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Abstract

The heating and cooling sector accounts for nearly half of Europe’s energy consumption and
remains heavily dependent on fossil fuels, emphasizing the urgent need for decarbonization.
Simultaneously, the global shift toward renewable energy is accelerating, alongside growing
interest in decentralized energy systems where prosumers play a significant role. In this
context, district heating and cooling networks, serving nearly 100 million people, are
strategically important. In next-generation systems, thermal prosumers can feed-in locally
produced or industrial waste heat into the network via bidirectional substations, allowing
energy flows in both directions and enhancing system efficiency. The complexity of these
networks, with numerous users and interacting heat flows, requires advanced predictive
models to manage large volumes of data and multiple variables. This work presents
the development of a predictive model based on artificial neural networks (ANNs) for
forecasting excess thermal renewable energy from a bidirectional substation. The numerical
model of a substation prototype designed by ENEA provided the physical data for the ANN
training. Thirteen years of simulation results, combined with extensive meteorological data
from ECMWE, were used to train and to test a multi-step ANN capable of forecasting the
six-hour thermal power feed-in horizon using data from the preceding 24 h, improving
operational planning and control strategies. The ANN model demonstrates high predictive
capability and robustness in replicating thermal power dynamics. Accuracy remains high
for horizons up to six hours, with MAE ranging from 279 W to 1196 W, RMSE from 662 W
to 3096 W, and R? from 0.992 to 0.823. Overall, the ANN satisfactorily reproduces the
behavior of the bidirectional substation even over extended forecasting horizons.

Keywords: district heating network (DHN); artificial neural network (ANN); long
short-term memory (LSTM); bidirectional substation; thermal prosumer

1. Introduction

The EU’s climate neutrality target for 2050, along with the interim goal of a 55%
reduction in emissions by 2030 [1], requires a profound transition of energy sectors towards
efficiency, renewable energy sources (RES), and the decarbonization of thermal systems [2].
Heating and cooling, which account for nearly half of Europe’s final energy demand [3],
remain heavily reliant on fossil fuels, while RES accounted for only 24.8% of heat production
in 2022 [4]. The EU Energy Efficiency Directive 2023/1791, aligned with the European
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Green Deal, promotes efficient district heating (DH) systems and the integration of RES
and waste heat (WH) into thermal networks [5]. In this context, district heating networks
are recognized as a key solution for supporting the energy transition, particularly in urban
areas [6,7]. Leveraging the synergies among these interconnected infrastructures allows for
the optimization of the overall energy system, enabling more efficient management and
contributing to the common goal of emission reduction [8].

Europe currently accounts for approximately 19,000 DHNs, supplying heat to over
77 million people, with the highest penetration in Northern European countries, followed
by Germany, France, the United Kingdom, and the Netherlands [9]. Decentralization is
gaining increasing importance, as both electrical systems and, more recently, DHNs aim
to enhance flexibility and sustainability through prosumers capable of locally producing,
consuming, and sharing energy, thereby facilitating the integration of RES.

In recent years, the scientific community has increasingly focused on the integration
of thermal prosumers within DHNs, aiming to model both the networks and bidirectional
users simultaneously and to evaluate how prosumers affect overall hydraulic, thermal, and
energy performance.

Several studies have focused on a detailed analysis of thermal substations, which are
the terminal points where heat power is exchanged between the network and users. Some
authors have employed an experimental approach. Rosemann et al. [10] tested one of the
first dynamic control strategies for prosumer substations in DHNs using Hardware-in-the-
Loop (HIL) simulations; Lamaison et al. [11] tested a bidirectional substation prototype
on an actual DHN under HIL conditions, analyzing its performance over twelve days;
Pipiciello et al. [12] developed and tested a bidirectional substation prototype for DHNs
with HIL simulations, which was later extended [13] to assess, over an annual cycle, the
optimization and recovery of locally produced thermal energy; finally, Sdringola et al. [14]
further refined the system, enhancing local energy self-consumption and management of
surplus heat.

