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Abstract. In Brazil, buildings account for proximately 51% of electricity consumption. In commercial buildings, air
conditioning systems are responsible for about 70% of this use. To collaborate to reduce this demand, this work
presents an Earth-Air Heat Exchanger (EAHE) used for environment climatization. This passive system uses the soil as
a heat exchanger, heating or cooling the air depending on the climatic conditions. The system, which includes 100 mm
diameter Polyvinyl Chloride (PVC) ducts, and a fan for airflow control, was built at the Federal University of
Technology of Paraná (UTFPR), Campus Ponta Grossa. A series of k-type thermocouples were inserted along the
EAHE, the ground, and the environment. Artificial Neural Networks (ANNs) were used to obtain the temperature
distribution along the exchanger to predict the performance of these heat exchangers subjected to different climatic
conditions. Air temperature at the exchanger inlet, soil temperature, and airflow rate were used as input data for the
model. Four different structures of Multilayer Perceptron (MLP) networks were used in this study, and all of them were
capable of adequately predicting the temperatures of the thermocouples along the heat exchanger.
Keywords: Earth-Air Heat Exchangers (EAHE), Energy Efficiency, Passive Cooling, Artificial Neural Networks
(ANNs), Multilayer Perceptron (MLP).

1. INTRODUCTION

In Brazil, half of the energy consumed in recent decades came from buildings, which grew proportionally to the
Gross Domestic Product (GDP). In this context, research on the energy efficiency of buildings has grown in developing
countries, primarily when related to finite resources in nature. Intending to evolve this scenario, reducing the energy
demand necessary for thermal control in buildings, it proved to be very promising. In this way, the literature offers
several alternatives (Brugnera et al., 2019). Among them, one of the alternatives highlighted to reduce energy
consumption and improve comfort conditions in buildings is using soil as a heat exchanger. Due to its high thermal
inertia, the soil can maintain an almost constant temperature at specific depths, with little dependence on temperature
variations that occur on the surface (Marcondes et al., 2010; Ramírez-Dávila et al., 2014; Hollmuler et al., 2014;
Rodrigues et al., 2017). In this case, the Earth-Air Heat Exchanger (EAHE) uses the soil to heat or cool the air through
buried ducts, usually made of polyvinyl chloride (PVC). The EAHE can operate in different ways, such as capturing
external air (open system), circulating the air from the internal environment (closed system), or in a hybrid way, taking
advantage of the internal air and adding a portion of external air (Soni et al., 2015; Bordoloi et al., 2018).

In addition to the high computational time required, analyzing the performance of EAHE through numerical
simulations can be complex due to the nonlinear interactions among various variables, including air temperature,
humidity, airflow, and soil characteristics. Therefore, accurately predicting the temperature distribution along the
exchanger pipe requires the appropriate modeling of these complex interactions. Artificial neural networks (ANNs),
such as the multilayer perceptron (MPL) architecture, can be appropriate for carrying out these predictions, as Haykin
(2009) discusses in his book "Neural Networks and Learning Machines". By training an MLP, using historical
operational data from the heat exchanger, we can estimate temperature variations along the tube, even under different
initial physical conditions, such as varying airflow rates, soil temperatures, and atmospheric air temperatures. The use
of this model enables optimizing the operation of the heat exchanger, predicting the temperature distribution throughout
the system and, consequently, becoming possible to improve energy efficiency and performance.

Results from studies that have analyzed the performance of ANNs in heat exchangers demonstrate that properly
trained neural networks can simulate both the general and specific characteristics of a heat exchanger (Tan et al., 2009).
For example, in an article published by Romero-Méndez et al. (2016), it is revealed the convenience of using neural
networks as a precise prediction tool for determining convective heat transfer rates in evaporators. Additionally, Kumar
et al. (2006) describe that for a EAHE, the use of an algorithm is suitable for calculating the outlet air temperature, as
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well as the heating and cooling potential of the system. Moreover, the use of ANNs for time series prediction is highly
appropriate, as evidenced by Siqueira et al. (2020), where the utilization of extreme machine learning (EML) neural
network demonstrated satisfactory performance for this type of forecasting.

As observed in the literature, the use of ANNs to analyze the performance of heat exchangers, in general, has yet to
be explored, especially concerning the EAHE. Thus, in this work, ANNs were used to obtain the temperature
distribution along the exchanger to predict the performance of these heat exchangers subjected to different climatic
conditions. The models were validated using data obtained experimentally through a prototype built at the Federal
Technological University of Paraná (UTFPR), Campus Ponta Grossa, Brazil.

2. EXPERIMENTAL PROCEDURE

The experimental setup was developed at the Federal Technological University - Paraná (UTFPR), Campus Ponta
Grossa. Figure 1(a) show the exchanger design and Figure 1(b) the location where it was installed, as well as their
respective dimensions:

(a) (b)

Figure 1. (a) Design, (b) Mounting location.

