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Abstract: The use of greywater heat exchangers (GHEs) is an effective way to reduce energy con-
sumption for heating domestic water. However, the available characteristics of this type of device
are often insufficient and consider only a few selected parameters of water and greywater, which
results in the need to look for tools enabling the determination of the effectiveness of GHEs in
various operating conditions with incomplete input data. The aim of this paper was to determine
the usefulness of artificial neural networks (ANNs). For this purpose, comprehensive experimental
tests were carried out on the effectiveness of the horizontal heat exchanger, taking into account a
wide range of water and greywater flow rates and temperatures of these media, as well as the linear
bottom slope of the unit, which allowed for the creation of a database of 32,175 results. Then, the
feasibility of implementing the full research plan was assessed using ANNs. The analysis showed
that the impact of the media temperatures on the heat exchanger effectiveness values obtained
using ANNs is limited, which makes it possible to significantly reduce the number of necessary
experiments. Adopting only three temperature values of at least one medium allowed the generation
of ANN models with coefficient values R2 = 0.748–0.999 and RMSE = 0.077–1.872. In the case of
the tested GHE, the slope and the flow rate of the mixed water are of key importance. However,
even in the case of parameters of significant importance, it is possible to reduce the research plan
without compromising the final results. Assuming five different values for each of the four input
parameters (a total of 625 combinations) made it possible to generate an ANN model (R2 = 0.993
and RMSE = 0.311) with high generalization ability on the full research plan covering 32,175 cases.
Therefore, the conducted analysis confirmed the usefulness of ANNs in assessing the effectiveness of
GHEs in various operating conditions. The approach described in this paper is important for both
environmental and economic reasons, as it allows for reducing the consumption of water and energy,
which are necessary to carry out such scientific research.

Keywords: domestic hot water; shower heat exchanger; waste heat recovery; machine learning;
multilayer perceptron; artificial neural network (ANN)

1. Introduction

Sustainable energy management has become increasingly important in recent years.
Borowski [1] pointed out that this resource is necessary in the context of improving living
conditions and ecological development. For this reason, the implementation of efficient and
cheap heat recovery systems seems to be a necessity [2–4], especially since basing modern
energy policy solely on renewable sources may lead to periodic energy shortages [5].
Gualotuña-Gualoto et al. [6] noticed that the use of energy irretrievably lost in buildings
may contribute to the decarbonization of the economy. Aleksić et al. [7] pointed out that
energy recovery from otherwise wasted sources is important from the point of view of
achieving a more sustainable world. Other researchers have shown that this approach is an
effective way to implement a circular economy [8], especially if the heat recovery process is
carried out using appropriately selected and designed devices [9].
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However, the transformation towards a low-emission economy encounters a number
of barriers [10], notably the attitude of potential recipients of sustainable solutions. Society’s
tendency to use pro-ecological technologies is determined by both people’s personality and
external factors [11]. For example, the occurrence of interrelated energy and environmental
problems [12] as well as increasing legal requirements regarding the energy consumption
of buildings [13] may contribute to the increasing interest in the use of energy-saving
technologies. Social pressure [14], promotional campaigns [15] and the introduction of
intelligent solutions [16] also play an important role in the process of implementing pro-
ecological behavior. The expected results highlight the crucial significance of effective
implementation. Conversely, ineffective innovations can lead to adverse environmental
impacts [17], exacerbated by a scarcity of resources [18]. Therefore, the implementation of
new equipment and technologies should always be preceded by a thorough analysis of the
user’s needs and the requirements to be met by the solution. In the case of heat recovery
technologies, the most important role will be played by the possibility of reducing the costs
of energy supply to the building and improving its energy efficiency. One heat recovery
technology that may find application in buildings is greywater heat recovery.

Greywater heat recovery is a sustainable technology that aims to capture and reuse
the heat contained in greywater. While flowing through the heat exchanger, the thermal
energy contained in the medium discharged from sanitary facilities is transferred to cold
water in order to preheat it. After leaving the heat exchanger, the preheated water is fed to
the domestic hot water heater and/or mixing valve.

This technology has significant potential to reduce energy consumption for domestic
hot water (DHW) preparation [19], but is often met with reluctance by potential users [20].
It can find application in both residential [21] and commercial buildings [22]. Less conven-
tional solutions are also increasingly being considered. For example, Mroziński et al. [23]
analyzed solutions possible to use in a houseboat facility. The heat source is usually grey-
water from the shower [24], but medium discharged from other sanitary facilities are also
increasingly used [25]. It is true that the amount of recoverable heat energy depends on
both the type of appliance from which the greywater is discharged and the habits of the
users. However, considering that the provision of thermal comfort is one of the most
important aspects of building operation [26], and that thermal comfort during the use of
sanitary facilities such as showers is influenced by, among other things, the flow rate and
temperature of the water used [27], it can be assumed that the potential of this energy
source is considerable, especially since energy consumption for DHW preparation is one of
the main components of the energy balance in buildings [28], and its share of this balance
is successively increasing [29].

In recent years, a number of innovative greywater heat exchangers (GHEs) have been
developed. Many of these have been tested experimentally and the results of laboratory
measurements were presented in scientific papers (e.g., [19,30]). In each case, the pre-
sentation of results was based on input parameter values defined by the authors, such
as water and greywater flow rates through the heat exchanger or media temperatures at
the unit’s input. In addition, the range of tests carried out varied considerably, making it
impossible to make a clear comparison between the different units and raising questions
about the sufficiency of the tests. It is clear that the execution of a full research plan is
time- and cost-intensive and often unnecessary. In addition, carrying out a full research
plan requires the consumption of significant amounts of water and energy, which has a
negative impact on the environment. However, in the case of greywater heat exchangers,
the scope of the required experimental studies has not yet been defined, the implementation
of which would guarantee a full assessment of the effectiveness (ε) of the GHE for different
operating conditions. Some guidance can be found in a Canadian Standards Association
(CSA) document [31]. However, conducting experiments based on this guidance does
not provide information on the effectiveness of the GHE at flow rates (q) other than those
indicated in the standard. Moreover, it is a national standard and, consequently, is not
usually considered by those carrying out tests in other countries. An additional problem
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arises with horizontal GHEs. While vertical heat exchangers are characterized by prede-
termined installation conditions, horizontal GHEs can be installed with different linear
bottom slopes. Previous studies by the authors [32] showed that the slope with which the
unit is installed significantly affects the hydraulic conditions in the greywater section of the
GHE, and consequently also the course of the function ε = f(q).

Taking the above into account, the aim of this study was to assess the suitability of
artificial neural networks (ANNs) in the effectiveness analysis of greywater heat exchangers.
This tool has not yet been used in the context of using GHEs. However, it is successfully
used in the analysis of other engineering systems, mainly due to the ability to adapt to
various types of data and problems of varying degrees of complexity. This makes ANNs a
universal and convenient tool. For example, Huang et al. [33] used ANNs in the design
and geometry selection process of microchannel heat exchangers. Seenuan et al. [34]
emphasized their usefulness in the structural assessment of pressurized pipes. On the
other hand, Tlatelpa Becerro et al. [35] drew attention to their usefulness for predicting
temperatures in the solar dryer chamber. Artificial neural networks are also widely used
in civil engineering [36] and mining [37]. The examples presented prove that ANNs
have significant potential for development and application in various technical fields.
Although they have not yet been used to predict parameters characterizing greywater heat
exchangers, the flexibility of ANNs and their ability to learn open new perspectives for
their applications in the context of the use of GHEs.

