHE loops. The temperature of the fluid needs to be within a 
specified operating range, based on the heat pump used, as well 
as avoid extremes that could cause undesirable effects, such as 
freezing of the ground. 
 However, as mentioned above, when designing a system 
with energy piles, the geometry and properties of the materials 
available are all pre-determined. Therefore, the design needs to 
focus on optimising the thermal load distribution instead, in 
order to provide the maximum possible geothermal energy for 
heating and cooling for a viable design. This essentially means 
that the task being undertaken is no longer “How can the system 
be designed to provide the energy requirements?”, but instead 
“How much energy can be provided by this system?” 

2.2  Methodology summary 

The proposed methodology involves having access to a fully 
solved numerical simulation, based on which to create and train 
a suitable prediction model. It is primarily aimed to be used 
alongside numerical simulations, to hasten the optimisation part 
of the design process.  
 When considering the design process of energy piles using 
FE numerical simulations, the first step a designer would 
naturally take is to run a numerical simulation with 100% of the 
required thermal load. This is because the most desirable 
outcome would be the one where the provided geometry, 
material properties and other conditions are suitable to satisfy 
the energy requirements of the building. If this is the case, then 
no optimisation is required. However, if the system cannot 
provide 100% of the energy requirements, it is important to find 
the optimal amount that it can provide. This involves more FE 
numerical simulations with long computational running times, 
between hours and days, depending on the complexity of the 
problem and the refinement of the model. The proposed 
prediction model can be used to reduce this optimisation time 
and give a good indication of the optimal energy requirements 
the system can fulfil, within seconds or minutes. 
 Looking at the fundamental equations that take place during 
the design and operation of a GSHP system, it can be seen that 
the relationship between the thermal load distribution (used as 
input to the numerical simulation) and the resulting fluid 
temperatures (output of the numerical simulation) is a complex 
one, as indicated in Equation 1, with a number of other 
parameters and variables involved. However, in the scope of the 
prediction model, many of the parameters of that general 
relationship become irrelevant for the specific problem, as they 
are always constant, and therefore there is no need to include 
them in the architecture of the prediction model. Their impact is 
taken into consideration by the numerical simulation of which 
the results are used to train the prediction model. 
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 Since this methodology assumes that at least one numerical 
simulation has been solved (using 100% of the energy 
requirements), the data from that simulation are then used to 
train the prediction model, and learn the required relationship. 
These data include the input parameters that have been found 
important and the output parameter, which is the average 
temperature of the fluid within the circulating pipes. This is 
important to note, as without a fully solved numerical 
simulation, the prediction model cannot be trained to learn the 
desired relationship and then make predictions based on that 
relationship. 
 At its current state, the prediction model presented herein 
associates the thermal load and thermal storage at time t and the 
temperature of the fluid at time t-1, to predict the temperature of 
the fluid at time t, as seen in Equation 2. To learn this 
relationship, it uses a training set of 1 year, meaning 365 values 
of data, based on the solved FE numerical simulation as 
explained above. Following the training, predictions can very 
quickly be made for any other thermal load input, answering 
questions such as: “If the system provides this much of the 
required energy, what will the response of the ground be? Will 
the fluid temperatures be within the required range for the 
system to be viable?” These questions can then be answered for 
a number of different potential thermal load distributions to find 
the one most suitable for the problem, that is the one that 
provides the most amount of energy without causing any 
problems for the heat pump or the ground. It is assumed, as it 
has been shown elsewhere (Brandl 2006; Stewart & Mccartney 
2014; Mccartney & Murphy 2012), that no geomechanical 
issues arise from the operation of energy piles (unless 
embedded in normally consolidated clays).  
 

))1(),(),(()(  tTtThStoragetdThermalLoaftT fluidfluid       (2) 

