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Abstract — Accurate forecasting of heat demand in district heating networks is essential for
their efficient and sustainable operation. This paper presents a novel approach using a
random parameter linear regression model to forecast heat demand, distinguishing itself from
classical linear regression models by its ability to address unobserved heterogeneity among
parameters. Through a case study in Estonia and utilizing data from 2018 to 2023 and
considering seasonality and consumption patterns, the study investigates determinants of
heating demand in district heating networks. Two models were trained for heating and non-
heating seasons. Results indicate significant impacts of weather conditions, energy prices,
time of day, and network infrastructure on heat supply during the heating season, while only
time of day and electricity prices were significant drivers during the non-heating season, with
no notable influence of weather conditions. Prediction accuracy was slightly enhanced using
the random parameter linear regression model, with a mean absolute percentage error of
9.66 % compared to 9.99 % for the Multi Linear Regression Model on the testing set.

Keywords — District Heating Networks; forecasting models; heat demand; Random Parameter
Linear Regression Model (RPLRM); seasonal variation; weather impact.

Nomenclature

DHN District Heating Network

ML Machine Learning

MLRM Multi-Linear Regression Model

RPLRM Random Parameter Linear Regression Model
MAPE Mean Absolute Percentage Error

RMSE Root Mean Square Error

AIC Akaike Information Criterion

1. INTRODUCTION

District heating technologies show their dominancy in various regions around the world.
For instance, around 15 % of the heating demand in Europe was supplied by district heating
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networks (DHN) in 2020 with a steady increase in their share due to their economic and
environmental advantages compared to traditional individual heating systems, especially in
urban areas [1]. The employed technologies in DHN are witnessing a continuous development
contributing to enhance the utilization of sustainable energy sources and reduce the carbon
emissions from the energy sector [2], [3].

The utilization of surplus heat from various sources in the DHN is one of the biggest
advantages of the DHN technology [4], [5]. For instance, the waste heat from the incineration
plant, industrial waste heat, thermal heat from combined heat and power plants, and other
sources of waste heat can be integrated into the DHN reducing the fuel consumption for heat
[6]. In addition, utilizing renewable energy sources including wind, solar, and geothermal
energy in DHN can be promising and significantly contribute to the reduction of carbon
emissions [7]. A promising solution for enhancing the utilization of sustainable energy
sources is the utilization of large-scale heat pumps, where these technologies enable the
system to expand the utilization of other sources of free heat [8], [9]. However, many of these
sources of sustainable heat can be exposed to fluctuations due to various reasons, same as the
demand for heat in the network. The importance of effective operational management of the
DHN appears to secure the supply of heat in the most cost effective, efficient, and eco-friendly
way [10], [11].

Accurate and reliable heat demand forecasting is crucial for district heating optimization,
operational management, and transition toward more sustainable technologies [12], [13].
Forecasting heat demand in DHNs plays a pivotal role in various strategic aspects including,
budgeting, heat generation optimization, network stability, and it guides technology
integration decisions, such as thermal energy storage and renewable energy utilization.
Understanding heat demand determination factors allows the DHN operators to anticipate the
heating demand fluctuations, and response to the heating demand more effectively with
minimal energy wastage. In addition, by matching heat supply and demand, the scheduling of
energy production can be optimized, reducing the production of excess energy, and
maximizing the utilization of renewable energy sources which contribute to maintain the
optimal cost of energy production [14].

As heating demand in the DHN is originated from space heating and hot water demand, the
main factor affecting the space heating demand is mainly the weather conditions and outside
temperature, while the hot water demand might be influenced by more complex factors related
to social behavior [15]. Generally, heating demand in the DHN can be influenced by a wide
and complex set of factors that interact. Climate conditions (outside temperature, wind,
humidity, radiation, etc.) [16], Technical factors (Network renovation and improvement),
Economic factors (Heat prices, prices of other heating solutions), Social behaviour factors
(working time, holiday time, day activities, etc.), and demographic factors (building densities
and size of the family) [13]-[16].