This paper constitutes an important contribution to the development of greywater heat
recovery technologies and to improving the capabilities of artificial intelligence applications
to predict the effectiveness of GHEs. This is due to the synergistic combination of two
elements in the form of experimental tests of the original design of the greywater heat
exchanger and the use of artificial neural networks, which have not yet been used in the
context of analyzing this type of device. Developing new and improving existing designs
of greywater heat exchangers contributes to improving the effectiveness of these devices,
optimizing their production costs and improving their reliability. On the other hand, the
use of ANNs enables precise analysis and modeling of GHE operating parameters while
limiting the consumption of environmental resources. This integrated approach opens new
perspectives in the design of GHEs, potentially increasing the application possibilities of
greywater heat recovery technologies.

A wide range of water and greywater flow rates through the GHE and the temperatures
of these media were analyzed experimentally. The arrangement of the heat exchanger with
different linear bottom slopes was also investigated. Based on the adopted variants of
the dataset, the possibility of developing high accuracy ANN models for predicting the
effectiveness of greywater heat exchangers over the full range of input parameters was
assessed. The model is intended to derive values for the full range of data without the need
for a significant number of expensive and time-consuming experiments, and may allow for
significant resource savings.

2. Materials and Methods

The first stage of analysis consisted of experimental studies on the effectiveness of a
prototype of the horizontal greywater heat exchanger considering a wide range of input
variables covering 32,175 test cases. In the second stage of the research, predictive ANN
models were developed on a limited dataset to assess the feasibility of reducing the scope
of the experimental studies on the effectiveness of the horizontal GHE. From the set of
experimental results, data catalogues were extracted and divided into a training set for
teaching the ANN model, a validation set for tuning hyperparameters and a test set for
evaluating the predictive model. The logic diagram of the research process is shown in
Figure 1.
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2.1. Experimental Research on the Effectiveness of Heat Recovery from Greywater

Experimental tests were carried out for a prototype of the horizontal heat exchanger
installed on the greywater outlet from the shower. The heat exchanger was implemented in
the domestic hot water preparation system integrated with the electric water heater. This
type of GHEs usually does not require as much intervention and modernization of the
existing building installations as vertical heat exchangers. Therefore, their implementation
can be much simpler and less expensive. In addition, horizontal heat exchangers are
characterized by lower requirements regarding the availability of space for installation,
which is important especially in a case of existing facilities where the available space is small.
Typically, this type of greywater heat exchangers is characterized by lower effectiveness of
heat recovery compared to vertical units, which is why the authors focused on developing
a new horizontal unit. The aim was to increase the heat exchange surface and improve
effectiveness. In the future, it is planned to conduct similar analyses for other types
of GHEs.

The analyzed unit was designed and constructed as a drain channel with an external
rectangular cross-section with inlet and outlet for greywater. The case of the GHE was
made of polyethylene. At the bottom of the greywater drain channel are four copper pipes
through which the domestic cold water flows into the hot water preparation system. The
copper pipes have a circular cross-section and the same diameter. The copper pipes are
arranged in parallel to each other so that they form a sealed exchanger bottom separating
the greywater from the cold water to be pre-heated in the horizontal GHE. According to the
design concept of the heat exchanger, the cold water flows in the unit in a countercurrent
manner with regard to the greywater discharged through the drain channel towards the
sewage system. Table 1 shows the design parameters of the model of the horizontal GHE,
while Figure 2 shows its construction.
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Table 1. Design parameters of the horizontal GHE.

Design Parameters Value Unit

Greywater heat exchanger length 2.0 m
Width of the greywater drainage channel 60 mm

Wall thickness of the greywater drainage channel 2.0 mm
The outer diameter of the domestic water pipe 15 mm

Wall thickness of the domestic water pipe 1.0 mm
Length of the domestic water pipe 2.0 m

Heat transfer surface 0.19 m2
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A wide range of experimental studies of a prototype of the GHE was adopted, allowing
comprehensive analyses of waste heat recovery effectiveness for various operating and
design conditions, taking into account the variable linear bottom slope of the unit. The
values of the input parameters are presented in Table 2.

Table 2. The values of the input parameters adopted in the research plan.

Input Parameters Unit Value

Linear GHE bottom slope (i) % 0, 0.33, 0.5, 0.66, 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6
Mixed water flow rate (q) L/min 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5, 7, 7.5, 8, 8.5, 9, 9.5, 10

Cold water temperature (Tcw) ◦C 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20
Greywater temperature (Tdw) ◦C 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45

The values of the mixed water flow rate (q) and greywater temperature (Tdw) were
adopted considering the standards related to the design and operation of sanitary appli-
ances and based on the analysis of the state of knowledge in the field of water consumption
in households. In addition, the research plan included analyses covering the full range of
temperature values of cold water (Tcw) entering the internal water supply system in an
annual cycle. The research assumed a linear GHE bottom slope (i) in the range from 0% to
6%; however, due to significant differences observed in the results obtained for analyses
carried out for a slope of 0% to 1% compared to the other values, it was decided to extend
the analyses in this range of parameter i.
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Laboratory tests were carried out starting from the lowest values of the input parame-
ters (i, q, Tdw). The order in which the tests were performed for the cold water temperatures
adopted in the test plan depended on the prevailing weather conditions. In the months
from November to March, the tests were carried out for cold water temperatures (Tcw)
ranging from 8 ◦C to 16 ◦C, and in the spring and summer months for values ranging
from 17 ◦C to 20 ◦C. The research required stabilization of parameter Tcw. Depending on
the water consumption in the internal water supply system, the stabilization time of this
parameter ranged from a few seconds to approximately 3 min.

The experimental studies were carried out in a research laboratory located at the
Rzeszow University of Technology (Poland). The ambient temperature in the room where
the experimental analyses were conducted was continuously monitored and was between
23–25 ◦C. Three Sharky 473-type ultrasonic flowmeters were used to measure water flow
rates in the DHW preparation system. Temperature measurements of water and greywater
were carried out using Pt500 resistance temperature sensors. Measurement data obtained
during the experimental analyses were recorded using a Simex MultiCon CMC-144 recorder.
Figure 3 shows photographic documentation of the test stand.
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The effectiveness of the GHE prototype was determined based on the temperature
values of the greywater at the inlet and outlet of the heat exchanger and taking into account
the temperature values of the cold water flowing into the water section of this unit. This
calculation methodology is commonly used to evaluate the effectiveness of heat recovery
in heat exchangers assuming that the volume flow rate of water and greywater flowing in
this unit is equal to 1:1, as was the case in this study.

2.2. Multilayer Perceptron (MLP) Neural Networks

The strength of the impact of individual input parameters on the effectiveness of
greywater heat exchangers can vary considerably depending on the design case. Assessing
the effectiveness of these devices is, therefore, a task that requires the analysis of multiple
test scenarios, which is often time-consuming, costly and a waste of natural resources.
To address these challenges, this paper investigated the validity of using artificial neural
networks (ANNs), particularly multilayer perceptron (MLP) networks, as a method to
reduce the number of test cases needed without compromising the accuracy of the results.

Greywater heat exchangers exhibit complex flow and heat transfer patterns that can
be challenging to model with traditional rule-based methods or simpler machine learning
algorithms. The inherent flexibility and efficiency of artificial neural networks in learning
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complex patterns and non-linearities directly from data make them an ideal choice for
modeling such intricate phenomena. The authors’ assumption was to develop a model
that can generalize beyond the training dataset. This is possible using artificial neural
networks if they are well trained and validated. This allows for improved prediction of
heat exchanger effectiveness under untested conditions.

