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A B S T R A C T

This paper presents an innovative approach to disaggregate a building’s global heat consumption into space 
heating and domestic hot water heat load components using Energy Signature Curve models. The study addresses 
the challenges associated with these models, which often fail to represent daily trends accurately and do not 
account for dynamic changes in building usage. Four approaches based on linear regression models are compared 
to determine the most accurate method for space heating and domestic hot water disaggregation. The state-of- 
the-art Energy Signature Curve is compared with three improved alternatives. A new algorithm for automatic 
season threshold identification is proposed. The comparison with consumption data indicates that the proposed 
methodology significantly improves the accuracy in heat load disaggregation, with the superior performance 
provided by the model based on a 24-hour energy threshold. This advancement can potentially optimize district 
heating network management and support retrofit interventions by providing detailed consumption profiles.

1. Introduction

In recent years, the focus on sustainability in the energy sector has 
grown, leading to significant research aimed at improving energy effi
ciency. The building sector accounts for 40 % of the EU’s total energy 
consumption and over 33 % of its energy-related greenhouse gas emis
sions [1,2]. Space heating (SH) and domestic hot water (DHW) systems 
collectively account for over 27 % of final energy usage and 20 % of 
greenhouse gas emissions in the EU, with SH contributing approximately 
85 % and DHW around 15 % to heat demand [3]. Improving energy 
efficiency in buildings’ energy systems is a challenge for new con
structions and primarily for existing buildings [4]. Energy Roadmap 
2050 [5] sets ambitious goals for improving energy efficiency in 
buildings and reducing emissions. Effective management of building 
energy consumption is essential for sustainability and lowering green
house gas emissions. [6]. However, researchers and policymakers often 
lack complete data on building envelopes, usage, occupant behavior, 
weather, and energy systems, making it challenging to predict energy 
consumption and retrofit impacts. The increasing availability of smart 
meters worldwide enhances understanding of consumption patterns and 
provides valuable data for energy load planning, enabling more accurate 

energy assessments and retrofit proposals [7–9].
A key challenge in this effort lies in accurately disaggregating the 

energy consumption in buildings, particularly distinguishing between 
DHW and SH loads [10]. Disaggregating DHW and SH heat load com
ponents can be crucial in retrofitting interventions. By identifying the 
specific heat consumption patterns of DHW and SH, retrofitting can be 
adapted to address the unique needs of each building, leading to more 
effective insulation, heating system upgrades, and other energy-saving 
measures [11,12]. Disaggregation can also be relevant in optimizing 
energy efficiency and operational strategies in District Heating Net
works (DHNs). The load components distinction can improve system 
performance by supporting better control and management of the heat 
supply, thus reducing energy waste and enhancing the network’s overall 
efficiency [13–15]. Accurate heat load forecasts, made possible through 
disaggregation, can also facilitate the use of intermittent renewable 
energy sources, such as solar and wind power, by aligning the heat 
supply with their availability [16,17].

1.1. Heat loads disaggregation methods

Heat load disaggregation methods focus on estimating SH and DHW 
heat loads separately. Historically, SH systems have been the primary 
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subject of performance investigations, while DHW production systems 
have been overlooked due to their perceived minor impact on overall 
heating energy demand [10]. However, as building performance im
proves and passive house technologies are adopted, the significance of 
DHW heat load increases. [18,19]. Additionally, in warm climates, 
lower SH demands due to higher outdoor temperatures increase the 
relative importance of DHW heat loads.[20]. From these perspectives, 
identifying the different heat uses in buildings is extremely useful for 
establishing the best retrofit interventions.

The disaggregation approaches are based on building energy 
modelling methods: white-box or engineering approach, black-box or 
data-driven approach, and grey-box or hybrid approach [21–23]. White 
box models are physics-based models that rely on detailed knowledge of 
the system’s internal processes [22]. White box models simulate SH and 
DHW heat loads separately, starting from separate inputs. One of the 
main limitations of the white box approach is the difficulty of finding 
accurate information [24] on the building geometry and schedules, 
especially in existing buildings. Additionally, these models demand 
expertise, proper assumptions, and significant time for both develop
ment and simulation [24–26]. In addition, domestic hot water models 
are usually based on standard consumption profiles and technical 
standards methods [27–30]. Standards’ limitations include the risk of 
highly overestimating design flow rates compared to actual measured 
flow rates, even more than plausible tolerance for accounting for system 
operation in suboptimal conditions [10] and not accounting for influ
ential factors like occupancy, leading to potential inaccuracies in DHW 
consumption predictions [31].

Black box models are data-driven approaches [32] that learn pat
terns from historical energy consumption data to predict future demand 
[33]. They are usually divided into two categories [32]: statistical 
models [34,35], and machine learning models [36–38]. Once trained, 
the model can predict future energy consumption using new input data 
[23]. They are advantageous when detailed system knowledge is lacking 
but depend heavily on the quality and quantity of available data [39].

