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Abstract: When the geothermal heat pump system is operated due to an imbalance in the heating
and cooling load, the system performance is lowered due to the occurrence of a thermal environment
problem in the ground. To solve the performance degradation, a hybrid geothermal heat pump
system with an added auxiliary heat source is used. For the efficient operation of the system, it is
necessary to check the performance coefficient of the hybrid geothermal system. The coefficient
of performance can be monitored based on a mathematical model using a measuring instrument.
However, in the case of mathematical models, there are a lot of input data required, and many
measurement sensors are required for this. If there is an input factor that is omitted among the
necessary input factors, the accuracy of the predicted performance coefficient is lowered or a problem
occurs that it is impossible to predict. In this study, we intend to create a model that predicts the
coefficient of performance (COP) by using ANNs and SVMs that can accurately predict at low cost
using small input factors. Hyper-parameter optimization is performed to increase prediction accuracy
in machine learning models. We compared the accuracy of ANN and SVM-based prediction models.
In this study, the ANN model showed higher CvRMSE by 5.4% and SVM by 8%. It is expected that
the predictive model will be able to be used in the operation of the hybrid geothermal system in
the future.

Keywords: hybrid geothermal heat pump system; artificial neural network; support vector machine;
hyper-parameter; coefficient of performance

1. Introduction

The operation of a hybrid geothermal heat pump system aims to prevent the perfor-
mance degradation of a system due to geothermal environmental problems [1–3]. This
study aimed to reach the maximum coefficient of performance of the entire system by
considering the energy of the heat pump and the energy saving of the circulation pump
when controlling the flow rate of circulating water on the load side and the heat source
side. To this end, it is necessary to monitor the current coefficient of performance according
to the operation of a hybrid geothermal heat pump system and predict the coefficient
of performance of the next stage. When installing a general geothermal system, a short-
term coefficient of performance measurement is performed to check the steady state of
the system and long-term coefficient of performance monitoring is not performed. The
coefficient of performance monitoring and prediction of the coefficient of performance in
the next operation can be confirmed based on a mathematical model using the measured
operational data. On the other hand, in the case of a mathematical model, many necessary
input factors require many measurement sensors. When an input factor is omitted from the
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necessary input factors, the accuracy of the predicted performance coefficient is lowered,
or an unforeseen problem can occur [4,5].

A machine learning predictive model uses several theoretical techniques to find and
predict the relationship between input and output data. Compared to a mathematical
model, prediction is possible through relatively few input factors and requires a large
amount of data. Various data collections are made using a BAS (Building Automation
System) for system operation and monitoring in building facility systems, and it can be
used to develop predictive models through machine learning. A machine learning-based
prediction model cannot be estimated from data, unlike parameters that are estimated
or learned from data and stored as a part of the trained model. The performance of
the model is different. Selecting the optimal hyper-parameter is essential for improving
the performance of the prediction model. The prediction performance can be improved
compared to the initial prediction model. In this study, a machine learning-based coefficient
of the performance prediction model was developed through hyper-parameter optimization
to predict the coefficient of performance in real-time and the next stage of performance,
which is a necessary element for the efficient operation of a hybrid geothermal system [6].

2. Theoretical Analysis
2.1. Hyper-Parameter

A machine learning-based prediction model cannot be estimated from data, unlike
parameters that are estimated or learned from data and stored as a part of the trained
model. The performance of the model is different. Hyper-parameters are the input values
of machine learning and deep learning models and control the model to train generalized
inference performance from the target data characteristics. These hyper-parameters are
composed of various variables that directly affect the model training performance, such as
learning rate, learning rate scheduling method, loss function, number of training iterations,
weight initialization method, regularization method, and the number of layers to be stacked.

Selecting the optimal hyper-parameter is essential for improving the performance
of a prediction model. The prediction performance can be improved compared to the
initial prediction model. In machine learning, each model has a range of hyper-parameters;
Table 1 lists the types and descriptions of hyper-parameters.

Table 1. Type of hyper-parameter.

Hyper-Parameter Contents

Learning rate A variable that determines how fast it will move in the gradient direction

Cost function A function that estimates the difference between the expected value and the actual
value according to the input

Regularization parameter Using regularization method to avoid and solve overfitting problems
Mini-batch size Splitting the entire training data to perform a batch set
Training loop Variables that determine early termination of learning
Hidden unit Learning Optimization Determinants on Training Data

Weight initialization A determinant of performance

Hyper-parameters can be optimized using various techniques. The manual search
method is where the user calculates the optimal hyper-parameter through repeated execu-
tion based on intuition or experience. The random search method is a method to find the
optimal combination by repeatedly extracting random values within the range, setting the
minimum and maximum values of each hyper-parameter, and narrowing the extraction
range based on the previously extracted and evaluated results. Hence, Bayesian optimiza-
tion can optimize the hyper-parameters. Figure 1 shows the conceptual diagram of grid
search and random search methods among hyper-parameter optimization methods.
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Figure 1. Conceptual diagram of hyper-parameter optimization method.