A predictive model for the distribution of greywater heat recovery effectiveness values
using horizontal GHE was developed using multilayer perceptron (MLP) artificial neural
networks. This is a basic type of neural network used to model complex relationships
between input and output data. It is characterized by the use of multiple layers of neurons
to process data and the structure of this network consists of three main types of layers, i.e.,
an input layer, one or more hidden layers and an output layer. The input layer receives
external data, the hidden layers process these data and the output layer generates the
final result. The number of neurons in each layer can vary and is usually adapted to the
specific task. A higher number of neurons and hidden layers can improve the network’s
ability to model more complex relationships, but at the same time can lead to a higher
risk of overfitting. Overfitting is one of the main challenges in designing and training
neural networks and occurs when the model is too complex in relation to the amount and
complexity of the data on which it is trained [38].

Dividing the data into training, validation and test sets is a key part of the process of
designing and evaluating machine learning models, including neural networks [39]. The
training set is used to teach the model, and the model parameters (e.g., weights in the
neural network) are adjusted based on these data. The training set should be representative
of the entire dataset so that the model can learn general relationships. The validation set,
on the other hand, is used to tune the model’s hyperparameters and prevent overlearning
and is not used directly to teach the model, but to evaluate its performance during training.
Once the model has been taught and tuned, the test set is used for the final evaluation of
model performance. The test set is completely separate from the training and validation
data. The final performance of the model on the test set gives the best idea of the model’s
ability to generalize and predict.

In MLP-type networks, each neuron in a layer is connected to each neuron in the next
layer by weights. In each neuron of an MLP network, the input data are processed by
applying an assigned activation function. The use of an activation function introduces a
non-linearity that allows the MLP network to learn complex patterns in the data.

The resulting dataset from step one was used to develop sixty two datasets with
selected input parameter values according to adopted variants presented in Figure 4 and
Table A1 (Appendix A). These datasets, which differ in the number of cases, were then
divided into three groups: a training set (70% of all data), a validation set (15% of all
data) and a test set (15% of all data). The Python programming language was used to
create artificial neural network models, selecting activation functions from the TensorFlow
library. Of all the ANN models, those with the lowest errors were selected. To assess
the performance of these models, two methodologies were employed: the root mean
square error (RMSE) and the coefficient of determination (R2). RMSE is a technique that
measures the average difference between the predicted (ŷi) and measured values (yi) in
a dataset according to Equation (1). On the other hand, the coefficient of determination
R2 is calculated by dividing the sum of squares of differences between measured (yi) and
predicted values (ŷi) by the sum of squares of differences between the measured values (yi)
and their average (ӯ). The value of R2 is obtained by subtracting the result of this operation
from 1. The coefficient of determination (R2) is described by Equation (2) [40].

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2, (1)

R2 = 1 − ∑(yi − ŷi)
2

∑(yi − y)2 , (2)
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where n is the number of observations; yi is the measured value; ŷi is the predicted value; ӯ
is the mean value of the dataset.
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For the additional test set (Table A2 (Appendix B)), the difference between the ob-
served and predicted values of the parameter ε was also calculated, as described by
Equation (3). For the set of parameter difference values (∆ε), the maximum (max(∆ε)),
minimum (min(∆ε)), median (med(∆ε)) and arithmetic mean (mean(∆ε)) were determined.

∆ε = yi − ŷi (3)

Adopting an additional test set (Table A2) that was not used in the process of training
artificial neural network models made it possible to conduct truly predictive tests. This
made it possible to evaluate how the models deal with data that are outside the range of
values used during their development. This approach allows not only to verify the actual
effectiveness of models in unknown data ranges, but also to identify potential limitations
and areas that require further improvement.
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3. Results

Research into the effectiveness of horizontal GHE was carried out in accordance with
the research plan described in Section 2, which required the completion of more than
32,000 experiments. Section 3.1 presents the characteristics of the heat exchanger, which
were derived from the experimental research. Section 3.2 describes the artificial neural
networks that were created using the Python programming language.

To verify the reliability of the models, the predicted effectiveness values were com-
pared with the values measured in laboratory conditions. Such a comparison allowed
for a direct assessment of the ability of artificial neural networks to predict the actual
effectiveness of GHEs using a limited range of input data. Thanks to this, it was possible
to answer the research question whether artificial neural networks are a tool capable of
precisely predicting the effectiveness of greywater heat exchangers in various operating
scenarios. This analysis confirmed that the ANN models used are an effective tool for
predicting effectiveness, which opens new possibilities for the design and optimization of
heat exchange systems.

3.1. Characteristics of the Greywater Heat Exchanger

Due to the extensiveness of the obtained analysis results, only some of them are
summarized in this subsection. Figure 5 shows the development of the effectiveness values
of the heat exchanger under study as a function of the greywater and water flow rate
through this unit (q) and the slope at which it is installed (i). Each plane diagram refers to
different cold water (Tcw) and greywater (Tdw) temperatures at the inlet to the GHE. These
values were chosen to show the development of the effectiveness of the unit at different
values of the temperature difference between these media (∆T).
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(∆T = 28 ◦C); (e) Tcw = 10 ◦C, Tdw = 43 ◦C (∆T = 33 ◦C); (f) Tcw = 8 ◦C, Tdw = 45 ◦C (∆T = 37 ◦C)
(designations as in the text).
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Experimental tests showed that the effectiveness of the greywater heat exchanger
ranged from 19.37% to 36.94%, depending on the operating conditions of the system and
the value of the linear bottom slope. The determined effectiveness was the higher, the lower
the water and greywater flow rate through this unit. Similar conclusions with regard to
horizontal heat exchangers were reached by Piotrowska and Słyś [41]. This trend is also
maintained for vertical GHEs [21] and plate heat exchangers [19]. In the case of the tested
heat exchanger, a reduction in flow rate from q = 10 L/min to q = 3 L/min resulted in an
increase in effectiveness values of between 2.71 and 10.43 percentage points. In contrast,
the median of the differences obtained for the entire test set was 8.28 percentage points.
The observed reduction in effectiveness was more marked, the greater the bottom slope of
the heat exchanger was. Even with a slope of i = 0.33%, the differences in effectiveness for
q = 3 L/min and q = 10 L/min exceeded 6 percentage points in each case. Only when the
heat exchanger was laid out without consideration of the slope (flat) did these differences
not exceed 3 percentage points. However, given that such an arrangement of the unit is not
advisable due to potential difficulties with gravity drainage of greywater and the resulting
operational problems, it can be assumed that the effect of the flow rate of the shower head
on the effectiveness of the GHE is significant. However, it should be noted that, in this case,
an increase in the effectiveness of the unit does not equate to an increase in the amount
of energy saved. Indeed, reducing the water flow rate from the shower head involves
reducing the energy needed to heat the water, and therefore the use of energy-saving
technologies will produce worse results.

The experimental study also indicated a significant effect of linear bottom slope on the
effectiveness of the GHE. In the considered range of input parameter values, increasing the
slope of the heat exchanger from i = 0% to i = 6% resulted in an increase in its effectiveness
by a minimum of 6.2 percentage points. Such results were obtained at the highest flow rate
of water and greywater in the heat exchanger (q = 10 L/min) and for the lowest temperature
difference between them (Tcw = 20 ◦C, Tdw = 35 ◦C). On the other hand, an analysis of the
heat exchanger’s effectiveness at the flow rate of water and greywater q = 3 L/min and for
the highest temperature difference between them (Tcw = 8 ◦C, Tdw = 45 ◦C) showed that
increasing the heat exchanger’s slope from the minimum to the maximum of the values
considered resulted in a 13.97 percentage point increase in its effectiveness. This was the
highest value recorded. In contrast, the median of the results obtained was 9.22 percentage
points. The results presented prove that the effect of the slope with which the GHE is
installed on its effectiveness increases as the value of the water flow rate from the shower
head decreases and the temperature difference between cold water and greywater increases.
It will, therefore, be most evident during the winter season. Considering that the potential
for heat recovery from greywater is greatest in winter [24], the way in which the heat
exchanger is installed may be crucial to the energy savings achieved and, ultimately, the
potential financial savings.