2.3  Multiple linear regression prediction model 

Following a detailed investigation of machine learning (ML) 
algorithms and experimentation with them, it was concluded 
that the proposed relationship in Equation 2 is best represented 
simply using Multiple Linear Regression. While the overall 
relationship in Equation 1 is very complex and cannot be easily 
computed without either significant assumptions made or 
powerful and time-consuming numerical simulations used, 
when looking at this particular aspect of the problem, where 
many variables are constant and therefore not relevant, the 
resulting relationship is very well fitted by linearity. In the 
process of coming to this conclusion, various ML techniques 
and models were used, including feature selection, Artificial 
Neural Networks and Support Vector Machines. However, after 
thorough investigation most of the more advanced machine 
learning algorithms proved to be much more complex that 
required for this problem and therefore less efficient and 
accurate. 
 In order to train the proposed model, a one year FE 
numerical simulation can be used as the training dataset. The 
training set consists of input parameters (x1..n) for which the 
output (y) is known and therefore the input and results from the 
simulation are used. Using these, all the beta (β) factors, shown 
in Equation 3 can be calculated, which can then be used to 
make the required predictions. 
 

xxxxy nn  ...3322110         (3)  
 
 It is important to note here that one of the inputs used in this 
model is the fluid temperature within the pipes at one time-step 
before the one being predicted (i.e. t-1). That means that the 
predictions are made iteratively, starting with an initial 
temperature, in this case before the system runs for the first 
time, and then using each predicted value as an input to make 
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the prediction for the next time-step. In this research, the time-
stepping has been done on a daily basis, meaning each time-step 
represents one day. 
 It is also important to define the input parameters used here, 
especially what is meant by thermal storage. Each variable can 
be thought of as representing a particular fundamental 
influencing parameter for the problem to solve. The thermal 
load (TL) for a particular day can be seen as the work that the 
system needs to perform; if it is high then the system will need 
to work harder on that day and vice versa. The average fluid 
temperature of the previous day (T) represents the state of the 
fluid before the work has been done; acting like an initial 
condition for that day. Finally, the thermal storage parameter 
represents the thermal history of the system and it is calculated 
as a cumulative thermal load (TSi). It can be used to get an idea 
of how has the ground been cooled or heated up to this day. The 
thermal storage is split into various input parameters based on 
duration, for example the thermal storage for the past week, 
past month, past year and so on. For this study the durations 
used were: 1 week (TS1), 1 fortnight (TS2), 1 month (TS3), 6 
months (TS4) and 1 year (TS4), each representing a different 
input parameter to the prediction model. The input parameters 
described above were chosen not simply for their importance 
and meaning, but very importantly for their availability, since 
no complex computations are needed to obtain them. With these 
three categories of input variables, it is believed that the model 
has enough information to discover an accurate relationship 
between them and make very good predictions for other thermal 
load distributions. 

3  EVALUATION OF THE MODEL 

3.1  Evaluation overview 

In order to evaluate the model’s performance, FE numerical 
simulations were used, to produce the required data. Various 
simulations were run, each having a different thermal load 
distribution as input, with all other input parameters being 
identical. The results of one of the simulations are used to train 
the prediction model and the rest to evaluate its predictions. The 
predictions of the model are compared to the respective values 
from the numerical simulation results, which are considered as 
the “actual” values, for the purpose of this research.  

3.2  Finite Element Model 

3.2.1   Brief description 
To perform numerical simulations, this research uses a 
validated state of the art 3D numerical model, developed at The 
University of Melbourne (Bidarmaghz 2014; Bidarmaghz et al. 
2016; Narsilio et al. 2016). The model is built and solved using 
the finite element software package COMSOL and is based on 
the coupling of the governing equations of heat transfer, fluid 
flow and energy and momentum balance. 

3.2.1   Model parameters 
The modelling used in this research is based on typical weather 
and soil conditions for Melbourne, Australia, with the material 
properties used presented in Table 1 (Colls 2013). Moreover, 
the geometry and dimensions used for the modelled GHE are 
typical of practice in the region. The model used focuses on 
single energy piles, with three U-loops embedded within the 
600 mm concrete pile, surrounded by the ground. This is a 
simplified version of the multi-pile fields that can be found in 
actual buildings and was chosen because of the much more 
reasonable computational time and space requirements. Early 
investigations show that the number or positions of the energy 
piles within a field do not affect the prediction model’s 
accuracy.  