2.2. COP Prediction Model Based on Machine Learning

For optimal control and energy saving of HVAC systems, it is necessary to accurately
predict the coefficient of performance of a geothermal heat pump system [7]. For the
coefficient of performance of the heat pump, there are theoretical calculations through
mathematical models, short-term monitoring through simulations, long-term monitoring
through measuring instruments [8,9], or predictive model development through machine
learning [10,11]. Theoretical calculations using a mathematical model require a large
number of input values, as shown in Figure 2. Hence, the model is expensive due to the
need for various measuring equipment to measure it. Long-term on-site monitoring is the
most accurate and reliable way of providing operational management guidance to maintain
proper operation. On the other hand, the long-term monitoring method is expensive and
time-consuming.
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Figure 2. Input data for mathematical model.

A simulation is performed using commercial software, such as TRNSYS and theoretical
models. The simulation results often appear more accurate than experimental field results
because the simulation conditions are theoretical and simplified, ignoring real uncertain
factors. In the case of a simulation, it requires professional knowledge and information
collection on various conditions for the simulation, and it takes considerable time. A
performance coefficient prediction through machine learning is a method of expressing
the dynamic behavior of a system through measurement data. It does not require a high
degree of expertise compared to other methods and does not require the selection of various
variables [7,12].
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Regarding the prediction of the coefficient of performance of geothermal systems,
prediction techniques using mathematical models, such as multiple linear regression
(MLR) [13,14], calculation of the coefficient of performance through simulation, and various
machine learning models [15,16], such as artificial neural network (ANN)s and support
vector machine (SVM)s, have been conducted in previous studies. Table 2 lists the contents
of the existing literature research on the coefficient of a performance prediction model using
various machine-learning models.

Table 2. Previous studies of performance prediction.

Category Methods Input Author

Mathematical method Polynomial 7 point (Heating load, etc.) Nam et al.

Machine learning

Random Forest 9 point (Power consumption, etc.) Cho
Recurrent Neural Networks 12 point (Environmental variable, etc.) Sun et al.

ANN 5 point (Power consumption, etc.) Benli
SVM 8 points (Heating capacity, etc.) Esen et al.

Adaptive neuro fuzzy inference
system 8 points (Heating capacity, etc.) Kecman

ANN 7 point (Power consumption, etc.) Yilmaz
K-NN 8 points (Water flow rate, etc.) Akhlaghi

Random Forest 12 point (Power consumption, etc.) Swider
ANN 29 point (Power consumption, etc.) Park et al.
ANN 5 point (Ground temperature, etc) Esen et al.
ANN 3 point (Ground temperature, etc) Esen et al.

Back-propagation Neural Network 23 point (Water flow rate, etc) Yan et al.
Random Forest and Back propagation

Neural Network 16 point (Power consumption, etc.) Lu et al.

Simon applied MLR to model the COP of a geothermal heat pump but used simulated
data. Akhlaghi used a multiple polynomial regression approach to evaluate the effects of
the intake air temperature, relative humidity, flow rate, and working air ratio on the COP
of a dew point air cooler using simulation data. Park et al. developed MLR and ML neural
network models to evaluate the essential parameters for predicting the COP of geothermal
heat pump systems in hospital buildings [14]. Nam predicted the coefficient of performance
of the geothermal system through a mathematical model, and Benli developed a prediction
model using an ANN model with heat pump energy consumption as input [17]. Esen et al.
developed a coefficient of the performance prediction model [18].

In the existing coefficient of performance prediction study, the coefficient of per-
formance was predicted using various methods, but the coefficient of the performance
prediction was mainly performed by machine learning using the directly related input
values used for mathematical calculation of the coefficient of performance, such as power
consumption and flow. In addition, things that are difficult to measure during operation or
measured through multiple monitoring sensors, such as heat capacity, were used as input
values. In addition, the coefficient of the performance prediction model was developed
mainly using the data in the limited temperature range provided by the manufacturer or the
data limited to the simulation, and studies related to the optimization of hyper-parameters
to improve the accuracy of the prediction model are lacking. This study developed a
coefficient of a performance prediction model that shows high accuracy at a low cost
using the input values that are generally monitored and easy to measure during the op-
eration of a heat pump system. The coefficient of a performance prediction model was
developed using the operational data of geothermal systems and measurement data in
various temperature ranges through experiments. The accuracy was improved through
hyper-parameter optimization.
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3. Methodology

Figure 3 shows a flow chart of the development of the performance prediction model.
The development of the performance coefficient prediction model proceeds in the order of
data collection and preprocessing for predictive model development, input variable selec-
tion, initial prediction model development, final prediction model development through
hyper-parameter optimization, and prediction performance analysis.
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In this study, R studio (Ver. 1.2.1335) has been used for research, and an industrial
application was used as a language for data mining and machine learning for developing
the predictive model.