Moreover, it is worth noting that in the case of the GHE under study, the increase in
the slope with which it was installed resulted in an increase in its effectiveness each time.
This is probably due to the design of the unit. Increasing the value of i had the effect of
decreasing the thickness of the greywater layer without decreasing the heat transfer surface
area. However, it should be borne in mind that further increasing the slope of the heat
exchanger may lead to a situation where the greywater filling of the unit would be so small
that the volume flow will be divided into several parallel volume flows. Consequently,
the heat exchange surface area would be reduced, which could lead to a reduction in
the effectiveness of the unit. This situation has already been observed in the case of a
horizontal heat exchanger of a different design [32]. In the study of the GHE in question,
larger values of i were not considered due to the limited installation conditions for this
type of unit. Therefore, it can be assumed that in the case of the GHE under study, it will
be advantageous to install it with the largest linear bottom slope possible under the given
conditions. Significantly lower differences in the determined effectiveness of the greywater
heat exchanger were observed for changes in cold water and greywater temperatures.
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Changing the cold water temperature, assuming constant values for the other parameters,
resulted in a change in the effectiveness of the unit ranging from 0.35 to 0.80 percentage
points, with the median of the determined differences being 0.52 percentage points. For
greywater, it was 0.32–0.72 and 0.49 percentage points, respectively. The highest differences
were recorded when the heat exchanger was laid out with the highest slope (i = 6%) and
the flow rate for water and greywater was the lowest (q = 3 L/min), which was associated
with achieving the highest effectiveness. Increasing the flow rate and decreasing the slope
resulted in decreasing observed differences.

When analyzing the change in the temperatures of cold and greywater simultaneously,
it can be seen in turn that an increase in ∆T from 15 ◦C (Figure 5a) to 37 ◦C (Figure 5f)
resulted in an increase in heat exchanger effectiveness of up to 1.44 percentage points
(i = 6%, q = 3 L/min). Under the different conditions (i = 0%, q = 10 L/min), this was only
0.71 percentage points. Again, these are therefore not significant differences, especially
as while the cold water temperature varies significantly over the year [42], the greywater
temperature does not fluctuate as much [43].

3.2. Artificial Neural Networks in Predicting the Effectiveness of Greywater Heat Exchangers

In order to test the feasibility of using machine learning methods to determine the
effectiveness of the prototype of the horizontal GHE, artificial neural network models were
generated. RMSE and R2 indicators (Tables 3 and 4) were used to evaluate these models,
which were determined according to Equations (1) and (2). The values of these indicators
were determined for the training, validation and test sets, and additionally for a test set
to check the predictive capabilities of the generated models in a wider range of datasets.
For the additional test set, the difference between the observed and predicted values of the
parameter ε was also calculated. Equation (3) was used for this purpose.

Table 3. Values of R2 and RMSE for the artificial neural network models considered (designations as
in the text).

Variants
Training Set Validation Set Testing Set

R2 RMSE R2 RMSE R2 RMSE

1.1a 0.999 0.095 0.999 0.095 0.999 0.095
1.1b 0.999 0.084 0.999 0.084 0.999 0.084
1.1c 1.000 0.063 1.000 0.055 1.000 0.055
1.1d 1.000 0.032 1.000 0.032 1.000 0.032
1.1e 0.999 0.130 0.999 0.130 0.999 0.130
1.1f 1.000 0.063 1.000 0.063 1.000 0.063

1.2a 0.999 0.134 0.999 0.138 0.999 0.130
1.2b 0.999 0.145 0.999 0.145 0.999 0.145
1.2c 1.000 0.095 1.000 0.095 1.000 0.095
1.2d 0.999 0.114 0.999 0.114 0.999 0.114
1.2e 0.999 0.095 0.999 0.095 0.999 0.095
1.2f 0.988 0.297 0.988 0.293 0.990 0.295

1.3a 0.999 0.105 0.999 0.105 0.999 0.114
1.3b 0.999 0.110 0.999 0.114 0.999 0.118
1.3c 0.998 0.167 0.998 0.161 0.998 0.170
1.3d 0.999 0.110 0.999 0.110 0.999 0.122
1.3e 0.999 0.114 0.999 0.114 0.999 0.118
1.3f 0.999 0.110 0.999 0.114 0.999 0.122

1.4a 0.999 0.100 0.999 0.110 0.999 0.100
1.4b 0.999 0.110 0.999 0.118 0.999 0.110
1.4c 0.999 0.130 0.999 0.138 0.999 0.145
1.4d 0.999 0.118 0.999 0.122 0.999 0.122
1.4e 0.999 0.118 0.999 0.126 0.999 0.130
1.4f 0.999 0.114 0.999 0.122 0.999 0.122



Sustainability 2024, 16, 2790 12 of 26

Table 3. Cont.

Variants
Training Set Validation Set Testing Set

R2 RMSE R2 RMSE R2 RMSE

1.5 0.998 0.205 0.998 0.176 0.999 0.187

1.6 0.992 0.354 0.995 0.292 0.993 0.327

2.1a 1.000 0.071 1.000 0.071 1.000 0.071
2.1b 0.999 0.071 0.999 0.071 0.999 0.071
2.1c 1.000 0.055 1.000 0.055 1.000 0.063
2.1d 0.999 0.138 0.999 0.134 0.999 0.138

2.2a 1.000 0.063 1.000 0.063 1.000 0.063
2.2b 0.998 0.158 0.998 0.158 0.998 0.155
2.2c 0.998 0.118 0.998 0.122 0.998 0.122
2.2d 1.000 0.084 1.000 0.084 1.000 0.084

2.3a 0.999 0.100 0.999 0.100 0.999 0.105
2.3b 0.999 0.130 0.999 0.134 0.999 0.134
2.3c 0.999 0.118 0.999 0.126 0.999 0.126
2.3d 0.999 0.105 0.999 0.110 0.999 0.105

2.4a 0.999 0.110 0.999 0.110 0.999 0.110
2.4b 0.999 0.105 0.999 0.105 0.999 0.105
2.4c 0.999 0.110 0.999 0.114 0.999 0.114
2.4d 0.999 0.110 0.999 0.110 0.999 0.110

2.5 0.998 0.170 0.998 0.164 0.998 0.173

2.6 0.998 0.176 0.998 0.182 0.998 0.176
3.1a 0.999 0.118 0.999 0.118 0.999 0.118
3.1b 1.000 0.055 1.000 0.055 1.000 0.055
3.1c 1.000 0.084 1.000 0.077 1.000 0.084
3.1d 0.999 0.084 0.999 0.077 0.999 0.077

3.2a 0.999 0.134 0.999 0.138 0.999 0.134
3.2b 1.000 0.063 1.000 0.063 1.000 0.063
3.2c 0.999 0.100 0.999 0.100 0.999 0.095
3.2d 0.999 0.084 0.999 0.084 0.999 0.089

3.3a 0.999 0.110 0.999 0.110 0.999 0.110
3.3b 0.999 0.095 0.999 0.100 0.999 0.095
3.3c 0.999 0.122 0.999 0.122 0.999 0.122
3.3d 0.999 0.110 0.999 0.110 0.999 0.110

3.4a 0.999 0.110 0.999 0.105 0.999 0.110
3.4b 0.999 0.114 0.999 0.110 0.999 0.114
3.4c 0.999 0.105 0.999 0.100 0.999 0.100
3.4d 0.999 0.110 0.999 0.105 0.999 0.110

3.5 0.998 0.148 0.998 0.155 0.998 0.152

3.6 0.998 0.164 0.998 0.161 0.998 0.170

Table 4. Values of selected indicators for the additional test set (designations as in the text).