Assembled with 100 mm diameter polyvinyl chloride (PVC) tubes in the form of serpentine and buried at a depth of
1.5 m from the surface, the EAHE has tubes with an average length of 5.15 m and spacing of 0.50 m between them,
totaling 50.65 m in length. In the system, the air is insufflated by an AeroMack radial fan, model cre-03, with a power
of 2 HP and a maximum flow of 3.2 m³/min. It should be noted that a much lower fan power would be sufficient for
system operation. For this research, three different air flow velocities were analyzed: 3 m/s, 5 m/s, and 7.5 m/s, which
were measured using a digital anemometer during operation.

14 K-type thermocouples were installed along the pipeline for temperature measurement, as shown in Figure 2(a).
The first five are positioned in the first 4.85 meters (first pass), and the others every 5.60 meters of pipe. Figure 2(b)
shows the apparatus for data acquisition composed of a Keysight™ DAQ970 data acquisition system (A), two
Keysight™ multiplexers (B), and an Intel™ Core i7-7600 microcomputer with 16 GB of RAM (C).

(a) (b)

Figure 2. (a) Installation of thermocouples, (b) Data acquisition apparatus.

3. MULTILAYER PERCEPTRON

MLPs are networks capable of learning complex non-linear patterns between input and output variables, making
them adequate for classification, regression and other tasks. These networks consist of multiple layers of interconnected
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neurons, which are divided into an input layer, one or more intermediate (or hidden) layers, and an output layer
(Haykin, 2009), as presented in Figure 3.

Figure 3. Representation of a multilayer perceptron structure with two hidden layers.

Each neuron in a hidden layer receives input signals from the previous layer, where they are weighted by the
synaptic weights associated with each connection, which determine how much each input signal contributes to the
neuron's output (Haykin, 2009). The weighted sum of the input signals is then passed through the neuron's activation
function, which introduces non-linearities to the neuron's outputs. Mathematically, the output of each neuron can be
expressed by the Eq. (1):

,𝑦 = 𝑓(
𝑖=1

𝑛

∑ 𝑤
𝑖
· 𝑥

𝑖
+ 𝑏) (1)

where represents the output of the neuron, denotes the activation function, i represents the weights associated with𝑦 𝑓 𝑤
each input i, is the bias term, and is the number of inputs to the neuron.𝑥 𝑏 𝑛

If there are more than one hidden layer, this process is repeated until the signal reaches the output layer. The output
layer of the MLP has neurons that process the signals received from the hidden layers, apply a specific activation
function, and combine these signals to produce the final output result of the network (Haykin, 2009).

After this process, the phase called backpropagation begins. In this phase, the error between the network's output
and the desired value is propagated back to the previous layers. The synaptic weights of each neuron are updated
according to the gradient descent, which calculates the direction and magnitude of the necessary adjustment to reduce
the error. This process is iteratively repeated to adjust the weights in all layers, gradually improving the network's
learning (Silva et al., 2010).

4. MLP APPLICATION

4.1 Data processing

Initially, the data was separated into input and output sets. The input data consisted of the following variables: air
velocity in the pipeline, soil temperature, and air temperature at the inlet of the heat exchanger (first thermocouple). On
the other hand, the output data was composed of temperatures recorded by the other 13 thermocouples along the
pipeline. The output data were used to compare the predicted results by the networks, allowing for the evaluation of the
network's performance and improvement of its training.

Before training the network, all the data used was normalized using the Min-Max method. Min-Max normalization
ensures that all variable values are on the same scale, preventing values of larger magnitudes from dominating the
learning process, in addition, it also improves the convergence speed of the optimization algorithm. The equation below
expresses the method mathematically:
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where is the original value of the variable, norm is the normalized value of the variable, min and max are the minimum𝑧 𝑧 𝑧 𝑧
and maximum values of the variable, respectively.

After this step, it is essential to divide all dataset (input and output data) into three parts: training, validation, and
test sets. The training set is used to adjust the network's weights and minimize the error during the learning process. In
this study, 80% of the collected data was allocated to the training set, while the remaining 20% was assigned to the test
set.

The validation set is a separate portion of the training data used to validate the model. In this case, 20% of the
training set was dedicated to validation. For this research, the Early Stop validation method was employed. This
technique is suitable for improving the efficiency and generalization capability of the model by preventing overfitting, a
phenomenon that occurs when the model excessively adapts to the training data, resulting in poor performance during
the test phase.

Finally, the test set is used to evaluate the final performance of the model. It measures how well the model performs
on unseen data after training and validation phases.

4.2 The network structure

To facilitate the search in finding the best prediction results, it is interesting to explore different MLP network
structures, as some structures may be more suitable for capturing the complex patterns and relationships present in the
data than others.

For this research, four distinct types of structures were analyzed for comparison purposes, as described in Table 1.

Table 1. MLPs structures used for training.