Black box models have been widely used in the literature to disag
gregate SH and DHW. Bacher et al. [40] proposed a non-parametric 
method using kernel smoothing to identify DHW heating peaks in 
total heat load time series data for single-family homes, but this requires 
high-resolution data (at least 15-minute intervals) and relies on 

instantaneous DHW production. It is ineffective when DHW relies on 
thermal storage or when DHW load is less than SH. Leiria et al. [41]
utilized local weather data and total heat measurements through Kal
man filtering and Support Vector Regression to estimate SH and DHW 
loads separately. In [42], Another approach used singular spectrum 
analysis in a Norwegian hotel to adjust SH load based on outdoor tem
perature. It demonstrates the versatility of disaggregation methods 
across different building types [43] and scales [44]. Among the weak
nesses, they depend on the quality and quantity of input data [11,45], 
and it cannot simulate consumption changes due to new boundary 
conditions like retrofits or modifications to heat generation systems.

Grey box models combine physical laws with statistical methods to 
create semi-empirical models that can capture system behavior with less 
data than white box models but with more interpretability than black 
box models [33]. Various studies have applied these models for SH and 
DHW disaggregation. For instance, Schaffer et al. [45] developed a 
computationally fast algorithm utilizing data from smart heat meters. 
Hedegaard et al. [46] applied a grey-box approach (5R2C) for separating 
SH and DHW in district heating systems. It is advantageous as it doesn’t 
rely on high-resolution measurements. Grey box models can adapt to 
new data and boundary conditions without the need for complete 
reconfiguration [47,48].

The choice of model for SH and DHW disaggregation depends on 
factors like data availability, accuracy needs, and application. White box 
models are best for detailed analysis in existing buildings with accurate 
information and design phases, while black box models suit scenarios 
with stable boundary conditions and abundant data. Grey box models 
balance accuracy with data needs. A common limitation for all ap
proaches is the availability and quality of data on building properties, 
user behavior, and energy consumption.

1.2. Energy signature curve (ESC) models

In this paper, the Energy Signature Curve (ESC) is used to analyze 
energy consumption in buildings, focusing on DHW and SH heat load 
disaggregation. ESC models provide valuable insights into the impact of 
temperature on building energy consumption and enable utility man
agers and planners to estimate energy savings accurately [49]. They 
serve a dual purpose: they allow for analyzing a building’s energy 

Nomenclature

Acronyms
CSD Change Season Day
DHN District Heating Network
DHW Domestic Hot Water
DTW Dynamic Time Warping
DTWD Dynamic Time Warping Distance
ESC Energy Signature Curve
KPI Key Performance Indicator
MAE Mean Absolute Error
PML Percentage of Matching Labels
PMLHR Percentage of Matching Labels with Hour Range
RMSE Root Mean Square Error
SEC Summer Energy Consumption Deviation
SH Space Heating
WEC Winter Energy Consumption Deviation
YEC Yearly Energy Consumption Deviation

Symbols
CPT Change Point Temperature (◦C)
E Global Heat Consumption (kWh)
E DHW balanced, i DHW heat load component after balancing operation 

at hour i (kWh)
E DHW boundary max, i Maximum DHW boundary at hour i (kWh)
E DHW boundary min, i Minimum DHW boundary at hour i (kWh)
E SH balanced, i SH heat load component after balancing operation at 

hour i (kWh)
EDHW Modelled DHW heat load component (kWh)
Ei Global Heat Consumption at Hour i (kWh)
Eloss Modelled heat losses in the water circuit (kWh)
Emax Maximum value of Global Heat Consumption (kWh)
Eno CSDs Global Heat Consumption without Change Season Days 

(kWh)
Eref Heat consumption threshold (kWh)
Eref, n Heat consumption threshold at iteration step n (kWh)
ESH Modelled SH heat load component (kWh)
Tout Outdoor Air Temperature (◦C)
Tout, i Outdoor Air Temperature at Hour i (◦C)
Xi Measured input values
Yi Estimated Heat Consumption at Hour i (kWh)
Ysummer Estimated Heat Consumption in the summer season (kWh)
Ywinter Estimated Heat Consumption in the winter season (kWh)
α Intercept of the linear regression model (kWh)
β Slope coefficient of the linear regression model (kWh/◦C)
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consumption [50], and forecasting the building’s energy demand 
[51–53]. They belong to data-driven models because they are based on 
linear regressions but also have some characteristics of hybrid models, 
such as the direct dependence of the model’s parameters on the heat 
transfer phenomena of the building [54]. The ESC represents energy 
consumption relative to outdoor temperatures, with two segments with 
different slopes related to heating needs during different seasons. [55]. 
Day et al. [56] indicate that slope coefficients from the ESC model can 
accurately estimate a building’s U-value. The Change Point Temperature 
(CPT) is the outdoor temperature where SH is no longer required, 
marking the transition from winter, when both SH and DHW are needed, 
to summer, when typically only DHW is required. This distinction may 
not align perfectly with the actual changes in seasons. CPTs generally 
range from 10 to 15 ◦C for the European building stock and are often 
based on prior knowledge of location or building behavior [51,57]. 
Pedersen’s work [58] contributed to understanding ESC construction 
methodologies by developing a mathematical procedure for identifying 
CPT.