Variants R2 RMSE max (∆ε) min (∆ε) med (∆ε) mean (∆ε)

1.1a 0.989 0.333 0.901 −0.312 0.066 0.167
1.1b 0.893 1.047 0.190 −3.706 −0.063 −0.492
1.1c 0.982 0.352 0.976 −0.776 0.080 0.072
1.1d 0.961 0.628 1.780 −0.645 −0.041 0.137
1.1e 0.955 0.678 1.856 −0.472 0.042 0.343
1.1f 0.939 0.790 0.681 −3.564 −0.021 −0.241
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Table 4. Cont.

Variants R2 RMSE max (∆ε) min (∆ε) med (∆ε) mean (∆ε)

1.2a 0.997 0.152 0.328 −0.471 0.014 −0.008
1.2b 0.997 0.170 0.348 −0.495 0.031 0.028
1.2c 0.997 0.173 0.355 −0.546 −0.019 −0.040
1.2d 0.994 0.226 1.008 −0.377 0.012 0.031
1.2e 0.983 0.392 0.601 −1.305 0.018 −0.075
1.2f 0.912 0.898 2.416 −0.761 0.028 0.295

1.3a 0.999 0.077 0.127 −0.121 −0.017 −0.009
1.3b 0.997 0.412 0.170 −0.237 −0.015 −0.005
1.3c 0.996 0.145 0.185 −0.300 −0.016 −0.041
1.3d 0.998 0.100 0.118 −0.188 −0.014 −0.011
1.3e 0.998 0.118 0.152 −0.171 −0.015 −0.016
1.3f 0.998 0.114 0.126 −0.165 −0.013 −0.009

1.4a 0.998 0.095 0.201 −0.127 −0.024 −0.006
1.4b 0.998 0.100 0.245 −0.114 0.033 0.024
1.4c 0.997 0.118 0.313 −0.208 0.008 −0.015
1.4d 0.998 0.100 0.225 −0.152 0.001 0.002
1.4e 0.998 0.114 0.275 −0.141 0.013 0.007
1.4f 0.998 0.114 0.255 −0.160 −0.007 −0.003

1.5 0.976 0.572 2.642 −0.750 0.285 0.274

1.6 0.748 1.872 6.179 −4.889 0.079 0.268

2.1a 0.998 0.126 0.345 −0.290 −0.001 0.016
2.1b 0.911 0.954 0.077 −3.310 −0.041 −0.454
2.1c 0.989 0.333 0.320 −1.678 −0.018 −0.072
2.1d 0.996 0.205 0.741 −0.321 −0.034 0.006

2.2a 0.997 0.170 0.882 −0.304 −0.057 −0.034
2.2b 0.987 0.339 0.311 −0.906 −0.018 −0.118
2.2c 0.951 0.670 2.575 −0.270 0.073 0.320
2.2d 0.999 0.100 0.224 −0.234 0.023 0.005

2.3a 0.999 0.063 0.132 −0.145 −0.021 −0.018
2.3b 0.997 0.118 0.173 −0.167 −0.041 −0.021
2.3c 0.998 0.100 0.108 −0.218 −0.040 −0.051
2.3d 0.998 0.110 0.128 −0.187 −0.021 −0.039

2.4a 0.999 0.071 0.098 −0.173 0.007 −0.020
2.4b 0.999 0.077 0.150 −0.179 0.012 −0.005
2.4c 0.998 0.114 0.169 −0.238 0.001 −0.012
2.4d 0.998 0.100 0.144 −0.215 −0.068 −0.045

2.5 0.993 0.311 1.776 −0.828 −0.042 −0.042

2.6 0.890 1.238 5.169 −3.930 0.023 0.007

3.1a 0.999 0.105 0.229 −0.350 0.043 0.033
3.1b 0.916 0.924 0.131 −3.136 −0.009 −0.362
3.1c 0.999 0.122 0.183 −0.534 0.001 −0.025
3.1d 0.961 0.631 0.200 −2.749 −0.022 −0.226

3.2a 0.992 0.263 0.804 −0.152 0.040 0.127
3.2b 0.997 0.164 0.669 −0.493 −0.011 −0.029
3.2c 0.999 0.089 0.204 −0.192 0.008 −0.004
3.2d 0.967 0.553 1.709 −0.204 0.084 0.289

3.3a 0.999 0.063 0.129 −0.128 −0.015 −0.017
3.3b 0.998 0.114 0.132 −0.248 −0.028 −0.040
3.3c 0.998 0.100 0.117 −0.172 −0.061 −0.069
3.3d 0.999 0.071 0.127 −0.098 −0.014 −0.001
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Table 4. Cont.

Variants R2 RMSE max (∆ε) min (∆ε) med (∆ε) mean (∆ε)

3.4a 0.999 0.077 0.127 −0.125 −0.007 −0.008
3.4b 0.999 0.084 0.137 −0.118 0.001 −0.007
3.4c 0.998 0.095 0.097 −0.198 −0.059 −0.053
3.4d 0.999 0.084 0.148 −0.122 0.001 0.006

3.5 0.998 0.161 0.398 −0.656 0.060 0.040

3.6 0.927 1.005 3.253 −3.412 0.036 0.048

This study shows that regardless of the adopted variant, the generated artificial neural
network models have a good fit to the limited dataset (Table 3). R2 coefficient values close
to 1 and low RMSE values were recorded in all 3 datasets. This means that the model
generalizes well to new data. This is a key aspect in machine learning, as it shows that
the generated models are not overfitted to the training data and are able to make effective
predictions in other cases. The highest R2 and RMSE errors were recorded for variant 1.6,
which can be attributed to the relatively low number of cases in the dataset (81 cases). This
confirms that the number of cases in the dataset has a direct impact on the accuracy of the
model [44]. Increasing this number in each case resulted in improved model learning and
generalization.

For input parameter values that fall outside the range of the dataset against which the
model was trained, the use of ANNs is inherently risky and often involves high uncertainty.
The selection of specific values as representative of the input parameters when training an
artificial neural network has a significant impact on its ability to make accurate predictions
at a later stage of analysis. The results obtained for the additional test set confirm this.
Figure 6a shows the differences between the value of the R2 coefficient (Table 4) obtained
for the additional test set and the maximum value of the R2 coefficient (Table 3) obtained
for the dataset involved in the process of generating an artificial neural network model.
This parameter was designated as ∆R2. On the other hand, Figure 6b shows the differences
between the value of the RMSE (Table 4) obtained for the additional test set and the lowest
value of the RMSE (Table 3), which was obtained for the set of data used to create the ANN
model. This parameter was designated as ∆RMSE.
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When analyzing the distribution of ∆R2 and ∆RMSE coefficient values, it can be
concluded that in most variants the generated models demonstrate good generalization
abilities. In other words, most models perform well at predicting results for new cases
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whose input parameter values are outside the range assumed when the artificial neural
network models were developed. However, variants were also detected in which the
phenomenon of model overfitting was noted. The highest differences between the values
of ∆R2 (−0.244) and ∆RMSE (1.518) coefficients were determined for variant 1.6, which re-
sulted from both the adoption of a very small set of input data (81 cases) and the assumption
of an incorrect distribution of values in the sets of individual input parameters.

For the models with R2 value close to 1 and a low RMSE value, no high differences in
∆ε values between the predicted and actual values were recorded. Therefore, the selected
models are not only effective in predicting values on average, but also demonstrate high
performance in individual cases, which significantly increases the application possibilities.