Other researchers have adopted a modeling and simulation approach to investigate
substation behavior. Using the experimental data reported in [12], Sdringola et al. [15]
built a dynamic model of a bidirectional substation in Modelica language. Dino et al. [16]
employed TRNSYS to extend the simulation to two sites with different solar irradiation
profiles. Gianaroli et al. designed the retrofit of an existing substation to enable bidirec-
tional operation; this configuration was replicated in the laboratory [17] and subsequently
modeled and simulated in Dymola [18]. Other researchers, who focus on the substation
level, such as Zinsmeister et al. and Abugabbara et al., analyze various prosumer-side con-
figurations in DHN, evaluating their performance through simulations with SimulationX®
and Modelica, respectively [19,20].

Other studies have investigated the integration of prosumers into DHNs using pri-
marily modeling and simulation approaches. Ancona et al. [21] assessed the impact of
thermal prosumers on the network’s hydraulic and thermal parameters depending on their
location, while Dattilo et al. [22] extended the analysis to the dynamic behavior of bidi-
rectional networks, also considering the distribution of thermal energy through allocation
algorithms used in energy communities [23]. Testasecca et al. [24] employed TRNSYS to
model a low-temperature DHN combining traditional consumers and prosumers capable
of injecting thermal energy into the network. Licklederer et al. [25] developed a steady-state
thermo-hydraulic model for smart thermal networks, representing prosumer integration
via a generic supply node. Finally, Gross et al. [26] proposed a thermo-hydraulic model to
simulate bidirectional DHNs with prosumers, represented by supermarkets feeding the
network with their full heat production from WH and solar thermal collectors.
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Despite significant advances in the modeling and management of prosumers, the
increasing complexity of DHNS, characterized by variable heat flows and numerous inter-
acting users, highlights the need for advanced predictive approaches to ensure optimal
energy management. In this context, several studies have focused on developing models
for forecasting thermal demand. Simonovi¢ et al. [27] presented a short-term heat load fore-
casting model for small DH systems using ANN optimized via particle swarm optimization
(PSO), while Kovac et al. [28] compared conventional ANN and wavelet-enhanced ANN
models for short-term heat demand forecasting, demonstrating that wavelet preprocessing
significantly improves prediction accuracy. Frison et al. [29] highlighted how the use of
ANN, in particular Convolutional Neural Network (CNN) and LSTM models, can sig-
nificantly improve the forecasting of thermal demand in complex DHN, contributing to
operational optimization and energy savings. While the aforementioned studies mainly
focused on heat demand forecasting, Maryniak et al. [30] demonstrated the effectiveness of
a two-hidden-layer ANN model for daily forecasting of heat production in DH plants.

Although ANN have been widely applied across various energy-related forecasting
tasks, their use in the DH sector remains relatively limited. Moreover, most existing studies
have focused on predicting heat demand rather than estimating excess heat production
from thermal RES. This highlights a research gap that the present work aims to address.

This study focuses on the analysis of a bidirectional substation and investigates the
ability of a multi-features and multi-step ANN model to predict thermal power feed into
the DHN. The training data for the ANN were obtained from a numerical model of the
bidirectional substation developed in Modelica language (using Dymola 2024x software),
simulated over 13 years adopting 1 h resolution, with 10 years used for training and
3 years for testing. The LSTM neural network, consisting of a single layer with 32 neurons,
predicts the following 6 h based on the previous 24 h. Results show a strong agreement
between simulated and predicted values, except for very low power outputs typical of
winter periods, which, however, do not compromise system operation. In the authors’ view
the present work can help bring thermal network management closer to what is already
established in smart electrical grids, where bidirectional flows are common, providing
predictive tools useful to manage decentralized thermal prosumer production and optimize
plant operation.

2. Materials and Methods
2.1. Bidirectional Substation Layout

This study builds on the work of Gianaroli et al. [18], who designed a bidirectional
substation for a third-generation existing DHN in northern Italy serving 34 residential
units. The network’s supply temperature is maintained at 80 °C during the heating season
and reduced to 70 °C in summer (AT = 20 °C) to meet domestic hot water (DHW) and
space heating (SH) demands. Some of the connected buildings were already equipped with
flat-plate solar thermal collectors, partially covering their DHW needs.