Heat load in summer is often treated as a constant [55]. However, 
several studies show a slight correlation between summer heat con
sumption and outdoor air temperature, [45,59,60]. Some authors pro
posed a piecewise linear model with more than two segments to better 
capture building heat consumption during middle-season days and to 
have more precise information for retrofit interventions [61,62].

In addition, researchers have found a strong correlation between 
energy consumption, outdoor air temperature, and the hour and type of 
day (weekday or weekend). This holds for both winter and summer 
seasons. Ding et al. [51] illustrated the importance of considering the 
hour of the day as a parameter for creating an ESC with reasonable 
accuracy. Sharifi et al. [14] showed that neglecting hour and day types 
resulted in a low ESC accuracy (R2 = 0.59) when using a single model for 
the whole year. Generally, the ESC is built by considering a continuous 
energy consumption for the points before and after Tout = CPT 
[42,63–65]. However, Anjomshoaa et al. [66] showed that, in some 
cases, it is possible to have a gap between summer and winter energy 
consumption.

Concerning SH and DHW heat load disaggregation, Ivanko et al. [42]
proposed a method where DHW heat consumption was obtained by 
subtracting the SH modelled using the ESC method from the measured 
energy values, creating high inaccuracies in this load estimation. Milić 
et al. [67] used an ESC model to analyze thermal characteristics of 70 
multi-family buildings, aiming to identify those in need of retrofitting, 
but did not provide specific models for DHW, relying instead on July 
consumption as an indicator. Ivanko et al. [10] developed a clustering 
algorithm for nursing homes to analyze DHW consumption patterns, 
emphasizing the need for models based on actual data rather than 
standard profiles for accurate representation. Some studies use a con
sumption threshold to differentiate between winter and summer sea
sons, which can enhance accuracy, in models involving multiple 
weather parameters [34].

ESC models are simple to build and require minimal data, mainly 
historical energy consumption and outdoor temperatures [54]. ESC 
models have a wide range of usage. They can predict future energy 
consumption and effectively disaggregate DHW and SH heat load. 
However, their accuracy is highly dependent on the quality and quantity 
of the input data. High-frequency time series data (hourly resolution is 
preferable) are necessary to create accurate curves [68]. Moreover, ESC 
models are static and do not account for dynamic changes in building 
occupancy, usage, or energy efficiency improvements over time, even if 
these interventions impact ESC parameters [69]. ESC models assume a 
strong correlation between energy consumption and outdoor tempera
ture, but they are usually built using data on energy consumption 
instead of the energy demand of the building. So, high inaccuracies may 
occur in buildings with significant heat gains (internal, solar radiation) 
[53,54].

1.3. Objectives and novelty

The paper aims to determine the best ESC-based model for analyzing 
a building’s heat consumption and for disaggregating SH and DHW heat 
loads. The ESC models combine an acceptable accuracy with low 
computational effort in analyzing the overall building energy con
sumption and estimating building parameters [70]. Existing works on 
this topic show three main problems with these models.

First, using a single ESC to describe the energy consumption of an 
entire year cannot represent daily trends in the energy consumption 
[14]. The accuracy of the ESC model is higher when multiple ESCs are 
used based on the day and hour types [51].

The second issue is related to the non-accurate DHW estimation. The 
common practice is to assume the DHW heat consumption of the 
building is constant with the outdoor temperature and equal to the 
average heat load in the summer season [54], or as the subtraction be
tween measured heat consumption and modeled SH heat load [42].

Third, the method for the identification of the summer and winter 
seasons: the most used method is the CPT approach, but mathematical 
algorithms to derive the CPT value are few, and its determination is 
generally based on previous knowledge and experience [71,72].

This paper compares four different linear regression models to find 
the best SH and DHW disaggregation methods to tackle these research 
issues. The work proposes solutions for each of the three main issues. 
Each solution is designed to maintain the model’s simplicity and mini
mize the required inputs. The goal is to keep the final model free from 
assumptions regarding building geometry, properties, usage, internal 
gains, and mechanical systems or appliances. The representation of 
hourly trends of heat consumption was achieved by proposing the usage 
of 24 independently calibrated ESCs, one per each hour of the day. To 
address the lack of a dedicated DHW model, a reference DHW heat 
consumption profile was obtained thanks to the detailed summer heat 
consumption analysis. Then, an algorithm for automatically identifying 
season thresholds (CPT or heat consumption threshold, depending on 
the model) is proposed. The goal of this study is to simplify the process of 
identifying seasons by proposing a tool that can be applied across 
various case studies, regardless of prior knowledge. Models that utilize 
the new method for season identification, which is based on heat con
sumption thresholds, demonstrate greater accuracy and better reflect 
the heat consumption of buildings.