When considering the data presented in Tables 3 and 4, it was noticed that the values
of the arithmetic mean and median are close to each other and in most cases they are close
to 0. The symmetry of the error distribution indicates that most of the generated models do
not tend to systematically overestimate or underestimate the predicted values. In practice,
this means that the model can be equally useful in predicting values above and below
average. This makes the resulting models more reliable and they can be used to support
decision-making processes.

If an artificial neural network fits well to the dataset used for its construction and
validation, but shows high errors on an additional dataset, this may indicate “overfitting”.
This means that the model has adjusted too closely to the training details and cannot
effectively generalize to unknown data. In practice, if this has not been previously identified
by testing on additional datasets, users may unknowingly rely on a model that provides
erroneous results. This, in turn, may lead to suboptimal or incorrect decisions. Therefore, it
is important to always test models on a wide range of data before implementing them and
using them in real scenarios, as was performed in the research described in this paper.

The research also shows that the choice of representative slope values with which the
horizontal heat exchanger is installed has a decisive impact on the subsequent prediction
accuracy over the full data range. The highest ability to predict the output values in
the additional test set was observed when values that were in the lower and middle
range of the full dataset were considered when training the ANNs (variant 1.1a, 2.1a and
3.1a). For example, taking only three representative slope values (i) of 0%, 1.5% and 3%
(variant 1.1a) resulted in a maximum value of 0.901 percentage point difference between
the observed and predicted heat exchanger effectiveness (max(∆ε)) for the additional test
set (Figure 7). Slightly less satisfactory results were obtained for variants that assumed a
uniform distribution of i values in the dataset with the inclusion of outliers. On the other
hand, the worst R2 and RMSE values were recorded when only values in the middle and
upper range of the dataset were considered when training the ANNs. For example, variant
1.1b showed a maximum difference between observed and predicted GHE effectiveness
(max(|∆ε|)) of 3.706 percentage points (Figure 7). The relationships obtained are probably
due to the hydraulic-energy characteristics of the heat exchanger. The relationship between
the slope (i) and the effectiveness of the unit (ε) is curvilinear, and the effect of the slope (i) on
the value of the parameter ε is the lower, the higher the value of i. Therefore, not including
the lower range of the dataset for parameter i results in a significant overestimation of
the network’s prediction in variants 1.1b (3.706 percentage points), 2.1b (3.310 percentage
points) and 3.1b (3.136 percentage points). Furthermore, the significant increase in the
number of cases from 6435 for variant 1.1b to 17,160 for variant 3.1b only slightly increases
the performance of the network to predict the parameter ε over the full range of input data.
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Figure 7. Comparison between the observed and predicted values of effectiveness of the tested GHE
for the selected case of additional test dataset (q = 5 L/min, Tcw = 10 ◦C, Tdw = 42 ◦C (∆T = 32 ◦C))
(designations as in the text).

The selection of individual values of the mixed water flow rate (q) also significantly
affects the performance of the artificial neural network model. The highest performance
is observed for models 1.2a–c, 2.2d and 3.2c, for training of which a uniform distribution
of the parameter q values in the dataset was assumed, considering extreme values. The
adoption of only three representative values of the parameter q at the levels of 3, 5.5 and
10 L/min (variant 1.2a) made it possible to achieve high performance of the ANN model.
This is confirmed by the low values of the maximum difference between the observed and
predicted values of the parameter ε at 0.471 percentage points. In contrast, the lowest ANN
model performance was obtained for variants 1.2f, 2.2c and 3.2d, in which flow rate (q)
values lying in the middle and upper range of the full dataset were taken into account
during training. The comparison of the values of the ε parameter observed and predicted
by the developed artificial neural networks for selected cases from the additional test set is
shown in Figure 8.
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Figure 8. Comparison between the observed and predicted values of effectiveness of the tested
GHE for the selected case of additional test dataset (i = 4%, Tcw = 10 ◦C, Tdw = 38 ◦C (∆T = 28 ◦C))
(designations as in the text).

For cold water temperature (Tcw) and greywater temperature (Tdw), no significant
differences in R2 and RMSE values were observed between the adopted options. In all
analyzed cases, there was a very good ability to predict effectiveness values (ε) over the full
range of input data. This is probably due to the fact that the relationship between these
parameters (Tcw, Tdw) and the effectiveness value (ε) of the greywater heat exchanger is
close to a linear relationship. This is also confirmed by other studies [32,41]. In the case of
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near-linear relationships, artificial neural networks may have greater ability to extrapolate
because the pattern they must learn to recognize and reproduce is relatively simple. In
such a situation, the model has less risk of overfitting, which means that it generalizes
better to unknown data, including those outside the range of the training data. Although
the simplicity of the model may facilitate extrapolation, there is still a risk that predictions
outside the range of the data will be less accurate. A comparison of the observed and
predicted effectiveness values of the GHE for the selected case of an additional test dataset
is shown for the Tdw in Figure 9 and for the Tcw in Figure 10.
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Ideally, the training data should reflect the distribution of the data on which the model
will be used in practice. If the training data include only a few points, it is important that
the selected points reflect well the relationships between the input parameters and the
predicted value. Such an assumption makes it possible to obtain high performance of the
model predictions for intermediate values or even values lying outside the range of the
dataset. This is confirmed by the results obtained for variants 1.5, 2.5 and 3.5, in which
the distribution of input parameter values was assumed to allow the lowest error values.
On the other hand, misunderstanding of the relationship between the input and output
parameters of the artificial neural network model may lead to predictions with significant
errors (variants 1.6 and 2.6), even with a significant number of cases taken into account
(variant 3.6). This can be seen from the results in Table 3. Variant 1.5 produced significantly
lower errors (R2 = 0.976, RMSE = 0.572) for the additional test set than variant 1.6 (R2 =
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0.748, RMSE = 1.872). Significantly increasing the number of cases from 81 (variant 1.6)
to 4096 (variant 3.6) improves the model performance (R2 = 0.927, RMSE = 1.005), but
still does not exceed the model performance for variant 1.5, where only 81 cases were
considered.

The determined values of the parameter ∆ε for the artificial neural network models in
variants 1.5, 2.5, 3.5, 1.6, 2.6 and 3.6 are shown in Figure 11.
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Analysis of the ∆ε parameter values also confirms that the artificial neural network
model built using the variant 3.5 dataset of 4096 cases achieves the best performance. In
addition, the ANN model in variant 3.5 shows no systematic tendency to predict values that
are too high or too low. This suggests that the model is well calibrated and can accurately
predict actual values. Furthermore, the maximum difference between the observed and
predicted value of GHE effectiveness (max(|∆ε|)) is only 0.656 percentage points, and in
99.36 percent of cases the value of |∆ε| is less than 0.5 percentage points, indicating the
high precision of the model. Given the results obtained, the ANN model in variant 3.5 can
be considered a useful tool for predicting the effectiveness (ε) value over the entire range
of input data. This ability to accurately model GHE effectiveness phenomena makes the
model suitable for use in engineering and research applications, where precise predictions
are crucial for the optimization and design of greywater heat recovery systems.

4. Discussion

Experimental studies and analyses using artificial neural networks on the possibility
of predicting the effectiveness of a greywater heat exchanger have shown that a suitable
selection of representative values of the input parameters is crucial in this field. The
research has shown that even with a relatively small number of cases (variant 1.5), but
with appropriately selected representative values, it is possible to achieve high model
effectiveness. This suggests that more important than the amount of data is their quality
and representativeness for the range of values under study. This is important from a
practical point of view [45], as it avoids the need for complex surveys and large datasets,
which can be costly and time-consuming.