The retrofit aimed to integrate a thermal prosumer by converting the substation to
a bidirectional configuration, leveraging the existing solar thermal system, which had
previously been used solely for DHW self-consumption. This allows not only improved
self-consumption but also the injection of surplus renewable energy into the network,
providing additional thermal power.

Figure 1 shows the layout of the bidirectional substation in a supply-return configura-
tion. This setup enabled a non-invasive retrofit while preserving the original control logic
highlighting in the layout the new components in violet color. The HE1 heat exchanger,
located at the interface between the user and the network, transfers thermal power from
the primary to the secondary circuit, supplying DHW through the lower coil of the storage
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tank (HE2) and supporting SH. The solar system is connected to the upper coil of the tank
to contribute to DHW production and to an additional heat exchanger (HE3) for feeding
surplus thermal energy into the network’s return line. For more detailed information on
the control strategies, the reader is invited to refer to [18].
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Figure 1. Bidirectional substation layout [18].

2.2. Numerical Model of Bidirecitonal Substation

As part of the same study, the dynamic model of the substation was developed to
operate throughout the entire year, as shown in Figure 2. The model was mainly built
using components from the standard Modelica and IBPSA libraries, along with several
custom-developed elements, such as a double-coil storage tank derived from IBPSA models.

The dynamic simulations, performed with a one-second time step, account for varia-
tions in DHW demand in terms of both temperature and mass flow rate, the regulation of
SH through adjustments of the secondary circuit return temperature, and changes in solar
generation profiles based on temperature fluctuations.

The data used for model validation were obtained from an experimental prototype [17],
whose results were implemented in Modelica language (using Dymola 2024x software).
Boundary conditions were dynamically defined using data tables as input signals.

In addition to the aforementioned data, the simulations require information on the
demand of the new connected building, specifically the return temperature and mass flow
of the SH system, as well as the mass flow and temperature of the DHW demand. These
data were obtained from the results of Ricci et al. [31] for building #8. Furthermore, the
solar thermal system was modeled specifically using the IBSA library. With respect to [18],
in the present work the tabular inputs were replaced with numerical models of the building
and the solar thermal system, enabling simulations over extended periods rather than
single days. This approach provided a substantial dataset for training the ANN described
in the following sections. Figure 2 shows the three components just described, highlighted
as light blue rectangles (the color of the main branches refers to the same one used in the
bidirectional substation layout).
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Figure 2. Bidirectional substation Dymola model [18].

Starting from the substation model described in the previous paragraphs, numerical
simulations were carried out over a period of 13 years. The objective was to generate
a sufficiently large dataset for the training of a dedicated ANN model. To collect the data,
the ECMWF database was accessed through an ad hoc Python 3 script, which enabled the
download of hourly data from the ERA5 [32] dataset for the same time interval reported
in Table 1, corresponding to a location in Northern Italy. The environmental variables
considered in this work (external air temperature and direct and diffuse solar irradiance)
were selected as the primary drivers of solar thermal production and therefore exert the
most direct influence on the excess heat fed into the DHN.

Table 1. Model simulation set-up.

Model Simulation

Start date 1 January 2011

End date 31 December 2023

Time step 1h

Location Latitude 44.5° N, Longitude 11.25° E

To illustrate the results obtained from the model simulations, two figures are presented
showing the temporal evolution of the main variables characterizing the operation of the
bidirectional substation. These results, covering the entire 13-year period, were also used as
input for the ANN implementation. Specifically, Figure 3 displays three subplots showing,
from top to bottom, the hot water flow rate required for SH, the hot water flow rate for
DHW, and the temperature of the water in the storage tank. The SH flow rate clearly
follows the typical seasonal pattern of the local climate, being active from October 15 to
April 15 and zero for the rest of the year. The DHW flow rate maintains a stable daily profile
throughout the simulation. Despite regular day-to-day variations, the overall demand
pattern, characterized by morning and evening peaks, does not significantly change over
the years. Finally, the tank temperature displays a typical set-point controlled pattern,
remaining nearly constant at 62 °C (333.15 K) once the desired temperature is reached.
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Figure 3. Data trends over the entire simulated period: SH flow rate, DHW flow rate, tank temperature.