3.1. Data Collection and Pre-Processing

A model was developed for predicting the coefficient of performance of a hybrid
geothermal heat pump system by collecting data from the target building where the
existing geothermal system was installed and operated and data from a test bed equipped
with equipment that simulates the geothermal system. The coefficient of performance
of the hybrid geothermal heat pump system is equivalent to predicting the coefficient of
performance of a geothermal heat pump system. When operating a hybrid geothermal
system, the circulating water heat exchanged in the ground undergoes additional heat
exchange from an auxiliary heat source, which changes only the temperature entering the
heat pump. Hence, a hybrid geothermal system coefficient of the performance prediction
model can be developed using the data from the geothermal system. The actual geothermal
system operation data were collected through the BAS system for the buildings in which the
geothermal system was installed. Table 3 shows an overview of the building for geothermal
system operation data collection.

Additional data were collected from the test bed to develop a coefficient of a per-
formance prediction model using the data of various temperature ranges that may occur
during geothermal and hybrid geothermal systems operation. Figure 4 shows the config-
uration of the entire system used in the experiment, and the overview of the heat pump
system is listed in Table 4.



Appl. Sci. 2023, 13, 7771 6 of 19

Table 3. Overview of buildings for geothermal system operation data collection.

Category Contents

Building
Use Office

Total floor area 21,492 m2

Size B1/F9

Geothermal system

Type Vertical closed-loop
EA 7

Capacity (Cooling) 105.6 kW
Capacity (Heating) 101.4 kW

Number of borehole 70
Interval of borehole 5 m

Period of data collection 5 February 2014~31 August 2019

Appl. Sci. 2023, 13, x FOR PEER REVIEW  6  of  19 
 

Table 3. Overview of buildings for geothermal system operation data collection. 

Category  Contents 

Building 

Use  Office 

Total floor area  21,492 m2 

Size  B1/F9 

Geothermal 

system 

Type  Vertical closed-loop 

EA  7 

Capacity (Cooling)  105.6 kW 

Capacity (Heating)  101.4 kW 

Number of borehole  70 

Interval of borehole  5 m 

Period of data collection  2014.02.05~2019.08.31 

Additional data were collected from the test bed to develop a coefficient of a perfor-

mance prediction model using the data of various temperature ranges that may occur dur-

ing geothermal and hybrid geothermal systems operation. Figure 4 shows the configura-

tion of the entire system used in the experiment, and the overview of the heat pump sys-

tem is listed in Table 4. 

 

Figure 4. Configuration of systems for operational data collection. 

Table 4. Overview of heat pump systems. 

Classification  Cooling  Heating 

Capacity (kW)  190.61  178.93 

Power (W)  38.03  44.52 

Flow rate (LPM)  600  600 

COP  5.01  4.02 

The test bed used a constant temperature tank connected to a heat pump to simulate 

the heat source and  load side and  the heat source side. It was used as  the cooling and 

heating source and for maintaining the temperature through an air-cooled auxiliary heat 

source. The load and heat source sides were simulated by connecting a constant tempera-

ture tank to a heat pump to supply cooling and heating sources and maintain the temper-

ature through an air-cooled auxiliary heat source. Table 5 outlines the experimental sys-

tem, and Figure 5 shows the systems installed in the target building. 

   

Figure 4. Configuration of systems for operational data collection.

Table 4. Overview of heat pump systems.

Classification Cooling Heating

Capacity (kW) 190.61 178.93
Power (W) 38.03 44.52

Flow rate (LPM) 600 600
COP 5.01 4.02

The test bed used a constant temperature tank connected to a heat pump to simulate
the heat source and load side and the heat source side. It was used as the cooling and heating
source and for maintaining the temperature through an air-cooled auxiliary heat source.
The load and heat source sides were simulated by connecting a constant temperature
tank to a heat pump to supply cooling and heating sources and maintain the temperature
through an air-cooled auxiliary heat source. Table 5 outlines the experimental system, and
Figure 5 shows the systems installed in the target building.