This work aims to show that incorporating these three new features 
can achieve higher accuracy compared to the current state-of-the-art 
ESC methods while maintaining nearly the same computational time 
and avoiding additional assumptions regarding input variables.

The manuscript is structured as follows: Section 2 provides an 
overview of the methodology. Section 3 describes the case study. Sec
tions 5 and 6 summarize KPIs and results, followed by conclusions.

2. Methodology

In this work, four regression models were applied to a case study of 
27 buildings connected to the district heating network of Tartu, Estonia. 
The first model (CPT-1) uses the CPT to identify the threshold between 
the winter and summer seasons and builds a single ESC using the global 
heat consumption measurements of an entire year. The second model 
uses the CPT, but 24 independent ESC models are created, one per each 
hour of the day (CPT-24). The third model uses a heat consumption 
threshold (Eref) to separate the winter and summer seasons and builds a 
single model using the global heat consumption measurements of an 
entire year (Eref-1). The fourth model uses a heat consumption 
threshold and creates 24 independent models, one per hour of the day 
(Eref–24). Table 1 presents a summary of the main characteristics of 
each model. A detailed analysis of the DHW heat load was applied to 
every model and used to estimate the DHW heat load.

This section presents the methodology applied to process the dataset 
containing the hourly total heating demand of the analyzed buildings, as 
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follows: 

• Dataset segmentation
• ESC calculation: 

– Using CPT split
– Using Eref split

• SH and DHW disaggregation: 
– For CPT models
– For Eref models

• DHW profiles clusterization

2.1. Hourly data segmentation

Ensuring data quality and pertinence for modeling is crucial [48]. 
Therefore, the initial phase involves data pre-processing, including data 
cleaning and selecting the inputs for models’ calibration, which are the 
outdoor air temperature, Tout, and global heat consumption, E, i.e., the 
building total SH and DHW consumption). Hourly resolution measure
ments for an entire year are used for Tout and E. Data are grouped into 24 
vectors per building, each representing one hour of the day. This sub
division aims to calibrate 24 models individually, one for each hour of 
the day. In this way, unusual energy consumption patterns or excep
tional loads during specific hours of the day can be easily detected 
[34,73].

2.2. Energy signature curve

The ESC is a linear data-driven model that represents the linear de
pendency between the heating demand of a building and the outdoor air 
temperature. Usually, ESC is split into two segments by a critical outdoor 
temperature, the CPT, see Fig. 1. The points below the CPT represent the 
winter season, with both DHW and SH heat consumptions. In contrast, 
the points above the CPT correspond to the summer season, with only 
the DHW heat load. Typically, winter energy consumption is charac
terized by a strong dependence on outdoor temperature, while this 
dependence is weak during the summer season. The ESC can be repre
sented using a piecewise function, as shown in Eq. (1) [65]. 
{

Yi = α1 + β1 × Tout, i if Tout, i < CPT
Yi = α2 + β2 × Tout, i if Tout, i ≥ CPT (1) 

In the previous equation, α1, α2 (kWh) are the intercepts with the ver
tical axis, β1, β2 (kWh/◦C) are the slope coefficients (α and β are calcu
lated using the least-square linear regression method), Tout is the 
outdoor air temperature, and Y is the predicted energy demand obtained 
from the linear regression model. Therefore, this work notation refers to 
the measured consumption when E is used, while Y indicates the model 
estimation. As emerged in paragraph 1.2, despite a significant part of 
ESC models using a piecewise continuous linear function at CPT, the 
discontinuity is acceptable, depending on the use of the building. 
Switching on or off the heating system in the middle seasons could 
significantly change the overall energy consumption of the building, 
which a continuous ESC cannot represent. In the case of the 24 hourly- 
based models, for each model, the subdivision into the two seasons and 
the equations’ calibration are independently applied to the 24 datasets 
previously described. As mentioned, two approaches were used to divide 
the summer and winter seasons. The first is based on a temperature 
threshold (CPT), while the second uses a heat consumption threshold 
(Eref) [34].

2.2.1. CPT calculation algorithm
A mathematical methodology was applied to automatically deter

mine CPT [74]. A first regression uses the two heat consumption points 
corresponding to the highest Tout, and the slope coefficient β is obtained. 
The calculation is repeated by considering step-by-step heat consump
tion values corresponding to progressively decreasing Tout, obtaining the 
slope coefficients. The number of heat consumption points used for the 
linear regression increases step by step, with a corresponding decrease in 
the Tout values considered. The calculation ends when all heat con
sumption values are considered for the regression. The CPT is identified 
as the Tout value in correspondence with a significant β decrease. In fact, 
when winter season points are included in the iteration, β suddenly 
starts decreasing due to the increased temperature dependency. So, CPT 
is the Tout at which β begins deviating from 0 more than a certain 
tolerance. A scheme that represents the algorithm for CPT calculation is 
reported in Fig. 2.