Figure 4, instead, presents four subplots showing, from top to bottom, the thermal
power feed into the DHN by the substation, the outdoor air temperature, and the diffuse and
direct solar radiation. All variables exhibit a typical seasonal behaviour, with peak values
during the summer period, corresponding to higher ambient temperatures and increased
solar irradiance, which in turn lead to greater thermal power feed into the network.
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Figure 4. Data trends over the entire simulated period: power feed-in, air temperature, diffuse
radiation, direct radiation.

2.3. LSTM ANN Multi-Step Implementation

To effectively select input variables for training the ANN, the correlation coefficients
among the measured quantities were calculated. The results of this analysis are summarized
in the correlation matrix shown in Figure 5. The matrix clearly indicates that the target
variable, i.e., the thermal power feed into the network (Q_feed-in), is strongly correlated
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with operational and environmental variables, particularly air temperature, global solar
radiation, the mass flow in SH circuit, and the operational status of the SH system (on/ off).
These correlations were partly expected, given the physical nature of the process, which is
strongly influenced by external conditions and solar irradiance. A significant correlation
is also observed with cyclic temporal variables, such as hour of the day, day of the year,
and month. Their seasonal and daily patterns can be effectively encoded using sine and
cosine functions to preserve the cyclical continuity of the variable and improve the training
of the ANN. Based on this consideration, only the aforementioned variables that show
an absolute correlation coefficient higher than 0.25 have been selected as inputs for the ANN
model to enhance its predictive capability and capture the complex dynamics affecting
Q. In the cases when sine or cosine of a certain variable do not fulfil the cut-off value
of 0.25, both are retained and used as inputs. This value has been chosen based also on
previous simulations when it has been observed that adding variables did not lead to
improved accuracy.
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Figure 5. Correlation Matrix.

For the prediction of power feed into the DHN, the model inputs were selected by
combining historical measurements with forecasted variables. This approach allows the
model to leverage both past context and reliable predictive information for the forecast
horizon. The historical variables include power feed-in, air temperature, diffuse and direct
solar radiation, and the operational state of SH (on/off). In addition, cyclic encodings of the
hour and day of the year are included, enabling the model to capture daily and seasonal
periodic patterns. Input and output data window are shown in Figure 6.

To properly use input data for ANN, they were pre-processed to ensure consistency
and temporal alignment across all signals. The power signal (Q_feed-in) was first slightly
smoothed using a Savitzky—-Golay filter to reduce noise and local fluctuations while pre-
serving significant peaks, thereby promoting more stable and effective training of the ANN.
Subsequently, all input variables were realigned and resampled to the same 1-h time step
to ensure temporal consistency across all signals used for training. Continuous variables
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(e.g., T_air, diffuse_radiation, direct_radiation) were interpolated, while state variables
(e.g., SH_on_off) were forward-filled. This procedure ensures that each input is perfectly
synchronized with its corresponding target power value, maintaining temporal coherence
and improving the LSTM model’s learning process. Additionally, some input variables
have been scaled. In particular, the target variable Q_feed-in has been scaled using the
RobustScaler utility provided by the Python package scikit-learn, which normalizes the
data by subtracting the median and rescales the data based on the quantile range. All other
continuous variables (external air temperature, diffuse and direct radiation) are instead
scaled with the MinMaxScaler(a utility provided by the Python package scikit-learn) to
bring them into the interval [0, 1].

Input Output

. Qfeed-'\n

Qreea-in

Tair

Direct Radiation
Diffuse Radiation
SH state
Forecasted T,
Sin(hour)
Cos(hour)

Sin(day)

Cos(day)

T
N
D
~

t+1 t+6
Past sequence Future prediction

Figure 6. Forecasting model input data window and output.

Beyond historical variables, the model also incorporates forecasted information as
variables that will be known at the time of prediction for the upcoming hours. In particular,
in addition to measured air temperature from the ECMWE, the model uses the forecasts.
Two forecasts are released daily and recorded in the ECMWEF database, at 6:00 and 18:00,
each covering the futures 12 h. These forecasted values are used as inputs not only as
historical data but also as future variables, since they are known at the prediction time
for the relevant horizon. The same approach is applied to other variables that can be
determined in the future, such as the SH on/ off state, whose seasonal pattern is fixed and
known, and the cyclic time features (sine and cosine of hour and day).