In both systems, the factors affecting the performance coefficient of the geothermal heat
pump, such as inlet and outlet temperature difference, flow rate, and power consumption,
were collected for the performance evaluation in both systems, as well as the outside air
temperature. Table 6 gives an overview of the operational data collection in both systems.

Table 5. Overview of auxiliary systems.

Classification Spec. Contents

Heat source tank 18.7 ton Circulation flow rate on heat source side: 5~10 Ton
Load tank 18.7 ton Circulation flow rate on load side: 5~100 Ton

Auxiliary heat source 10 HP Air-cooled heat pump
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Table 6. Overview of operation data collection.

Category Building Test-Bed

Data collection period 1 January 2018~31
December 2018

25 August 2019~27
August 2019

Data collection cycle 3 h 1 min
Data collection method BAS Measurement

Temperature range (cooling) 24~43 ◦C 20~49 ◦C
Temperature range (heating) 11~24 ◦C 8.1~26.8 ◦C

In the case of a building with a geothermal system installed, data monitored through
BAS were collected at a three-hour cycle, and the data from January 1 to 31 December 2018,
where data in various temperature ranges among the total collected data were analyzed,
were used to predict the coefficient of performance. In the test bed, the inlet/outlet
temperature of the heat source and load side at one-minute intervals utilized an RTD
(Resistance Temperature Detector) temperature sensor and was stored as a data logger
(MV2000). The flow rate was measured through the load and heat source side thermostat
system, and the flow meter (FMAG5000) was installed on the water pipeline. The power
consumption was measured by installing a watt-hour meter (CW240) on the heat pump.
The outside air temperature and humidity were measured, and data were collected through
the HOBO U12. Figure 6 shows the measurement items and devices measured in the
experiment and Table 7 shows the accuracy of the measurement devices.
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Table 7. Accuracy of the measurement devices.

Measurement Device Specific Information Ranges Accuracy

Temperature sensor (◦C) RTD (OMEGA) −50~200 ±0.15%
HOBO U12 (ONSET) −20~70 ±0.35%

Flow meter (m3/h) FMAG 5000 (SIEMENS) 0~400 ±0.4%
Power meter CW240 (YOKOGAWA) 0~3000 ±0.6%

For performance evaluation in a broader range of heat source inlet-temperature condi-
tions considering actual operating conditions, each item was measured while changing the
heat source inlet temperature in the range of 8.1–26.8 ◦C during the heating operation and
20–49 ◦C during the cooling operation. The experiment was carried out as the water in the
water tank on the heat source, and the load side was circulated and heated or cooled to
the initial set temperature. After opening various valves connecting the heat pump and
the water tank on the heat source side to circulate water, the temperature and flow rate of
water at the inlet side of the heat pump heat-source-side were set to suit the experimental
conditions. Various valves connecting the heat pump and the water tank on the load side
were opened to circulate water. The temperature and flow rate of water at the inlet of the
load side of the heat pump was set according to the experimental conditions. When a steady
state was reached, each measurement item required to derive the heat pump performance
coefficient was measured and recorded according to the measurement cycle. Table 8 lists the
operational data items collected for the two systems. As for the measurement uncertainty,
as shown in Table 9, the uncertainty of the temperature measuring device is 0.2 and the
uncertainty of the flow meter is 0.26~0.32.

Table 8. Operation data list.

Category Unit Symbol

Outdoor air temperature ◦C TOA
Source side inlet temperature ◦C TS,i
Source side outlet temperature ◦C TS,o

Load side inlet temperature ◦C TL,i
Load side outlet temperature ◦C TL,o

Heat pump power kW WHP
COP - COP

Pump power kW WP

Table 9. Measurement uncertainty.

Category Uncertainty (%)

Temperature 0.2
Flow rate 0.26~0.32

A large amount of data collected through the heat pump operation in the target
building were analyzed to select the input variable by assessing the correlation between the
coefficients of performance. An input variable was selected by quantitatively evaluating
the relationship with a performance coefficient to be predicted using a Pearson correlation
coefficient and a coefficient of determination. The Pearson correlation coefficient was
calculated using Equation (1), and the coefficient of determination was calculated as the
square of the Pearson correlation coefficient.

r =
∑n

i=1
(
Xi − X

)(
Yi − Y

)√
∑n

i=1
(
Xi − X

)2
√

∑n
i=1
(
Yi − Y

)2
(1)

r: Pearson correlation coefficient
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n: Number of data
Xi: Input data
X: Average of input data
Yi: Output data
X: Average of output data

The Pearson correlation coefficient is a number from 1 to −1. As the value of the
correlation coefficient approaches 0, the relationship between the input and output data is
weaker. The coefficient of determination indicates the correlation between two variables
to be measured; a coefficient closer to 1 indicates better performance. The inlet temper-
ature, outlet temperature, load-side inlet temperature, outlet temperature, and outdoor
temperature were used as the input. The monitored items with a high correlation coefficient
between input data and output data of less than 0.2 and a coefficient of determination
of less than 0.04 among the performance coefficient theoretical equation were selected as
variables. Table 10 lists the analysis results of the determination coefficient and Pearson
correlation coefficient for the input and output data for the selected input variable.