2.2.2. Eref calculation algorithm
This method uses a heat consumption threshold (Eref) to identify the 

summer and winter seasons as an alternative to the CPT. The heat 
consumption values above the threshold belong to the winter season (SH 
plus DHW season), while the values below are considered summer 
season points (only DHW season). A season splitting based on Eref at
tributes the measured E values to the specific season depending on the 
heat consumption value instead of the Tout value. In fact, due to higher 
consumption, points with E > Eref are supposed to refer to an aggregated 
load of SH and DHW heat load and are assigned to the winter season. 
Vice versa, points below the CPT with a very low E are considered only 
DHW, not total consumption. Therefore, this method is introduced 
because it allows a more realistic estimation of mid-season points.

Table 1 
Summary table of the main characteristics of implemented models.

Model Seasons threshold Type of linear regression model

CPT-1 CPT Whole-year linear model
CPT-24 CPT 24 independent linear models
Eref-1 Eref Whole-year linear model
Eref-24 Eref 24 independent linear models

Fig. 1. Example of energy signature curve.
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An algorithm was implemented to identify the Eref automatically. 

1. The first step is determining the change season days (CSDs), char
acterized by an intermediate behavior between summer and winter. 
Some days only have DHW demand even if Tout is low, and others 
have DHW and low SH demand. CSDs are excluded from the values 
used in the Eref calculation to reduce the possible inaccuracies caused 
by intermediate heat consumption values. CSDs are identified 
through a peak detection algorithm [75]. Assuming that heat con
sumption during summer is almost constant and has lower fluctua
tion than in winter, the detected peaks in heat consumption are 
efficiently used to identify the change-season period. The imple
mented peak detection algorithm is calibrated to detect only relevant 

peaks, i.e., sudden evident increases in heat consumption. Days be
tween the end of the summer season and the first detected peak are 
considered the change between summer and winter seasons (the first 
part of CSDs). Similarly, the CSDs corresponding to the change be
tween winter and summer seasons were identified at the beginning of 
the summer season. A new dataset called Eno CSDs is created with the 
exclusion of the points included in the CSDs.

2. The second step is to calculate the first approximation of Eref. Pre
vious studies have highlighted that the Eref variation range is be
tween 0 and Emax/2, where Emax is the maximum measured global 
heat consumption [34]. The procedure starts by splitting the Eno CSDs 
dataset into two parts using a variable Eref threshold. This value 
changes step by step (Eref, n), beginning from Eref = Emin and being 

Fig. 2. CPT calculation algorithm flowchart.
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increased by a tolerance per every step (in this study, fixed at 0,1 
kWh). Linear regression is conducted in each step for both winter 
(values with Ei > Eref, n) and summer (values with Ei < Eref, n) sea
sons. The mean absolute error (MAE) and the root mean squared 
error (RMSE) of the regressions are calculated in each step. The heat 
load that minimizes the errors in both winter and summer season 
regressions determines the final chosen Eref value.

Despite the calculation result, the algorithm guarantees a minimum 
number of points above and below Eref to maintain a reasonable number 
of hours for the heating and summer season. The minimum number of 
points above Eref corresponds to 50 % of the Eno CSDs; instead, the min
imum number of points below Eref corresponds to the points with Tout >

CPT.

2.2.3. Implementation of confidence intervals
Despite the season detection method, final ESCs must be cleaned by 

outliers, which deviates from the linear regression. Outliers in heat 
consumption predominantly occur during transitional seasons, when 
outdoor air temperature values are around the change point tempera
ture (CPT). These anomalies are often due to the space heating plant 
operating under atypical conditions. An example is when the outdoor 
temperature is higher than the CPT, but the plant is still operational, or 
vice versa. Removing these outliers is crucial to avoid incorporating 
these extraordinary heating plant behaviors into the dataset used for 
linear regression. Their effect is particularly relevant in the summer 
season, where the trend is almost horizontal. Even a few outliers can 
slope the trend line significantly, leading to unrealistically high- 
temperature dependence. By excluding them from the regression input 
dataset, a model that more accurately represents the typical behavior of 
the building is achieved.

From this perspective, the method from [65] involving Confidence 
Intervals (CI) is applied. CI calculation defines a confidence band outside 
which points are considered outliers. The estimated range is based on a 
multiple of the statistic’s standard error (SE), determined based on a 
theoretical distribution. The t-Student distribution was used, applying a 
CI of 95 %.