The implemented LSTM model is a multi-feature and multi-step model. Specifically,
the model is trained for 10 years using hourly data to receive as input the selected historical
and forecasted variables over the past 24 h and to predict the power feed-in for the following
6 h. The model is implemented in Python using the TensorFlow /Keras libraries. The chosen
architecture consists of a single LSTM layer with 32 neurons and a hyperbolic tangent (tanh)
activation function, followed by a dense output layer with a softplus activation function,
suitable for regression of positive values. The loss function used for training is the Huber
loss and optimization is performed using the Adam algorithm.

The model was trained for 100 epochs and Figure 7 illustrates the evolution of the loss
metric throughout the training process. The results show that the loss function stabilizes,
reaching a satisfactory level of stationarity on both the training and test datasets by the end
of the 100 epochs, with no evidence of overfitting. Once training is complete, the model is
used to generate predictions of the power feed-in, taking the test dataset as input.
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Figure 7. Training of the ANN: loss vs. epochs.

3. Results and Discussion

This section analyzes the performance of the predictive model during the testing
phase, evaluating the ability of the ANN to forecast the thermal energy feed-in the DHN by
the bidirectional substation. The results are compared with the data previously simulated
in Dymola, in order to assess the accuracy of the predictions and their consistency with the
physical behavior of the system.

Figure 8 shows the trend of the thermal power feed-in the network by the substation,
comparing the values (6 h prediction) obtained from the numerical model (upper plot) with
those predicted by the ANN-based model (lower plot) over the period from January 2021 to
January 2024. Although the selected time window does not allow a detailed inspection of
the model’s accuracy, a good agreement can be observed between the two power profiles,
providing preliminary qualitative evidence of the model’s effectiveness in reproducing the
original data dynamics.
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Figure 8. Measured power vs. Predicted power.

To provide a more detailed evaluation of the model’s predictive capability, Figures 9-12
present an in-depth analysis of the thermal power feed-in the network, showing the super-
imposed simulated and predicted values. The first set of plots, reported in Figure 9, focuses
on a summer week between 1 and 8 August, analyzed over three consecutive years. This
comparison is particularly useful as it highlights that the ANN does not merely “memorize”
the data but is able to generalize effectively across different periods. An excellent level of
accuracy can be observed, with the two curves almost completely overlapping. The same
analysis was performed for a representative spring week (Figure 10) and autumn week
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(Figure 11), again confirming the strong consistency between the simulated and predicted
data. For the winter period, an additional zoomed-in view is presented in Figure 12 to
analyze the system dynamics in greater detail. During this season, as expected, solar pro-
duction was lower due to reduced irradiation, resulting in a smaller (or even null) amount
of thermal energy being fed into the network. This highlights that any discrepancies in
the ANN model occur only for very low power values, without compromising the overall
quality of the prediction. These low values correspond to periods of high intermittency, due
to low levels of solar radiation, which are, however, effectively managed by the substation
control and have minimal impact on the overall operation of the system.