Table 10. Correlation analysis between input data and output data.

Category r r2

Outdoor air temperature −0.72 0.52
Source side inlet temperature −0.76 0.58
Source side outlet temperature 0.59 0.35

Load side inlet temperature 0.60 0.39
Load side outlet temperature 0.32 0.10

The heat-source-side outlet temperature showed the highest correlation among the
input variables, with a Pearson correlation coefficient of −0.76 and a coefficient of determi-
nation of 0.58. The outdoor temperature had a Pearson correlation coefficient of 0.32 and a
coefficient of determination of 0.10, indicating a relatively small relationship among the
input variables.

The data of the input variables, such as the inlet temperature on the heat source side,
outlet temperature on the heat source side, load side inlet temperature, load side outlet
temperature, and outdoor temperature, are the learning data by deleting the data in the
non-operational state of the geothermal system and excluding abnormal data (null) values.
(Training data), validation data (Testing data), and evaluation data (Validation data) to
generate training data for predictive model development.

3.2. Accuracy Metrics

In this study, to develop an initial predictive model and improve the performance
of the initial model, hyper-parameters for each machine learning are selected and set.
The predictive model optimization and optimized hyper-parameters were calculated by
performance analysis of the predictive model. The predictive model development and
performance were analyzed using the parameters applied.

The accuracy was evaluated using the coefficient of variation, the Mean Bias Error
(MBE), and the Coefficient of Variation (CV) to evaluate the performance of the predictive
model. The MBE means the total error of the predicted value, and the coefficient of
variation is a method of analyzing the error through the degree of variance. Using the
criteria provided by ASHRAE Guideline 14 (MBE of 10% and Coefficient of variation of
the Root Mean Squared Error (CvRMSE) of less than 30%), the accuracy of the prediction
model was evaluated, as shown in Equations (2)–(4) below [19,20].

MBE =
∑n

i=1(Pi − Mi)

n
× 100 (2)
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RMSE =

√
∑n

i=1(Pi − Mi)
2

n
(3)

CvRMSE =
RMSE

P
× 100 (4)

P: Predicted value
M: Measured value (or simulation value)
n: Number of measured data
P: Average of predicted value

4. COP Prediction Model Development with Hyper-Parameter Optimization
4.1. Initial COP Prediction Model Development

In this study, an initial coefficient of performance prediction model was developed
using an ANN and an SVM model to analyze the suitability for predicting the heat pump
performance coefficient by machine learning. At this time, each prediction model was
developed using the built-in function of R studio. The initial model performance and
optimization performance are compared and analyzed. Table 11 shows the statistical
analysis of parameters through the random classification of input variables and training
data selected for developing the initial coefficient of the performance prediction model [21].

Table 11. Statistical analysis of ANN model.

Variables
Statistical Parameters

Means Standard Deviation Minimum Maximum

COP
Training 2.90 0.71 1.17 5.46
Testing 2.76 0.55 1.22 3.77

Load side inlet temperature Training 17.29 1.71 11.60 25.00
Testing 17.30 1.75 12.10 24.20

Load side outlet temperature Training 16.02 2.12 9.00 24.40
Testing 15.99 2.16 9.10 23.60

Source side inlet temperature Training 33.52 3.81 24.20 43.50
Testing 33.56 3.74 24.60 43.00

Source side outlet
temperature

Training 37.52 3.81 28.20 47.50
Testing 37.56 3.74 28.60 47.00

Outside temperature Training 25.43 2.21 22.90 33.70
Testing 2530 2.22 23.00 33.10

The training data and the validation data were evenly distributed for all parameters.
Statistical analysis of the parameters was performed by random classification of the input
variables. The training data selected for developing the initial coefficient of the performance
prediction model are shown in Table 12. The training and validation data were distributed
evenly for all parameters [22].

The initial ANN utilization prediction model was constructed as an ANN model with
a structure of one hidden layer and two hidden neurons with input variables. Table 13 lists
the structure of the ANN, and Table 14 shows the structure of the initial prediction model
of the SVM [23,24].
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Table 12. Statistical analysis of SVM model.