Confidence intervals are then applied iteratively to both winter and 
summer seasons, thus identifying and removing outliers and recali
brating the ESC. The linear regression is performed separately for the 
winter and summer seasons. The iterative process continues until all 
experimental values are included in the confidence interval zone or the 
number of iterations reaches a limit of 4 iterations. It is worth 
mentioning that, for the analyzed cases the number of deleted outliers 
was never above 2 % of the yearly measurements.

2.3. SH and DHW heat consumption disaggregation

Two different algorithms were used to disaggregate the global heat 
consumption into SH and DHW heat loads, depending on whether the 
CPT or Eref split is applied.

2.3.1. Load disaggregation method for CPT models
This methodology is similar to the method proposed by [42]. It is 

based on identifying a minimum load during the summer season, 
considered the DHW base load. The SH fraction of the ESC is then 
derived by shifting downward the original ESC model by the base load 
value (Eq. (2). 

ESH = Y
(
Tout,i

)
− min

(
Y
(
Tout,i

) )
(2) 

where Tout, i represents the outdoor air temperature at a particular hour 
of the year, Y the heat consumption points obtained through the linear 
regression model, and ESH the values for space heating consumption. The 
difference between global heat demand (Ei) and the calculated SH de
mand (ESH) is assumed to be the DHW demand [40].

Energy losses in the DHW circuit (Eloss) must also be considered part 
of the DHW heat load because, in a DHW system with continuous cir
culation, the DHW system operates continuously to deliver hot water. 
First, an average DHW heat consumption profile for each month in the 
summer season is calculated. The SH period depends on the specific 
location, and national standards often regulate it. However, it is 
acceptable for most buildings in mild and cold mid-latitude climates to 
consider July and August as part of the summer season. Therefore, 
August and July’s average daily energy consumption profile is calcu
lated. Assuming negligible DHW use during nighttime [76], the mean 
thermal energy demand between 0:00 am and 4:00 am is computed to 
account for the energy losses in the water circuit. The SH and DHW 
thermal load separation was conducted using Eq. (3). 

EDHW =

{
Ei − ESH + Eloss, if Ei > ESH

Eloss, if Ei ≤ ESH
(3) 

Ultimately, ESH is recalculated as a difference between E and EDHW. If 
any of the DHW or the SH energy load is lower than zero, it is set to zero, 
and the other component load is recalculated to match the measured 
heat consumption [42]. SH and DHW heat consumption values are 
calculated for each hour of the year.

2.3.2. Load disaggregation method for Eref models
The DHW heat load calculated with CPT models presents significant 

fluctuations. This is because, while the SH load is calculated through the 
ESC model, the DHW load is derived by subtracting the calculated space 
heating from the measured data. This leads to the inevitable association 
of the load fluctuations to the DHW load, while the SH profile results in 
smoother and linear results with the outdoor temperature variation.

To overcome this issue, in the Eref-1 and Eref-24 models, two different 
regression models are used to calculate the SH and DHW heat loads 
along the year, expressed in Fig. 3. After Eref is identified, the points with 
an overall thermal load lower than Eref are used to build the DHW heat 
load regression line (purple), and the points with an overall thermal load 
higher than Eref are used to construct the total heat load regression line 
(SH plus DHW). Generally, the DHW heat load presents a weaker 
dependence on Tout; therefore, its regression line is characterized by a 
lower slope coefficient. Concerning the heat load of the winter season, 
the SH load regression line, represented with a green line, is obtained by 
subtracting the DHW heat load regression line from the total heat load 
regression line. Negative values are set equal to 0. In addition to the SH 
and DHW lines, upper and lower boundaries for the DHW heat con
sumption are set (purple dashed lines). These limits are parallel to the 
DHW model, interpolating the minimum and maximum summer season 
load, respectively.

Only days with a daily average Tout > 18 ◦C were considered to select 
the maximum summer heat load. This operation excluded from the 
possible summer maximum heat load any possible SH heat load demand 
caused by low Tout even during the summer season.

Once the SH heat load model and the DHW heat load model are 
calibrated, each hour’s measured energy consumption (Ei) is compared 
with the sum of the models’ outputs (ESH, i + EDHW, i) for that Tout. The 
difference between Ei and ESH, i + EDHW, i corresponds to the deviation 
between the model and the measured data. This deviation is attributed 
to the DHW heat load if it is lower than the minimum or maximum DHW 
boundary lines. Conversely, if this deviation exceeds the boundary lines 
regarding heat load, it is attributed to both the DHW heat load (up to the 
maximum and minimum limit) and the SH heat load. For the Eref-24 
model, this heat load disaggregation method is applied independently 
to each ESC.

2.4. DHW heat load clusterization

After disaggregating the DHW and SH heat consumption data, a 
dedicated methodology to cluster summer DHW heat demand profiles is 
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implemented [10]. DHW heat load clusterization can serve two pur
poses: improving the DHW profile in the winter season obtained using 
the disaggregation algorithm and providing a benchmark to test the 
performance of disaggregation models. The first purpose is discussed in 
the current subsection, while the second is described in subsection 2.5.