Table 1 Material Properties 

Parameter Value Unit Description 

κground 2.7 W/(mK) 
Thermal conductivity 
of ground 

ρground 2,353 kg/m3 Density of ground 

κgrout 2.1 W/(mK) 
Thermal conductivity 
of grout 

ρgrout 1,600 kg/m3 Density of grout 

Tfarfield 18 °C Average annual 
ground temperature 

qfluid 11 L/min Flow rate within pipes 

3.2.1   Boundary and initial conditions 
The radius of the ground around the GHE is 10 m, which is 
considered sufficient to avoid any ground boundary effects. In 
the outer boundary of the ground a constant temperature is set 
as a boundary condition equal to the average annual ground 
temperature, Tfarfield. No thermal flux is allowed at the surface 
(building floor) or base of the model (bedrock). Lastly, the 
initial temperature of all materials is also set as Tfarfield, which 
for Melbourne is around 18°C. These boundary and initial 
conditions are typical for local GHE design and are depicted in 
Figure 2 along with other geometrical details of the model. 
 

 
Figure 2 Modelling Geometry (ground domain to the left and detail of 

the 35 m energy pile to the right) 

3.3  Evaluation metrics 

In order to perform the evaluation and comparison between 
predicted and actual values, four important metrics are used. 
Firstly, the Root Mean Square Difference (RMSD) and the 
Mean Absolute Difference (MAE), as shown in equations 4 and 
5. These are logical metrics to use and both indicate the overall 
performance of the model. For example, they can be interpreted 
as the average difference between predicted and actual values 
over the entirety of the simulation: 
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 However, the objective of running these simulations when 
performing design, is to assess how suitable the fluid 
temperatures are and if they are within a certain range, so that 
the heat pump can operate efficiently and no extreme response 
will be observed from the ground. Therefore, the maximum and 
minimum temperatures are very important outcomes, as they 
will be the values that determine the suitability of the input 
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 parameters. Considering this, two more metrics are used, the 
difference of the maximum and of the minimum temperatures 
between the actual and predicted results, ΔΤmax and ΔTmin. 
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4  RESULTS 

The results of the prediction model compared to the respected 
ones from the FE numerical simulations can be seen in Table 2, 
as well as Figure 3. A total of six different cases are presented, 
all with different combinations of energy requirements.  
 
Table 2 Evaluation Metrics and Results 

Case 1 2 3 4 5 6 

Heating (%) 50 100 35 50 40 65 

Cooling (%) 100 50 35 50 80 45 
RMSD (°C) 0.27 0.38 0.19 0.26 0.28 0.29 
MAE (°C) 0.20 0.29 0.13 0.18 0.21 0.18 
ΔΤmax (°C) 0.45 0.69 0.38 0.48 0.45 0.33 
ΔΤmin (°C) 0.06 0.15 0.05 0.06 0.07 0.05 

 

 
Figure 3 Comparison of predicted and actual (from numerical simulatio

n) results for case 5 (top) and all cases (bottom) 
 
 In general, there is very good agreement between the 
predicted and actual values. Looking at RMSD and MAE, it is 
clear that the overall performance of the prediction model is 
very acceptable, as an average difference of less than half a 
degree is insignificant and would not influence the design of 
these systems. The values for the maximum and minimum 
difference were also very low, with differences of less than a 
degree between the actual and predicted values. The above 
suggest that using this multiple regression prediction model is 
well suited for the outlined task, at the very least for this 
particular geometry and conditions. 
 Moreover, the key benefit of this approach is the 
computational time required. To run the six FE numerical 

models used in the evaluation, using high performance parallel 
computing, a total of 11 hours and 48 minutes were required, 
approximately 2 hours per model. To obtain results from the 
prediction models a total of 17.15 seconds were needed, 
approximately 3 seconds per case. That means using the 
prediction model requires about 2,400 times less computational 
time allowing the designer to efficiently find the heating 
distribution that provides the optimal amount of energy.   

5  CONCLUSION 

 To conclude, this investigation indicates that the proposed 
methodology is well suited to be used alongside numerical 
simulation methods, to significantly reduce computational times 
and maximise the amount of energy that can be provided by the 
GSHP system. It is particularly suitable when working with 
energy piles or other geo-structures where the geometry is 
prescribed. The evaluation was done using a single energy pile 
FE numerical simulation for the duration of one year. Further 
work is required to assess this methodology for more general 
cases, with different weather conditions, more complex 
geometries and longer simulation times (for example up to 25 
years), amongst others. This expanded study is currently 
underway, with promising preliminary results and it is expected 
that this methodology will be proven suitable for any 
combination of the above conditions and constrains, provided, 
always, that a well-defined and accurate numerical simulation 
procedure is available to the designer. 
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