Variables
Statistical Parameters

Means Standard Deviation Minimum Maximum

COP
Training 2.90 0.71 1.17 5.46
Testing 2.76 0.55 1.22 3.77

Load side inlet temperature Training 17.29 1.71 11.60 25.00
Testing 17.30 1.75 12.10 24.20

Load side outlet temperature Training 16.02 2.12 9.00 24.40
Testing 15.99 2.16 9.10 23.60

Source side inlet temperature Training 33.52 3.81 24.20 43.50
Testing 33.56 3.74 24.60 43.00

Source side outlet temperature Training 37.52 3.81 28.20 47.50
Testing 37.56 3.74 28.60 47.00

Outside temperature Training 25.43 2.21 22.90 33.70
Testing 2530 2.22 23.00 33.10

Table 13. Structure of initial ANN model.

Category Contents

Function

Activation Sigmoid
Loss Mean squared error

Optimization algorithm Adam
Epoch 5000

Structure

Input layer Number of layer 1
Number of neuron 5

Hidden layer Number of layer 1
Number of neuron 2

Output layer Number of layer 1
Number of neuron 1

Table 14. Structure of initial SVM model.

Category Contents

Type Eps-regression
Kernel Polynomial
Epsilon 0.1

Cost 1
Gamma 1

The performance of the initial prediction model was evaluated based on the coefficient
of determination, CvRMSE, and calculation time by comparing the predicted heat pump
performance coefficient and the measured heat pump performance coefficient by inputting
the test data into the developed prediction model. Table 15 presents the performance evalu-
ation result, and Table 16 lists the calculation time analysis result. The ANN model satisfied
the decision coefficient criterion exceeding 0.8 and the CvRMSE criterion. For the SVM, the
CvRMSE was 15.9, which satisfied the criterion, but the coefficient of determination did
not. The prediction accuracy of the initial model was 17.8% for the ANN model and 15.9%
for the SVM, showing that the SVM was higher.

Table 15. Performance analysis of initial ANN model.

Category
Accuracy

R2 CvRMSE Error

ANN 0.89 17.8 −12~11
SVM 0.65 15.9 −14~16



Appl. Sci. 2023, 13, 7771 12 of 19

Table 16. Computation time analysis of initial ANN model.

Category Normalization Train Time (s)

ANN
Min-Max 1.43

Standardization 0.83

SVM
Min-Max 2.63

Standardization 6.64

The computation time of the prediction model for the environment to be checked
in real-time should be considered, along with the accuracy of the prediction. The ANN
terminates the operation when the indicator specifying the error between the measured
value and the predicted value reaches a certain level. Table 17 lists the computation time
analysis results of the initial coefficient of the performance prediction model developed
using ANNs and SVMs.

Table 17. Hyper-parameter optimization method.

Machine Learning Model Hyper Parameter Optimization Method

ANN
Training iterations Grid search

Number of hidden layer Bayesian optimization
Number of hidden node Bayesian optimization

SVM
Kernel Grid search

Number of gamma Random search
Number of cost Random search

The ANN model has a shorter computation time than the SVM. A real-time prediction
is possible because both models were calculated within one minute. The performance of
the initial predictive model was improved by optimizing the structure and parameters of
the predictive model.

4.2. Hyper-Parameter Optimization

When developing a machine learning-based prediction model, it cannot be estimated
from data, unlike the parameters that are estimated or learned from data and stored as a
part of the trained model. The performance of the model was different. It is essential to
select the optimal hyper-parameter to improve the performance of the prediction model.
The prediction performance can be improved compared to the initial prediction model.
Table 17 lists the hyper-parameters analyzed for each machine learning model in this study
and the optimization method.

Hyper-parameters can be optimized using a range of techniques. In the manual search
method, the user calculates the optimal hyper-parameter through repeated execution
based on intuition or experience. The random search method is used to find the optimal
combination by repeatedly extracting random values within the range, setting the minimum
and maximum values of each hyper-parameter, and narrowing the extraction range based
on the previously extracted and evaluated results. Hence, Bayesian optimization optimizes
hyper-parameters.

4.2.1. ANN Hyper-Parameter Optimization

In the ANN-based coefficient of the performance prediction model, the learning degree
changes according to the number of hidden layers (Hidden Layer, HL) and the number
of neurons in the hidden layer (Hidden Neuron, HN). As the number of hidden layers
increases, the ANN is called “deep”. In the case of a simple I/O relationship, high learning
performance is possible even if the number of hidden layers and neurons is small. It is
important to select the number of hidden layers and the number of neurons in the predictive
model. In the hyper-parameter range of Table 18, the optimal number of hidden layers and
neurons are derived through Bayesian optimization.
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Table 18. Hyper-parameter for optimizing ANN model.