The forecasting of heat demand can be classified into two categories, short-term forecasting
which predicts the hourly or minutely demand for the next few days, and long-term
forecasting, which predicts from weekly to annual heat demand for different future period
[19]. Several techniques of heating demand forecasting are used and investigated in the
literature, including statistical approaches, machine learning methods, and hybrid methods as
shown in Fig. 1. ML models, such as Artificial Neural Networks (ANN), Support Vector
Machines (SVM), and Random Forests (RF), offer the advantage of capturing complex
nonlinear relationships and handling large datasets efficiently [17]-[19]. However, they may
require extensive data pre-processing and tuning to achieve optimal performance [24]. On the
other hand, statistical models like Autoregressive Integrated Moving Average (ARIMA) and
Exponential Smoothing Methods are adept at capturing temporal patterns and seasonality in

671



Environmental and Climate Technologies

2024 /28

energy data but may struggle with capturing nonlinear relationships [25]. Hybrid models,
such as Long Short-Term Memory (LSTM) networks with exogenous variables and ARIMA
combined with machine learning residuals, attempt to provide the strengths of both ML and
statistical approaches to enhance forecasting accuracy [26].
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Fig. 1. Forecasting Models for Heating Load in DHN and Assessing Their Strengths and Weaknesses.

Dotzauer [27] has developed a linear regression model to predict the heating load and they
considered outside temperature and social behavior as influencing factors. Shakeel ef al. [28]
proposed a novel approach using FB-Prophet model for DHN load forecasting, demonstrating
promising results in enhancing forecast accuracy. Zdravkovic et al. [29] developed a high-
resolution heat demand forecasting model validated at the national level, offering insights
into hourly heat demand variations. Additionally, Kemper et al. [19] evaluated models for
predicting residential unit heat demands, contributing to the optimization of energy
management systems.

Studies also investigate explainable forecasting models. Dand et al. [30] utilized data from
a cogeneration DH plant to build analysis and forecast models, enhancing understanding and
predictability of heat load patterns. Dand ef al. [30] have investigated the influence of five
parameters on heating load, namely, wind speed, humidity, outdoor temperature, and
holidays. Furthermore, operational strategies integrating forecast results have been proposed.
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Golla et al. [31] implemented a control strategy for DHNs with heat pumps and storage
systems, enhancing forecast outcomes to optimize network operations. Machine learning is
widely used and studied in the literature, Ntakolia et al. [32] presented a review study about
the various ML tools that have been used in DH load forecast and the various parameters that
have been considered. Chaganti et al. [33] developed a ML model to predict the future heating
and cooling load in buildings and Saloux ef al. [34] used ML algorithm to predict the heating
load for a solar DHN with 52 homes. The results of [34] have shown a privilege of ML
algorithm over LR methods in heating load forecasting.

Existing econometric models for heating demand forecasting often overlook the
multifaceted impact of various factors beyond ambient temperature and time of the day [35].
In addition, existing forecasting techniques are often based on fixed-parameter approach,
which assume that impact of each parameter on heating demand is always the same. This
paper introduces a novel Random Parameter Linear Regression Model (RPLRM) that
addresses this gap by incorporating a broader range of determinants and addresses the
heterogeneity for the parameters which potentially will lead to enhancement of the accuracy
of heating demand forecasting within DHN. RPLRM has been used in various fields and
sectors. Mannering et al. [36] developed a RPLRM for the accident on highways and
estimated the unobserved heterogeneity in the explanatory factors. Hamed et al. [37] utilized
RPLRM to investigate vehicle ownership decisions following traffic accidents, focusing on
the impact of the current car fleet on individuals’ choices. Ghiasi ef al. [38] applied RPLRM
in their statistical assessments of higher education ranking methodologies in the USA, aiming
to unravel the quantitative metrics utilized in ranking educational institutions. Provencher et
al. [39] employed RPLRM in their economic analysis of fisheries production, aiming to
understand market dynamics, resource management strategies, and economic ramifications
within the fisheries industry.

RPLRMs have emerged as a promising approach in energy forecasting, offering enhanced
accuracy and robustness in predicting energy consumption patterns. Studies such as [40] have
developed heterogeneity-based econometric models that leverage RPLRM to forecast annual
electricity consumption, showcasing the effectiveness of this methodology. RPLRM enables
the incorporation of diverse factors and individual characteristics into the forecasting process,
leading to more nuanced and accurate predictions. Additionally, Verwiebe et al. [41]
conducted a systematic literature review on energy demand modelling, highlighting RPLRM
as one of the notable methodologies utilized in the field. This indicates the growing
recognition of RPLRM's relevance and applicability in addressing the complexities of energy
forecasting tasks. Furthermore, Hamed ef al. [42] explored RPLRM’s utility in forecasting
annual electric power consumption, emphasizing its capability to account for heterogeneity
in both means and variances. The integration of RPLRM into energy forecasting frameworks
enables analysts to capture the inherent variability and uncertainty present in energy
consumption data, leading to more robust and reliable predictions. Moreover, innovative
approaches, such as combining RPLRM with inverse matrix calculation, have been proposed
to enhance energy demand forecasting in remote areas [42]. This demonstrates the versatility
of RPLRM in adapting to different forecasting contexts and addressing specific challenges in
energy prediction tasks.