The implemented approach comprehensively examines DHW heat 
consumption profiles during summer to identify daily similarities and 
delineate standardized consumption patterns. The purpose is to derive a 
reference pattern to improve the DHW heat consumption profile quality 
obtained from the disaggregation algorithms. The process employs sta
tistical methods for identifying similar consumption patterns on 
different days of the week, followed by statistical grouping to recognize 
minimum, medium, and peak consumption hours within daily profiles. 

The following paragraphs briefly overview the procedure, described in 
detail in [10].

The method starts by selecting the summer season through the start 
and end days identified in Section 2.2.2. The daily DHW heat load 
consumption profiles are clustered into two statistically similar groups. 
First, DHW heat consumption data is organized into daily profiles. Then, 
the Student’s t-test is used to assess if the mean values of DHW heat 
consumption between two days are equal. Then, Fisher’s exact test 
evaluates the similarity of variances. Days with a high matching rate are 
considered to have similar DHW heat consumption profiles and are 
clustered together. The algorithm was implemented to recognize a 
maximum of two groups. In case differences among days are low, a 
single group is created.

Fig. 3. Example of modelled SH and DHW in Eref model.

Fig. 4. Example of modelled SH and DHW in Eref models.
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The second step of the clusterization procedure consists of identi
fying hours with minimum, medium, and peak consumption. Similar 
hourly heat loads are clustered within each group’s average consump
tion profiles using the Student t-test. As a result, the method identifies 
critical thresholds that separate the DHW heat use profile into peak, 
average, and minimum heat consumption zones. The scheme of this 
procedure is reported in Fig. 4.

2.5. Key performance Indicators (KPIs)

In this work, the accuracy of the models is evaluated depending on 
the modeling phase. First, KPIs for assessing the ESC’s performances in 
interpolating the input data are applied to each model. For KPI calcu
lations, the input data is the initial dataset of hourly heat consumption, 
without removing outliers. Second, qualitative KPIs for evaluating the 
performances of the disaggregation algorithms are used, with a specific 
focus on DHW heat consumption profiles. The latter is needed as no 
specific dataset with a split of DHW and SH data is available. Table 2
presents a summary of the KPIs used in this work. It includes their names 
and the application category (linear regression performance or disag
gregation performance).

Considering ESCs, the accuracy in predicting energy demand is 
evaluated using R2, the Yearly Energy consumption Deviation, YEC, and 
the summer and winter season energy consumption deviation, WEC and 
SEC, respectively. R2, Eq. (4), tests the linear regression model’s ability 
to approximate input data. This KPI can be used only in winter when the 
linear model slope differs widely from zero, as R2 tends to 0 with hori
zontal lines, even if the interpolation line fit is good. YEC, WEC, and SEC, 
eq. (5), 6, and 7, are introduced to study the model’s accuracy in terms 
of energy [34]. Winter and summer seasons are defined in the previous 
Sections, depending on the model type. 

R2 = 1 −

∑
(Xi − Yi)

2

∑
(Xi − Xmean)

2 (4) 

YEC = 100 ×
|
∑

Xi −
∑

Yi|
∑

Xi
(5) 

WEC = 100 ×

⃒
⃒
∑

Xi,winter −
∑

Yi,winter
⃒
⃒

∑
Xi,winter

(6) 

SEC = 100 ×

⃒
⃒
∑

Xi,summer −
∑

Yi,summer
⃒
⃒

∑
Xi,summer

(7) 

Yi is the value obtained from the prediction model, Xi is the measured 
data (Ei), and Xmean is the mean value of the measured data. The sub
scripts “winter” and “summer” indicate that only values from the cor
responding seasons are considered for that KPI calculation.

Concerning the disaggregation model performance, more qualitative 
parameters are used to evaluate the resulting SH and DHW loads. In this 
case, since no separate DHW and SH benchmarks are available, an 
alternative benchmark is set to assess the reliability of the calculated 
results. In particular, the benchmark is defined as the global heat con
sumption in summer, which reasonably consists only of DHW, as 
described in Section 2.3.

The first indicator introduced in this paper is the Percentage of 
Matching Labels (PML). The DHW profiles derived from the disaggre
gation algorithms are scrutinized for each model using the procedure 
outlined in Section 2.4. This involves assigning a “minimum,” “me
dium,” or “peak” load label to each hour. The PML indicator is a crucial 
tool in this process, representing the percentage of the label corre
spondence between the benchmark DHW heat consumption profile 
hours and the DHW heat consumption profile hours during the summer 
months. In simpler terms, it compares DHW peak/medium/minimum 
load hours to the corresponding benchmark, resulting in the percentage 
of correctly labeled hours. The expression of PML is reported in Eq. (8), 
where n correctly labeled represents the total number of hours with the 
correct label identified in the analyzed period and n hours is the total 
number of analyzed hours.