Category Parameters

ANN 1, 2, 3, 4
SVM 1~17

Figure 7 shows the prediction model performance analysis according to 100 repetitions
of learning. The performance of the performance coefficient prediction model was stabilized
at 60 repetitions of learning. After a steady decrease in RMSE up to 40 times, unstable
performance was analyzed during 40 to 50 repetitions. This required iterative learning at
least 60 times to develop a performance coefficient prediction model using an ANN model.

The optimization of the number of hidden layers and the number of neurons proceeds
through two steps. First, the coefficient of determination, CvRMSE, was analyzed when
the number of hidden layers was increased from 1 to 4 and the number of neurons was
fixed. With the number of hidden layers with the highest performance calculated using
this method, the combination of the optimal number of hidden layers and the number of
neurons was derived through the change in the number of neurons. The analysis result is
shown in Figure 8. The best performance was shown when the number of hidden layers
was two and the number of neurons in the hidden layer was 11.
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4.2.2. SVM Hyper-Parameter Optimization

The hyper-parameters of SVM model were configured as shown in Table 19, and
model development and accuracy analysis were performed.
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Table 19. Hyper-parameter for optimizing SVM model.

Category Parameters

Kernel Radial, Linear, Polynomial, Sigmoid
Cost 1, 2, 4, 8, 16

Gamma 0.00001, 0.0001, 0.001, 0.01, 0.1, 0

In this study, four models were developed according to the type of kernel, and each
model was evaluated by applying the cost and gamma configuration using a random
research method that sets the maximum and minimum values for cost and gamma and
repeats and optimizes random values within the range. The parameters changed in the
development of the SVM model are shown in the table. The cost was changed in the range of
0, 1, 2, 4, 8, and 16, and gamma was changed in the range of 0.00001, 0.0001, 0.001, 0.01, 0.1,
and 0. The performance was analyzed in a total of 120 configurations. According to the
kernel, it was divided into SVM Model 1 (Radial), SVM Model 2 (Linear), SVM Model 3
(Polynomial), and SVM Model 1 (Sigmoid). Tables 20–23 show the performance of each
model, and the shaded cell in each table is the value representing the highest performance
in the model. Table 20 shows the performance results for each configuration of Model 1. In
Model 1, when the cost was 16 and the gamma was 0, the performance was highest at 0.8.
When analyzing the performance of Model 2, in which the kernel was applied linearly, it
shows similar performance in most configurations. When the cost was 1,2, and 4, it showed
the same performance in all gammas, and there was no change in performance when
the cost was 8 and 16. When analyzing the prediction performance through simulation,
when the cost was 16, and the gamma was 0.00001, 0.0231 showed the best performance
(Table 21). Table 22 presents the performance results for each configuration of Model 3
to which the kernel was applied as a polynomial. In Model 3, when gamma was 0, high
performance was shown regardless of cost, and when gamma was 0, a lower cost indicated
higher performance. Performance analysis of each combination showed that the highest
performance was 11.52 when the cost was 1 and the gamma was 0. As shown in the analysis
results in Table 23, Model 4 shows the best performance at 20.84 when the cost is 2, and the
gamma is 0.001. In the case of Model 4, the performance was much lower when gamma
was 0.1 or 1, so it was not shown in the analysis results.
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Table 20. Prediction model performance analysis according to hyper-parameter (SVM model 1).

Category Cost

Gamma 1 2 4 8 16

0.00001 49.6 47.0 43.9 41.4 39.6
0.0001 39.3 38.5 37.9 37.7 36.5
0.001 36.5 34.1 29.7 26.5 24.7
0.01 20.4 12.3 5 2.6 1.7
0.1 3.2 4.4 1.9 2.4 2.5
0 5.2 3.1 2.5 1.2 0.8

Table 21. Prediction model performance analysis according to hyper-parameter (SVM model 2).

Category Cost

Gamma 1 2 4 8 16
0.00001 2.334 2.334 2.313 2.310 2.310
0.0001 2.334 2.334 2.313 2.310 2.310
0.001 2.334 2.334 2.313 2.310 2.310
0.01 2.334 2.334 2.313 2.310 2.310
0.1 2.334 2.334 2.313 2.310 2.310
0 2.334 2.334 2.313 2.310 2.310

Table 22. Prediction model performance analysis according to hyper-parameter (SVM model 3).