The literature review shows the importance of accurate and reliable heating demand
prediction and the significance of understanding the impact of various parameter on heating
demand. By developing a robust forecasting model that considers diverse factors influencing
heating demand, this research offers a valuable contribution to enhancing the efficiency and
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reliability of DHN. The introduction of the RPLRM addresses the limitation of the
conventional econometric models by providing a framework to account for unobserved
heterogeneity for the determinants, resulting in more accurate and reliable forecasting. The
paper proceeds with a description of the dataset used, followed by an explanation of the
methodology employed to develop the forecasting models. Subsequently, the results of the
model's application are presented, followed by a discussion of their implications and
conclusions drawn from the study.

2. DATASET DESCRIPTION

The dataset used in this study was sourced from the DHN in Narva, located in north-eastern
Estonia. The DHN operates with a Combined Heat and Power (CHP) plant with a heat
capacity of 160 MWy, and an electrical capacity of 215 MW,. In 2022, the annual heat demand
of the network was approximately 400 GWh. With a network length of 80 km, it serves over
730 buildings, maintaining a heat supply and return temperature of 120/70 [43].

The dataset comprises hourly data spanning from 2018 to 2023, including heat supply to
the network, and the heat consumed by consumers in the previous 24 hours as well as weather
conditions such as temperature, wind speed, and radiation. Energy price data, including heat
price and electricity price, were also collected. Additionally, binary variables were created to
represent seasonality and patterns for different times of the day, weekends, and holidays. The
study segmented the time of day into four distinct periods: morning hours from 6 to 9, working
hours from 9 to 17, evening hours from 17 to 22, and night hours from 22 to 6. Infrastructure
data, specifically the share of pre-insulated pipes in the network, was also included. Table 1
presents the statistical overview of the dataset.

TABLE 1. STATISTICAL DESCRIPTION OF THE DATA

Unit Mean  Standard deviation Max Min
Heat supply MW 49.02 34.15 163.00 5.00
Temperature °C 6.57 9.40 34.30 -28.10
Night hours Binary 033 0.47 1.00 0.00
Morning hours Binary  0.12 0.33 1.00 0.00
Working hours Binary  0.33 0.47 1.00 0.00
Evening hours Binary  0.21 0.41 1.00 0.00
Weekend and holidays Binary  0.30 0.46 1.00 0.00
Heat price €/MWh  39.43 8.52 73.35 35.33
Electricity price €/MWh  82.83 85.96 4000.00 -60.04
Irradiance W/m 116.13  198.22 908.00 0.00
Wind Speed m/s 3.60 1.90 14.60 0.10
Share of pre-insulated pipes % 36 0.01 37 35
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3. METHODOLOGY

The study conducted an analysis of the impact of ten factors on heat supply and developed
a novel forecasting model, which was then compared with the classical MLRM. The initial
phase of the research involved collecting data on heat supply and consumption from the Narva
DHN in Estonia for the years 2018 to 2023. Hourly historical data on various parameters,
including weather conditions, heat price, electricity price, and the number of connected
buildings, were collected.

The primary objective of this research was to assess the performance of the RPLRM in
forecasting heat supply and estimating the precise impact of the determinants on heat supply.
This research distinguishes itself from classical models by considering unobserved
heterogeneity in the independent factors. Therefore, the RPLRM was compared with the
classical MLRM.

The dataset was split into training data (2018-2022) and testing data (2023) to facilitate
model development and evaluation. Additionally, recognizing the different dynamics of heat
supply between cold and warm seasons, the dataset was further split into heating and non-
heating seasons. The beginning and end of the heating season were determined based on
observations of several consecutive hourly heat supply surpassing or falling below a threshold
of 25 MW, respectively. The threshold of 25 MW was determined based on observations of
the heat supply dynamics between the warm and cold seasons. It was noted that when the heat
supply dropped below 25 MW, it stabilized at an average of 13 MW during the non-heating
season. Conversely, when the heat supply exceeded 25 MW, it averaged around 70 MW
during the heating season.