2. 40,000 Measured power
§ N = ---- Predicted power
2 20,000 A A T4 i\ A
c A N\ i\ [\ [\
3 / \ > VAN |\ [\ {\
3 J \ VAN ; \ A /| \ / o\ £\
8 J \ A / \ 2\ /. \ /\ [\
2021-08-01 2021-08-02 2021-08-03 2021-08-04 2021-08-05 2021-08-06 2021-08-07 2021-08-08
=, 40,000 -
5 A A N I\ A
g A\ /\ [\ /\ /\
g A /A TR /R 1
20,000 f--\ J--\ f--A £--3 f--\
£ i \ A | \ i \ ! \ A
g [\ /\ [\ [\ / \ A\
e, / \ A\ / \ / \ 4\ J\ N
2022-08-01 2022-08-02 2022-08-03 2022-08-04 2022-08-05 2022-08-06 2022-08-07 2022-08-08
2. 40,000
5 ) A po
] N\ N 7\
g \ - \ A
c 20,000 / \ / \\‘ P\ I\ I\
3 VA 7\ ¥\ [\ [\
2023-08-01 2023-08-02 2023-08-03 2023-08-04 2023-08-05 2023-08-06 2023-08-07 2023-08-08
Time
Figure 9. Measured power vs. predicted power: summer weeks.
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Figure 10. Measured power vs. predicted power: spring weeks.
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Figure 13 shows the comparison between the values obtained from the numerical
model and those predicted by the ANN for the power fed into the network, considering
individual forecast horizons from 1 to 6 h ahead. The plots are presented as scatter plots,
where the bisector represents the ideal behavior in which the prediction perfectly matches
the numerical data. The purple dashed lines indicate a tolerance band within which the
prediction is considered acceptable. This band is calculated as the maximum between 25%
of the value given by the numerical model and 5000 W (which is almost the 10% of the peak
power). This approach prevents the model from being penalized for very low power values,
where even a small absolute error (e.g., 500 W) could appear large in percentage terms. At
the same time, the band increases proportionally for higher power values, maintaining
a scale consistent with the physical behavior of the system. Looking at Figure 13, for each
forecast horizon, the percentage of points falling within this tolerance band is reported. It
can be observed that the model maintains a satisfactory accuracy even for longer horizons,
decreasing from 99.8% in the first hour ahead to 92.9% in the sixth hour. Most points
are distributed along the bisector, confirming the neural network’s ability to predict the
thermal power with good precision, even in the presence of fluctuations and variations in
the real data.

Finally, to evaluate the predictive performance of the ANN model, several commonly
used error metrics were calculated, including the mean absolute error (MAE), the root
mean squared error (RMSE), and the coefficient of determination (R?), defined as follows:

1 N
MAE = <} lyi = 4il (1)
N =
1 N 2
RMSE = | <= Y (vi— 1) 2)
N =
N A2
R2—1_— Yisivi— %) 3)

N 2
Yiti(vi =)
where y; represents the measured thermal power from the substation simulation at time i,
and j; represents the corresponding prediction generated by the ANN model.
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Figure 13. Comparison between the measured and predicted feed-in power: scatter plot results in the
6 step-out hours.

The quantitative results of the ANN model predictions are summarized in Table 2.
For a 1-h forecasting horizon, the model achieves a MAE of 279.6 W, an RMSE of 662 W,
and an R? value of 0.992, indicating a highly accurate estimation of thermal power. As the
forecasting horizon increases, however, the model’s accuracy slightly decreases. This trend
continues for longer horizons, reaching a MAE of 1196 W, an RMSE of 3096.5 W, and an R?
of 0.8233 at a 6-h horizon. These results show that while the prediction accuracy decreases
with longer forecasting horizons, the R? values remain relatively high up to 6 h, confirming
the ANN model’s ability to capture the main thermal system dynamics even over extended
time periods.

To evaluate the predictive performance of the ANN model, the results are compared
with a simple persistence-based reference model. This model, used as a baseline, assumes
that the variable of interest does not change significantly in the short term. In particular
in this work, persistence is implemented by assuming that the thermal power at time ¢ is
equal to that observed at the same hour on the previous day. Comparing the ANN with
this baseline model allows us to quantify the actual added value of a more sophisticated
predictive approach. Figure 14 shows the density distributions of the residuals (errors),
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calculated as the difference between predicted (6 h prediction) and measured thermal
power, for both the ANN model (top) and the persistence-based reference model (bottom).
In the top plot, the distribution exhibits a sharp, symmetric peak around zero, indicating
a strong ability of the model to reproduce the real behavior of the thermal system. The mean
bias is +218.7 W, reflecting a slight overestimation, while 90% of the errors fall between
-1798 W and +2734 W. In contrast, the bottom plot shows a broader and slightly flatter
distribution, with a zero mean bias (0 W), but 90% of the errors range from —5065.3 W to
+4973.1 W. The width of this interval, nearly twice that of the ANN model, highlights lower
precision and greater variability in the predictions. Overall, Figure 14 demonstrates that
the ANN provides a substantially more accurate estimate of thermal power, with residuals
more tightly clustered around the true values and reduced mean error and dispersion
compared to the persistence model.