Category Cost

Gamma 1 2 4 8 16

0.00001 51.21 47.00 50.05 51.05 53.05
0.0001 40.70 39.20 38.30 49.60 47.00
0.001 50.47 49.69 48.22 46.50 44.63
0.01 52.99 52.94 52.85 53.03 53.02
0.1 15.31 20.84 18.38 16.38 14.95
0 11.52 13.52 13.41 20.28 15.31

Table 23. Prediction model performance analysis according to hyper-parameter (SVM model 1).

Category Cost

Gamma 1 2 4 8 16
0.00001 51.21 49.55 47.00 43.92 41.41
0.0001 43.07 40.78 39.25 38.46 37.89
0.001 24.70 20.84 32.85 33.78 26.47
0.01 38.27 37.65 36.12 46.72 53.05

5. COP Prediction Model Accuracy Analysis with Hyper-Parameter Optimization

The final coefficient of the performance prediction model was produced by developing
an initial coefficient of the performance prediction model for ANNs and SVMs, and the
accuracy of the coefficient of the performance prediction model was improved by hyper-
parameter optimization. Table 24 lists the composition of the performance coefficient
prediction model using the ANN developed by applying the derived optimal hyper-
parameters. By applying the derived optimal cost and gamma, four SVM models were
developed, as shown in Table 25.
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Table 24. Construction of an ANN model with hyper-parameter optimization.

Category Contents

Function

Activation Sigmoid
Loss Mean squared error

Optimization algorithm Adam
Epoch 5000

Structure

Input layer Number of layer 1
Number of neuron 4

Hidden layer Number of layer 2
Number of neuron 11

Output layer Number of layer 1
Number of neuron 1

Table 25. Construction of a SVM model with hyper-parameter optimization.

Category Contents

Type Eps-regression
Kernel Radial
Epsilon 16

Cost 0
Gamma 0.1

Number of support vector 1116

Table 26 and Figure 9 show the accuracy analysis results of each prediction model
using the two machine learning models. The performance coefficient prediction model
was analyzed using an ANN model. The MBE was −3.6%, and the CvRMSE was 5.4%,
which is the verification standard for the hourly measurement data according to ASHRAE
Guideline 14 (MBE is 10%, CV (RMSE) is less than 30%). The performance of the predictive
model was excellent. The coefficient of the performance prediction model using the SVM
also satisfied the criteria with MBE = −9.8% and CvRMSE = 8.1%. For the coefficient
of determination, the ANN model was 0.95, and the SVM was 0.96, indicating a high
relationship. Both models showed high performance, but the ANN model was better.
Hence, the utility of the hybrid geothermal system was higher in this study.

Table 26. Performance analysis of prediction model with hyper-parameter optimization.

Category
Accuracy

MBE RMSE CvRMSE R2

ANN −3.6% 15.96% 5.4% 0.953
SVM −9.8% 43.96% 8.10% 0.962

Figure 10 shows the continuous data of the coefficient of performance predicted
through the coefficient of performance prediction model using the ANN and the measured
performance coefficient.
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model with optimal hyper-parameter.

6. Conclusions

A machine learning-based coefficient of a performance prediction model was devel-
oped to predict the coefficient of performance in real-time and the coefficient of performance
of the next stage, which is essential for the efficient operation of hybrid geothermal heat
pump systems. The performance coefficient prediction model development dealt with
data collection and preprocessing for predictive model development, input variable selec-
tion, initial prediction model development, and final prediction model development and
verification through prediction model optimization. The details are as follows.

(1) The data of the target building where the actual geothermal system was installed and
operated were collected to develop a predictive model for the coefficient of perfor-
mance of the hybrid geothermal heat pump system. The data were measured at the
test bed installed with equipment that simulated a geothermal system. The learning
data comprised one set of outdoor air temperature, a heat source side inlet/outlet
temperature, load side inlet/outlet temperature, wattage, and COP.

(2) The input variables were selected by quantitatively evaluating the relationship be-
tween the Pearson correlation coefficient and the performance coefficient to be pre-
dicted using the Pearson correlation coefficient and the determination coefficient for
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the collected learning data. The outlet temperature of the heat source had the highest
correlation among the input variables with a Pearson correlation coefficient of −0.76
and a coefficient of determination of 0.58, and the outdoor temperature showed a
relatively small relationship among the input variables with a Pearson correlation
coefficient of 0.32 and a coefficient of determination of 0.10.

The prediction model optimization that calculates the hyper-parameters of the initial
performance coefficient prediction model of the ANN and SVM and the prediction model
development and performance applying the optimized hyper-parameter were verified.
The MBE was −3.6%, CvRMSE was 5.4%, and the coefficient of a performance prediction
model using an SVM also showed predictive performance with −9.8% for MBE and 8%
for CvRMSE.
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