Fig. 2 illustrates the framework developed for the creation of data-driven forecasting
models in DHNs. The figure outlines the sequential process involved in the development and
evaluation of these models. Beginning with data input, including parameters such as hourly
heat supply, weather conditions, energy prices, and infrastructure data, the process proceeds
through data processing stages.

Outdoor Heat supply
temperature

Historical weather
data Historical
consumption data

Radiation

Wind speed
Multiple-linear
Regression model

Time of the day
Time and patterns
factors

Day of the week . Training/ testing Evaluatla.n S
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renovation factors
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Fig. 2. Framework for Developing the Data-Driven Forecasting Models in District Heating Systems.
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The selection of the factors for the forecasting models was guided by a comprehensive
review of existing literature and preliminary data analysis. Factors such as weather
conditions, time and patterns, and infrastructure factors were chosen based on their
established significance in prior studies [13]-[16]. Electricity prices and heat prices were
included due to their impact on operational cost dynamics within the heating systems. The
framework acknowledges the impact of factors such as consumer behaviour, occupancy
patterns, response to pricing, external events, heating preferences, and social behaviour.
However, due to the difficulty in measuring these factors, they were not explicitly included
in the model development process. Subsequently, the Multi-Linear Regression Model
(MLRM) and RPLRM are constructed, followed by testing and evaluation phases to assess
the models’ forecasting accuracy and performance.

The modelling process commenced with the construction of MLRM and RPLRM for all
parameters, followed by iterative refinement to eliminate insignificant variables. The
goodness of fit and forecasting accuracy of the models were evaluated, and a comparative
analysis between MLRM and RPLRM was conducted. All analyses in this study were
conducted using the R programming language. The results of the developed models were then
applied to the testing dataset to assess their predictive performance.

3.1. Forecasting Models

3.1.1. Multi-Linear Regression Model

MLRM is one of the most traditional and simplest used techniques to predict the
relationship between the dependent variable and one or more independent variables. The
linear regression model can be represented by Eq. 1.

Y= By +B X, +B, X, +.. 4B, X, +¢, M
where Y; is the dependent variable for the i observation, in our case it is the heating demand. o,
B1, Pk are the coefficient to be estimated, and g; is the error term.

The coefficient Po, B1, to Bk were estimated using the ordinary least square method as shown in
Eq. 2.

B=(X"X)"'X"Y, @)

whereﬁis the estimated coefficient, X is the matrix of independent variables, X7 is the
transpose matrix of X, and Y is the vector of the dependent variable (heat supply).

3.1.2. Random Parameter Linear Regression Model

RPLRM is a variant of regression model that account for heterogeneity in the coefficient of the
independent variables. Unlike the traditional linear regression models where coefficients are fixed
across the observations, RPLRM allows for variability in these coefficients, making it more
flexible and adaptable to diverse datasets. Eq. 3 show the general equation of RPLRM:

Y=o,+o,X,+a,X,+..+0,X, +&, 3)
where Y; is the dependent variable for the i observation, oo, a1, ox— the coefficient to be
estimated, and ¢&; is the error term.
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The distinguished characteristic about the RPLRM is the estimation of the coefficients o,
a1, ox. In order to estimate the coefficients, Eq. 4 was used by assuming normal distribution:

a, ~ N(n,c?), 4)

where p; is the mean of the distribution for the j™ coefficient, and o; is the variance of the
distribution for the j* coefficient.

The estimation of the RPLRM is conducted by the maximum likelihood estimation
technique (MLE). where the likelihood function is maximized to find the parameter values
that best fit the observed data. The likelihood function for the RPLRM is shown in Eq. 5.

L(OY) = £ (11[0). / (1,00) ... £ (1.10). 6

where 0 represents the vector of model parameters, including the means w, and variances,
Y = y1, y2,... yn represents the observed data, f ( y,.|6) is the probability density function for the i
observation.