For models 1 and 2, the networks have 12 outputs, each one corresponding to the thermocouples installed along the
exchanger's pipeline. For models 3 and 4, the networks have only 1 output, corresponding to a single thermocouple
sensor, in other words, the network was trained 12 times, once for each sensor.

In this research, to optimize the search for the ideal set of weights that leads to optimal network performance,
among the various existing optimization algorithms, Adam was chosen. The Adam algorithm combines the advantages
of the stochastic gradient descent (SGD) method with the adaptive learning rate method, improving the efficiency and
convergence speed of model training (Kingma and Ba, 2014).

For the purpose of comparison, the differences between models 1 and 2, as well as between 3 and 4, stem from the
activation functions used. Specifically, models 1 and 3 employed the sigmoid function, represented by Eq. (3), while
models 2 and 4 utilized the hyperbolic tangent function, represented by Eq. (4):

,𝑓 𝑥( ) = (1 + 𝑒𝑥𝑝(− 𝑥))−1 (3)

.𝑓 𝑥( ) = (𝑒𝑥𝑝(𝑥) − 𝑒𝑥𝑝(− 𝑥))/(𝑒𝑥𝑝(𝑥) + 𝑒𝑥𝑝(− 𝑥)) (4)

The loss calculated during the validation phase of the training (validation loss) was based on the mean squared error
(MSE). MSE is a common metric used to evaluate the performance of regression models and can be expressed by Eq. 5:

,𝑀𝑆𝐸 = (Σ(𝑣 − 𝑣)2)/𝑛 (5)

where is the total number of samples in the evaluation data, represents the real or observed values and represents𝑛 𝑣 𝑣
the predicted or estimated values by the model.

In order to compare the performance of the networks' results, in addition to the MSE metric, the mean absolute
error (MAE) metric and the maximum temperature error (MTE) were also utilized, both defined as:
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,𝑀𝐴𝐸 = (Σ 𝑣 − 𝑣| |)/𝑛 (6)
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where () is a function that returns the highest value obtained from the difference between each pair of predicted𝑚𝑎𝑥
value ( predicted) and real value ( real) across all the analyzed data.𝑣 𝑣

It is important to highlight that the four MLP models were subjected to independent training for 30 times. Each
training was initiated with different random parameters, allowing the models to explore different learning trajectories
and avoid getting stuck in local minima, which enables obtaining a more accurate and representative view of each
model's behavior regarding the data and the variability of the obtained results.

5. RESULTS

Based on the data collected from the thermocouple sensors and the digital anemometer, during the period from
November and December 2021, January, February, and from May to December 2022, and from February to June 2023,
with data collected hourly, resulting in a total of 19,470 data points (with each data point containing the output signals
from the thermocouples and digital anemometers), the training results for the four MLP models can be observed in
Table 2 below.

Table 2. Comparison of MSE, MAE e MTE for all MLPs models.

To better compare the test results, the box plot (Figure 4) illustrates the distribution of the MSE from all the
conducted trainings for each model.

Figure 4. Boxplot of MSE for each model.

The scatter plots (Figure 5) below compare the predicted values with the true values for the test set, based on the
best-performing MLP for each model.
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(a) (b)

(c) (d)

Figure 5. Comparison of predicted and real temperatures values for MLPs: (a) Model 1, (b) Model 2, (c) Model 3, (d)
Model 4.

Based on the data from Table 2, it can be stated that the best model (among the structures listed in Table 1) was
Model 2, as it exhibited the lowest MSE, MAE, and MTE values. Although, it is also noteworthy that Model 2 shows a
higher variation compared to Model 1, as demonstrated in Figure 4. Analyzing the box plot, Models 3 and 4 exhibited
low variation, but had elevated MSE values when compared to the first two models.

However, it is evident that all models achieved adequate temperature predictions, as shown in Figure 5, where the
scatter plots demonstrate the close proximity of the predicted values to the actual values.

By analyzing the results, some hypotheses can be raised, such as the relationship between the number of neurons
and hidden layers with the obtained results. It is observed that, in general, the increase in the number of hidden layers in
Models 3 and 4, or performing a better search for the ideal number of nodes per layer in all models, could lead to more
satisfactory results.

6. CONCLUSIONS

The results of MLPs generally met the expectations regarding temperature predictions and model performance, with
Model 2 achieving the best outcome, even though it exhibited higher variation.

The hyperbolic tangent activation function, despite exhibiting greater variation, demonstrated better MSE compared
to the sigmoidal function. This suggests that the hyperbolic tangent is more suitable for this type of study.

For future studies, alternative validation approaches can be considered to enhance network performance, such as
employing K-fold cross validation, which can possibly help assess model reliability by validating the model on multiple
subsets of data and reducing the risk of overfitting. Additionally, other types of ANNs can be explored, such as
recurrent neural networks (RNNs) or extreme learning machines (ELMs), which could further improve the accuracy and
performance of predictions for the specific problem at hand.
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