The analysis also showed that although increasing the number of input parameter
values leads to an overall improvement in the quality of the artificial neural network model,
it is crucial to distribute these values appropriately in the dataset. Thus, the choice of input
parameters should be deliberate to reflect the diversity and specificity of the relationships
under study [46].

An important finding is that the distribution and number of representative values
for individual input parameters depend on the complexity of the function between these
parameters and the value of the output parameter. In cases where the relationship is more
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complex, it becomes important to include a wider range of values so that the model can
effectively learn and predict a variety of scenarios. Conversely, in situations where the
correlation is simpler or closer to a linear relationship, the model can generalize effectively
even from a limited number of representative data. It seems that the selection of representa-
tive values for individual parameters should be preceded by preliminary research aimed at
understanding the relationship between these parameters and the output parameter [47].

The research presented in this paper is important due to the need for rational use of
natural resources, considering all aspects of human existence, including scientific activity
and experimental research. The laboratory analysis of the GHE involved the consumption
of significant amounts of energy and water, and also necessitated an increase in the stan-
dard working time of those involved in the research, which adds an important context for
discussions on the implementation of the Sustainable Development Goals (SDGs) (in partic-
ular SDG 8 “Decent Work and Economic Growth” and SDG 12 “Responsible Consumption
and Production” [48]). Adopting a strategy to minimize the amount of data needed for the
effective modelling and prediction of GHE effectiveness by artificial neural networks is,
therefore, crucial not only from an economic point of view, but also from an environmental
perspective. Working with a limited but representative number of input data and using
machine learning methods provides an alternative to conducting extensive experimental
studies, which can require large amounts of energy and water. This approach also reduces
the carbon footprint and, consequently, the environmental impact, enabling a more sus-
tainable and informed use of resources. These savings are important given that reducing
resource consumption at each stage of the life cycle of a device or process contributes to
an overall improvement in its environmental sustainability [18,49]. Therefore, intelligent
data selection and optimization of research processes are of fundamental importance for
sustainable development and science, and the promotion of good practices and ecological
solutions in engineering and technology.

In summary, these studies provide valuable insights into the optimization of machine
learning in the context of modelling the effectiveness of heat recovery systems. They
highlight the importance of proper selection of input data and its representativeness for
the entire range of operating conditions of the device. This approach can contribute to a
more efficient and cost-effective use of artificial neural networks in engineering practice,
especially in the field of energy effectiveness and heat recovery.

In considering the above, it is important to note the need to expand research on the
use of ANNs in assessing the effectiveness of GHEs. Future research should consider the
possibility of extending the models to include additional variables that are not usually
considered in analyses. These could be, for example, data on ambient temperature, hu-
midity, water quality and pressure or the presence of contaminants in greywater. Studies
are usually carried out under laboratory conditions [19,32], so knowledge of the strength
of the influence of such parameters on the effectiveness of heat recovery units is limited.
Even in the case of pilot studies involving the use of wastewater of lesser quality than
shower water, e.g., wastewater from commercial kitchens [50], the range of input data
considered is usually restricted. This is certainly a limitation of this study, as in the case
of the analyses described in this paper. However, taking into account all the parameters
that could potentially influence the results of the analysis will require a significant exten-
sion of the experimental study. The combined use of ANNs and other machine learning
methods, such as genetic algorithms, may also be necessary. This approach would certainly
contribute to the development of more precise and comprehensive models for assessing
the effectiveness of greywater heat exchangers. However, when considering the basic
model input parameters, i.e., flow rate, water and greywater temperatures and the linear
bottom slope of the heat exchanger, the use of artificial neural networks alone is sufficient,
as evidenced by the obtained R2 and RMSE values. It can be expected that in the case of
vertical units, the accuracy of the models will be even higher due to the lack of need to take
into account the slope, which had the highest impact on the analysis results obtained.
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Another important issue is the monitoring of heat exchangers in buildings. Integrating
ANNs with Internet of Things sensors would make it possible to optimize their operation
in real time, especially if adaptive artificial neural network models capable of adjusting
to changing operating conditions were used. Experience with the application of similar
techniques in the broadly understood construction sector [51,52] allows us to believe that the
implementation of such a solution would not only maximize the achieved energy savings,
but also significantly increase the reliability of the installation, e.g., by anticipating the
maintenance needs of the heat recovery installation and examining its operational damage.

Further research should additionally include model sensitivity analysis, for exam-
ple using SHapley Additive exPlanations (SHAP) analysis [53]. This approach has the
advantage of assessing the local influence of a specific feature on a specific prediction,
which will be particularly relevant for heat exchangers with variable slope effects on its
effectiveness [32].

In addition to research to extend the usefulness of artificial neural networks in as-
sessing and optimizing the performance of GHEs, there should also be a focus on the
possibility of using machine learning methods for systems based on different renewable
energy sources. For example, the combined use of greywater and solar or geothermal
energy would reduce the consumption of conventional energy sources throughout the year.
If, in addition, the cooperation between the individual components of the system were
optimized using machine learning methods such as ANNs, the energy efficiency of the
building could be maximized. However, the cooperation of greywater heat exchangers
with other systems need not be limited to other devices based on renewable energy sources.
In fact, cooperation of greywater heat exchangers with greywater recycling systems is also
a promising direction for the development of GHEs. Improving the operation of such a
system with ANNs would certainly contribute to increased financial savings and environ-
mental improvements, as well as improving the efficiency of achieving the Sustainable
Development Goals (including SDG6 “Clean Water and Sanitation” and SDG7 “Affordable
and Clean Energy” [48]).

Based on the analyses carried out, it can also be assumed that the use of ANNs may
be justified for heat exchangers of a different design and purpose. Applying this approach
globally would certainly reduce the use of human and material resources.

5. Conclusions

The analysis showed that the appropriate selection of input data is crucial for the use of
artificial neural networks in assessing the effectiveness of greywater heat exchangers. The
precise selection of representative values for input parameters, such as the linear bottom
slope of the heat exchanger, the water and greywater flow rate through the GHE, as well
as the cold water and greywater temperatures, have a direct impact on the model’s ability
to make accurate predictions. Based on the analysis results, it can also be noted that the
temperatures of water and greywater at the inlet to the heat exchanger have the lowest
impact on the quality of the models, while the slope of the unit and the media flow rate
through it turned out to be of key importance. However, it should be emphasized that
even in the case of the most important parameters, it is possible to limit the research plan
without losing accuracy. This shows that it is not so much the quantity of the data, but
rather its quality and representativeness for the range of operating conditions of the unit
that are critical to achieving low prediction errors. For example, in the case of flow rate,
the highest performance of the models for the tested heat exchanger was achieved when a
uniform distribution of the selected q values was assumed for their training. On the other
hand, when analyzing the slopes, it turned out that it is justified to take their values from
the lower and middle range of the full dataset.

The analysis also points to the importance of considering the diversity of input data,
which allows models to learn and predict from a wide range of research scenarios. This
highlights the need for a diverse and purposeful selection of values for the various input
parameters to reflect the diversity and specificity of the phenomenon under study.
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Furthermore, the research demonstrates the potential of ANNs for the optimization
and design of greywater heat recovery systems in engineering and research applications.
Due to the high precision of the modelling, ANNs can contribute to a more efficient and
cost-effective use of the technology in engineering practice.