3.2. Performance Metrics

The performance of both the MLRM and RPLRM was rigorously evaluated using
established metrics, notably the Mean Absolute Percentage Error (MAPE) and Root Mean
Squared Error (RMSE) as shown in Eq. 6 and Eq. 7. These metrics served as benchmarks for
assessing the accuracy and efficacy of the forecasting models.

MAPEzl[Zez‘
nl|Y

i

1 n
RMSE = [~ Y(e)” » )
- ;(e,)

where, e; is the residual between the predicted value and the actual value at point i, and Y; is
the actual value for the same point, and # is the number of observations.

J 100% » (6)

4. RESULTS

This section shows the estimated results of the performed models in this study. The
estimated results include the influence of the significant parameters on heat supply, the
accuracy of both models, MLRM and RPLRM in forecasting heating demand, the difference
in parameters impact on heat supply in heating season and non-heating season and shows the
prediction accuracy in the testing set.

4.1. Training Set

As a result, both MLRM and RLPRM demonstrated significant findings in estimating the
determinants of heat supply in the network. Table 2 illustrates the close results in parameter
coefficient estimates and their impact on the DHN's heat supply during both heating and non-
heating seasons. The results in Table 2 are elaborated in the following subsections, which
focus on the heating season, non-heating season, random parameters, and forecasting
accuracy.
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TABLE 2. RESULTS OF HEAT SUPPLY MODELLING BY THE FOUR MODELS

Heating season Non-heating season

MLRM RLPRM MLRM RLPRM
variable Coefficient Co;fﬁcient Coefficient Co;fﬁcient

estimate, B t-stat c(::lmatc, t-stat estimate, B t-stat ;itlmatc, t-stat
Intercept 78.80 31.11 82.64 32.29 0.82 10.43 178 4.64
Hourly temperature -2.20 -116 -2.20 -110 - - - -
Standard deviation of the
random parameter — normal - - 1.24 - - - - -
distribution
Night hours -4.72 -36.94 481 -37.85 -1.80 —33.08 -1.82 4_16.03
Morning hours 3.30 19.58 3.26 19.45 0.89 12.87  0.90 5.15
Standard deviation of the
random parameter — normal - - - - - - 0.12 -
distribution
Working hours -3.53 -26.08  -3.57 —26.62 -0.11 214 - -
Weekend and holidays -0.26 -2.63 -0.14 -3.34 -0.15 -3.66
Heat price -0.05 -5.19 -0.04 -4.04 - - -
Electricity price 0.01 10.06 0.01 9.16 0.01 256  0.01 3.52
Irradiance 0.00 -2.92 0.00 -3.31
Wind Speed 0.63 25.22 0.62 17.19 - - - -
Standard deviation of the
random parameter— normal - - 0.40 - - - - -
distribution
g;:;z:ntage of pre—insulated 088 21066 -0.97 1166 - _ _ _
Model statistics
Log-likelihood at convergence -95 469.80 —95358.04 -36 861.67 —36 888.69
Number of observations 27 864 27 864 15936 15936
Number of parameters 9 12 5 5
Goodness of fit
R-squared 0.91 0.92 0.75 0.80
AIC 190 963.60 190 748.10 73 793.38 73 739.33
Accuracy measures
MAPE 933 % 8.99 % 10.10 % 9.72 %
RMSE 7.44 7.19 2.12 1.89

4.2. Heating Season

As anticipated, the primary driver of heat supply during the heating season is the hourly
temperature, with a 1-degree decrease corresponding to a 2.2 MW increase in heat supply.
Moreover, time of day also significantly influences heat supply, with morning hours
witnessing an increase of 3.26 to 3.30 MW, while working and night hours’ experience
decreases of approximately 3.5 MW and 4.75 MW, respectively.
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Additionally, the results reveal a statistically significant impact of heat and electricity
prices on heat supply. Despite the stability of heat prices in Narva, with only three changes
observed over a six-year period from 2018 to 2023, a 1 % increase results in a 0.05 MW
decrease in hourly heat supply during the heating season. Similarly, a 1-euro increase in
electricity prices leads to a 0.01 MW increase in hourly heat supply, possibly due to
consumers who have more than one heating option, switch to district heating options when
electricity prices rise.