Table 2. Error metrics for the ANN model.

Horizon [h] MAE [W] RMSE [W] R2
1 279.63 661.97 0.992
2 456.3 1195.8 0.973
3 667.76 1809.6 0.939
4 886.8 2395.4 0.894
5 1070.46 2834.01 0.852
6 1196.16 3096.35 0.823
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Figure 14. Distribution of prediction errors: LSTM model (top) vs. persistence baseline (bottom).

4. Conclusions

The topic of decentralization in energy systems is becoming increasingly relevant, not
only in the electric sector, where this concept is well established, but also in the thermal sec-
tor. In this context, the shift toward decentralized configurations allows greater operational
flexibility, promoting the integration of RES and the emergence of the thermal prosumer.
DHN and thermal substations represent key elements of this transition, providing the
infrastructure necessary for the bidirectional exchange of thermal energy between the
network and users.

This study investigates the capabilities of a multi-feature and multi-step ANN model
in predicting the thermal power feed into a DHN by a bidirectional substation that
can exploit renewable energy from a solar thermal plant. To develop the ANN model,
a numerical model of the bidirectional substation previously implemented in Modelica
language (using Dymola software) was used [18]. Climate data for a location in Northern
Italy were obtained from the ECMWF database via dedicated Python scripts, covering
a 13-year period from 1 January 2011 to 31 December 2023 with an hourly time step.
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A simulation of the model was then performed to determine the thermal power feed into
the network over the entire period. Based on the results, a correlation matrix was calculated
to identify the most significant variables for model training, combining both historical data
and variables known in the future. The ANN model, designed as a multi-step LSTM net-
work, consists of a single layer with 32 neurons, aiming to predict the next 6 h based on the
preceding 24 h. The implementation was developed in Python using TensorFlow libraries.

The results confirm the high predictive capability of the ANN model, which repro-
duces the temporal trend of thermal power feed into the network with excellent accuracy
compared to the reference numerical model. Deviations occur only at very low power
levels, typical of the winter season, and have minimal impact on the global results. Con-
sidering the adopted tolerance range, the model maintains high predictive accuracy, with
99.8% of predictions within acceptable limits for the one-hour horizon and 92.9% for the
six-hour horizon. Error metrics further confirm the model’s robustness, with MAE ranging
from 279 W for the one hour to 1196 W for the six hour and RMSE ranging from 662 W
to 3096 W over the same horizons. The R? coefficient remains high, from 0.992 for the
one-hour forecast to 0.823 for the six-hour forecast, demonstrating the model’s ability to
effectively capture the thermal dynamics of the system even over extended prediction
horizons. Overall, the proposed ANN has proven capable of reproducing the physical
behavior of the bidirectional substation with high fidelity.

The main contribution of this work is to show how predicting the thermal feed into
the DHN can provide a useful tool to support, in the future, a more efficient management
of decentralized thermal networks. With the rise in prosumers and distributed renewable
sources, the ability to forecast energy flows becomes a key step toward exploring control
strategies similar to those applied in the electricity market.

The bidirectional substation can play a crucial role in decarbonizing the system, as the
controlled feed in of waste heat or excess renewable thermal energy reduces the load on the
generation plant, which typically uses fossil-fuel boilers and cogenerators. This results in
a lower environmental impact and potential economic benefits, primarily due to reduced
fuel consumption. In this context, having a reliable predictive model helps the power plant
regulate production, which cannot be modulated instantly or with extreme precision.

Future studies will focus on integrating the model into the network to evaluate its
operational impact in terms of regulation and management of the plant evaluating the
economic and environmental impact.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN  Artificial Neural Network
CNN  Convolutional Neural Network
DH District Heating

DHN  District Heating Network
DHW  Domestic Hot Water

HE Heat Exchanger

HIL Hardware In the Loop

LSTM  Long Short-Term Memory
MAE  Mean Absolute Error

PSO Particle Swarm Optimization
R? Coefficient of Determination
RES Renewable Energy Source
RMSE  Root Mean Square Error

SH Space Heating

WH Waste Heat
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