In the context of further research, it is recommended to expand the data to include
additional variables that may affect the effectiveness of GHE, such as ambient temperature,
humidity or the presence of contaminants in greywater. Such an approach could contribute
to even more precise models. With respect to greywater heat exchangers, it will also
be beneficial to use ANNs to optimize the design of these units by identifying the most
favorable geometric and material configurations. Additionally, artificial neural networks
can be used to analyze the operating parameters of GHEs for the purpose of diagnosing
potential problems related to their operation. Future research on the use of ANNs in issues
related to GHEs should also include sensitivity analysis aimed at assessing the local impact
of a given feature on a specific forecast.
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Nomenclature

Symbol Explanation
ANN artificial neural network
DHW domestic hot water
GHE greywater heat exchanger
i linear GHE unit bottom slope
max (∆ε) maximum parameter difference value
mean (∆ε) mean parameter difference value
med (∆ε) median parameter difference value
min (∆ε) minimum parameter difference value
MLP multilayer perceptron
R2 coefficient of determination
RMSE root mean square error
SDG sustainable development goals
SHAP SHapley Additive exPlanations
q mixed water flow rate
Tcw cold water temperature
Tdw greywater temperature
ӯ mean value of the dataset
yi measured value
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ŷi predicted value

∆R
difference between R2 value for the additional test set and the maximum R2 value
for the dataset used to create the ANN model

∆RMSE
difference between RMSE value for the additional test set and the lowest
RMSE value for the dataset used to create the ANN model

∆ε parameter difference value (difference between the measured and predicted value)
ε GHE effectiveness

Appendix A

The datasets with selected values of input parameters are presented in Table A1.

Table A1. The datasets tested.

Variants
Input Parameters

i, % q, L/min Tcw, ◦C Tdw, ◦C

1.1a 0, 1.5, 3

all values all values all values

1.1b 3, 4.5, 6
1.1c 0, 1, 6
1.1d 0, 2, 6
1.1e 0, 3, 6
1.1f 1, 3, 5

1.2a

all values

3, 5.5, 10

all values all values

1.2b 3, 6.5, 10
1.2c 3, 4.5, 10
1.2d 4, 6.5, 9
1.2e 3, 5, 7
1.2f 6, 8, 10

1.3a

all values all values

8, 14, 20

all values

1.3b 8, 11, 14
1.3c 14, 17, 20
1.3d 8, 12, 20
1.3e 8, 16, 20
1.3f 10, 14, 18

1.4a

all values all values all values

35, 40, 45
1.4b 35, 37, 40
1.4c 40, 42, 45
1.4d 35, 38, 45
1.4e 35, 42, 45
1.4f 37, 40, 43

1.5 0, 1.5, 3 3, 5.5, 10 8, 14, 20 35, 40, 45

1.6 3, 4.5, 6 6, 8, 10 14, 17, 20 40, 42, 45

2.1a 0, 1, 2, 3, 4

all values all values all values
2.1b 2, 3, 4, 5, 6
2.1c 1, 2, 3, 4, 5
2.1d 0, 1.5, 3, 4.5, 6

2.2a

all values

4.5, 5.5, 6.5, 7.5, 8.5

all values all values
2.2b 3, 4, 5, 6, 7
2.2c 6, 7, 8, 9, 10
2.2d 3, 4.5, 6.5, 8.5, 10

2.3a

all values all values

8, 11, 14, 17, 20

all values
2.3b 14, 15, 17, 18, 20
2.3c 8, 9, 11, 12, 14
2.3d 10, 12, 14, 16, 18
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Table A1. Cont.

Variants
Input Parameters

i, % q, L/min Tcw, ◦C Tdw, ◦C

2.4a

all values all values all values

35, 37, 40, 43, 45
2.4b 35, 36, 38, 40, 41
2.4c 39, 40, 42, 44, 45
2.4d 37, 38, 40, 42, 43

2.5 0, 1, 2, 3, 4 3, 4.5, 6.5, 8.5, 10 8, 11, 14, 17, 20 35, 37, 40, 42, 45

2.6 2, 3, 4, 5, 6 6, 7, 8, 9, 10 14, 16, 17, 19, 20 40, 41, 42, 44, 45

3.1a 0, 0.33, 0.66, 1, 2, 2.5, 3.5, 4

all values all values all values
3.1b 1, 1.5, 2.5, 3, 4, 4.5, 5.5, 6
3.1c 0, 0.5, 1, 2, 3, 4, 5, 6
3.1d 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5

3.2a

all values

3, 3.5, 4, 4.5, 5, 5.5, 6, 7

all values all values
3.2b 4.5, 5, 5.5, 6, 6.5, 7, 7.5, 8
3.2c 3, 4, 5, 6, 7, 8, 9, 10
3.2d 6, 6.5, 7, 7.5, 8, 8.5, 9, 10

3.3a

all values all values

8, 10, 12, 13, 14, 16, 18, 20

all values
3.3b 13, 14, 15, 16, 17, 18, 19, 20
3.3c 8, 9, 10, 11, 12, 13, 14, 15
3.3d 10, 11, 12, 13, 14, 15, 16, 18

3.4a

all values all values all values

35, 37, 38, 39, 40, 42, 43, 45
3.4b 35, 36, 37, 38, 39, 40, 41, 42
3.4c 38, 39, 40, 41, 42, 43, 44, 45
3.4d 36, 37, 38, 39, 40, 41, 42, 43

3.5 0, 0.33, 0.66, 1, 2, 2.5, 3.5, 4 3, 4, 5, 6, 7, 8, 9, 10 8, 10, 12, 13, 14, 16, 18, 20 35, 37, 38, 39, 40, 42, 43, 45

3.6 1, 1.5, 2.5, 3, 4, 4.5, 5.5, 6 6, 6.5, 7, 7.5, 8, 8.5, 9, 10 13, 14, 15, 16, 17, 18, 19, 20 38, 39, 40, 41, 42, 43, 44, 45

Appendix B

Additional test sets that were not used in the process of training artificial neural
network models and allowed for truly predictive testing are presented in Table A2.

Table A2. An additional test collection.

Variants
Input Parameters

i, % q, L/min Tcw, ◦C Tdw, ◦C

1.1a–f all values 5, 8 10, 18 38,42
1.2a–f 1, 4 all values 10, 18 38,42
1.3a–f 1, 4 5, 8 all values 38,42
1.4a–f 1, 4 5, 8 10, 18 all values

1.5 all values all values all values all values
1.6 all values all values all values all values

2.1a–d 0, 0.33, 0.5, 0.66, 1, 1.5, 2,
2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6 5, 8 10, 18 38,42

2.2a–d 1, 4 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5,
7, 7.5, 8, 8.5, 9, 9.5, 10 10, 18 38,42

2.3a–d 1, 4 5, 8 8, 9, 10, 11, 12, 13, 14,
15, 16, 17, 18, 19, 20 38,42

2.4a–d 1, 4 5, 8 10, 18 35, 36, 37, 38, 39, 40, 41,
42, 43, 44, 45

2.5 all values all values all values all values
2.6 all values all values all values all values
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Table A2. Cont.

Variants
Input Parameters

i, % q, L/min Tcw, ◦C Tdw, ◦C

3.1a–d 0, 0.33, 0.5, 0.66, 1, 1.5, 2,
2.5, 3, 3.5, 4, 4.5, 5, 5.5, 6 5, 8 10, 18 38,42

3.2a–d 1, 4 3, 3.5, 4, 4.5, 5, 5.5, 6, 6.5,
7, 7.5, 8, 8.5, 9, 9.5, 10 10, 18 38,42

3.3a–d 1, 4 5, 8 8, 9, 10, 11, 12, 13, 14,
15, 16, 17, 18, 19, 20 38,42

3.4a–d 1, 4 5, 8 10, 18 35, 36, 37, 38, 39, 40, 41,
42, 43, 44, 45

3.5 all values all values all values all values
3.6 all values all values all values all values
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