The findings also highlight the significant influence of wind speed during the heating
season, with a one-unit (1 m/s) increase contributing to a 0.63 MW increase in heat supply.
This suggests that higher wind speeds facilitate outdoor wind infiltration into buildings,
increasing heating demand. Moreover, infrastructure factors, such as the share of pre-
insulated pipes in the network, exhibit a significant impact, with a 1% increase resulting in a
reduction of heat supply by 0.88 to 0.97 MW hourly, attributed to decreased heat loss in the
network. This result clearly indicates the effectiveness of preinstalled pipes and their impact
on heat supply. Furthermore, the RPLRM effectively captures the influence of weekends and
holidays, indicating a reduction of 0.26 MW per hour in heat supply during these periods.

4.3. Non-Heating Season

Forecasting heat supply during the non-heating season proved challenging due to the
different consumption patterns. Unlike the heating season, where space heating is a primary
usage of heat and measured conditions are main drivers, the non-heating season relies on
domestic hot water (DHW) usage. This DHW patterns is influenced more by behavioural
factors rather than directly measurable or observed variables. Interestingly, our analysis
revealed that neither the fluctuation in hourly temperature nor the average daily temperature
were statistically significant factors affecting heat supply during this period. Instead, the
primary influencers were found to be seasonality and time of day. Specifically, the time of
day and weekends emerged as the main drivers of heat supply fluctuations during the non-
heating season, overshadowing other factors such as weather conditions, pricing dynamics,
or infrastructural variations. Our results indicated a notable increase in heat supply by around
0.89 MW during morning hours, contrasted by a decrease of 1.80 MW and 0.11 MW during
night and working hours, respectively. Moreover, a decrease of 0.14 MW was observed
during weekends and holidays.

4.4. Random Parameter Analysis

The RPLRM analysis for the heating season revealed significant random parameters
associated with two variables: hourly temperature and wind speed. This finding underscores
the nuanced impact of wind speed and temperature fluctuations during the heating season on
heat supply dynamics. Specifically, both variables were found to exert a negative influence
on heat supply, aligning with prior discussions. However, the analysis revealed heterogeneity
in their effects, with standard deviations of 1.24 and 0.40, respectively. This variability
underscores the presence of unobserved factors that modulate their impact on heat supply.

Moreover, the analysis of the non-heating season identified a significant random parameter
associated with morning hours, characterized by a standard deviation of 0.12. This finding
suggests that the heat supply during morning hours in the summer season is influenced by
additional, unobserved factors. These factors contribute to the observed heterogeneity in the
impact of morning hours on heat supply dynamics. Further exploration of these latent
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influences could provide valuable insights into the factors driving heat demand during non-
heating periods.

4.5. Forecasting Accuracy

The assessment of forecasting accuracy highlighted a slight advantage of the RPLRM over
the MLRM in both heating and non-heating seasons. During the heating season, the RPLRM
achieved a MAPE of 8.99 %, compared to 9.33 % for the MLRM, indicating superior
predictive performance of the former. Similarly, in the non-heating season, the RLPRM
exhibited a slightly lower MAPE of 9.72 % compared to 10.10 % for the MLRM, reflecting
its higher accuracy in forecasting heat demand dynamics during the summer months.

It is important to acknowledge that despite the RPLRM incorporating the consideration of
unobserved heterogeneity, the improvement in prediction accuracy compared to the MLRM
was not notably significant. Although the RPLRM demonstrated slightly enhanced accuracy
during both seasons, it remained very close to the performance of the MLRM.

The marginal difference in forecasting accuracy between the RPLRM and MLRM suggests
that while the RPLRM offers a more sophisticated framework for accounting for unobserved
heterogeneity, this additional complexity may not always translate into substantially
improved prediction accuracy. Despite this, both models exhibited commendable
performance in predicting heat supply within the DHN across various seasons.

4.6. Models’ Validation

The validation process involved assessing the forecasting accuracy of the models using data
from 2023, which had not been trained in the modelling phase. Results from the testing set
indicated a slight advantage of the RPLRM over the MLRM, with the former achieving a
MAPE of 9.66 % compared to 9.99 % for the latter. This disparity underscores the superior
predictive capabilities of the RPLRM in capturing the nuanced variability within the DHN.
Fig. 3 provides a comprehensive visualization of the forecasted heat supply by both the
MLRM and RPLRM during the validation period.

Upon scrutinizing the models’ predictions for the testing set, it was observed that the
maximum residual and higher prediction error occurred in the last hours of the year,
suggesting a potential influence from New Year’s Eve events and festivities, which was not
accounted for in this study. While national holidays were considered collectively with
weekends and holidays, the unique impact of major celebrations like New Year's Eve warrants
further investigation. Fig. 4, depicting the hourly residuals in the predictions made by both
models during the testing set year, may provide further insight into whether the highest
residual indeed corresponds to the last observations.

Fig. 5 illustrates the histogram of the residual of the predicted heat supply by both models
for the testing set. Notably, the frequencies and values of the residuals in both models exhibit
close resemblance, as depicted in the Fig. 5.
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Fig. 4. Hourly residual of the prediction by the two models MLRM and RPLRM for the testing set (the year 2023).
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Fig. 5. Histograms depicting the distribution of forecasting residuals for the MLRM and RPLRM for the testing year 2023.

5. DISCUSSION AND CONCLUSIONS

This study sheds light on the dynamics of heat supply in district heating networks (DHNs)
and introduces the RLPRM as a novel approach for predicting heat supply variations.

Both the MLRM and RLPRM effectively estimate heat supply determinants, with close
results in parameter coefficient estimates. Temperature is a primary driver of heat supply
during the heating season, and hourly variations significantly impact demand. Additionally,
time of day reflects consumer behaviour patterns, while heat and electricity prices
significantly influence heating demand [44]. Moreover, wind speed and infrastructure factors,
such as pre-insulated pipes, played significant roles in determining heat supply dynamics.

Forecasting heat supply during the non-heating season posed challenges due to different
consumption patterns, primarily driven by DHW usage. The dominance of seasonality and
time of day over weather conditions, pricing, or infrastructure factors underscores the
behavioural aspect of heat demand during this period. Despite the absence of statistically
significant temperature fluctuations, mornings emerged as a peak period for heat demand,
indicating consumer routines [15].

Interestingly, various parameters found to have significant impact on heat supply during
heating season but their impact demolished when the heating season ends. Which can be
interpret by the different use of heat from the DHN during these two seasons. Our observation
about the impact of wind speed on DHN aligns with the finding of [45] where it was found
cold wind speed affects heat supply while warm wind speed does not.

The analysis of random parameters in the heating season’s RPLRM revealed significant
effects of hourly temperature and wind speed on heat supply dynamics. This highlights the
intricate relationship between weather variables and heat demand, with both factors exerting
a negative influence on heat supply. The observed heterogeneity underscores the presence of
unobserved factors that modulate their impact, emphasizing the need for comprehensive
modelling approaches to capture these complexities. Similarly, the identification of
significant random parameters associated with morning hours during the non-heating season
suggests additional latent influences on heat demand, warranting further investigation into
seasonal variations and behavioural factors.

The evaluation of forecasting accuracy demonstrated a slight advantage of the RPLRM over
the MLRM in both heating and non-heating seasons. While the RPLRM exhibited marginally
lower MAPE values, the difference in prediction accuracy compared to the MLRM was not
notably significant. Despite incorporating unobserved heterogeneity, the RPLRM’s
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improvement in accuracy was minimal, indicating that the added complexity may not always
translate into substantial gains in predictive performance. Nonetheless, both models displayed
commendable accuracy in forecasting heat supply within the DHN compared to with used
models in the literature [19], [30], [41], [46], highlighting their utility in energy management
and planning.

The findings of this study contribute to advancing the understanding of heating demand
forecasting in DHNs. However, while this study employed RPLRM to forecast heat supply in
DHNS, certain limitations persist. Firstly, despite utilizing the RPLRM’s capabilities to
account for unobserved heterogeneity, it still operates within the framework of linear
modelling, which may not fully capture the intricate relationships within the data. Moreover,
the presence of collinearity among the parameters used in the model could potentially distort
the estimation of coefficients and undermine the model’s predictive performance. Future
research endeavours should explore more sophisticated modelling techniques beyond linear
modelling to enhance the accuracy and reliability of heat supply forecasting in DHNSs.

In conclusion, this study demonstrates the effectiveness of both MLRM and RLPRM in
forecasting heat supply in DHNs. While temperature remains a significant factor, other
variables such as time of day, economic conditions, and infrastructure play crucial roles in
shaping heat demand dynamics. The insights gained from this research can inform policy
decisions and infrastructure planning to optimize energy usage and enhance sustainability in
urban heating systems.
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