In addition to the PML, a variation was proposed to consider po
tential time shifts in the demand, known as the PML Hourly Range, or 
PMLHR. Like the PML, this indicator no longer evaluates matching be
tween corresponding hours but within a broader time range. For 
instance, if the analyzed profile is labeled as “medium” at 11:00 am, a 
“medium” hour between 10:00–12:00 am would result in a positive 
match. The introduction of the PMLHR serves a specific purpose, to 
provide an indicator less influenced by the local fluctuation of the DHW 
profile obtained from disaggregation, thereby offering a more compre
hensive evaluation. The expression of PMLHR is reported in Eq. (9), 
where n’ correctly labeled represents the total number of hours with the 
correct label identified in the analyzed period. It was considered a cor
rect label for correlating the analyzed hour with either the label of the 
previous hour or the following hour. n hours is the total number of 
analyzed hours.

The third qualitative indicator is Dynamic Time Warping Distance 
(DTWD). Dynamic Time Warping (DTW) is an algorithm used to mea
sure the similarity between two temporal sequences [77,78]. The cor
responding DTWD parameter is a crucial algorithm component, 
providing the similarity between two temporal sequences. It finds an 
optimal match between the corresponding points of two sequences, and 
the output of the DTW algorithm is the distance between the two 
analyzed time series, the DTWD. In this research, the DTWD calculation 
was applied as exposed in [79], benchmarking the four models’ dis
aggregated DHW heat profiles. The expression of DTWD is reported in 
Eq. (10), where dφ(X,Y) is the average accumulated distortion between 
the warped time series X (the analyzed DHW profile) and Y (the refer
ence DHW profile). A more detailed explanation of the dynamic time- 
warping algorithm is presented in Appendix A. 

PML = 100 ×
ncorrectlylabeled

nhours
(8) 

PMLHR = 100 ×
n’correctlylabeled

nhours
(9) 

DTWD(X,Y) = min
φ

dφ(X,Y) (10) 

3. Case study

The case study focuses on the DHN in Tartu, Estonia. The data was 
sourced from two primary inputs: the heat consumption data from 42 
smart energy meters located in various substations of the DHN and cli
matic data from a weather station managed by the University of Tartu 
[34]. Each substation corresponds to a single building. All these sub
stations are in the Tarkon sub-network, and data about hourly heat 
consumption are collected remotely by the DHN operator [80]. The 
network covers 5.34 km and delivers up to 4.3 MW of heat, with a total 
annual energy consumption of around 8.2 GWh for both SH and DHW 
heat production. A list of intended uses of buildings is provided in [34]; 
however, due to privacy concerns, no association is available between 
the end-user and the substation ID (Table 3). For the same reason, no 

Table 2 
Summary table of the KPIs and their characteristics.

KPI Application category

R2 Linear Regression
YEC Linear Regression
WEC Linear Regression
SEC Linear Regression
PML Disaggregation Algorithm

PMLHR Disaggregation Algorithm
DTWD Disaggregation Algorithm
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information about building geometry, envelope properties, occupancy, 
year of construction or appliances was available.

The heat consumption data, recorded hourly, included total energy 
consumption and operational variables such as supply and return tem
peratures in the heat distribution loop of the primary and secondary 
circuits of the network (Fig. 5). The position of the smart meters was 
defined by the operator of the District Heating Network for measuring 
global heat consumption of every building and water temperature set
points. The energy meter accuracy respects the European directives, 
keeping the error below 5 %. The climatic data comprised outdoor 
temperature, global solar irradiance, wind speed, and direction, sampled 
at 15-minute intervals and resampled to match the hourly frequency of 
the energy data.

A further selection of buildings is conducted in this work. Only 
buildings with summer heat consumption are used for the analysis. 
Buildings with null demand for the entire summer period (when Tout is 
higher) are excluded because no DHW exists in these buildings. So, the 
dataset used to apply disaggregation algorithms includes 27 buildings.

4. Results

The results are divided into two parts: an evaluation of the perfor
mance of the four linear regression approaches and a presentation of the 
performance of the disaggregation algorithms.

4.1. Linear regression approaches

Concerning the performance of linear regression approaches, Fig. 6
displays the four resulting models for a sample building (Bd 08). All 
plots represent the heat consumption on the y-axis and the outdoor air 

temperature on the x-axis. SH and DHW season measurements are 
highlighted with green points, while only DHW season measurements 
are represented with red ones. Fig. 6 (a) and (b) represent the CPT-1 
model and the 5:00 pm hour of the CPT-24 model, respectively. In 
both Subfigures, the continuous light-green line represents the SH plus 
DHW model, while the continuous orange line represents the DHW 
model in the DHW season. The continuous blue lines represent the 
confidence intervals. The light-blue dotted line is drawn in correspon
dence with CPT.

Comparing the CPT-24 and CPT-1 approaches reveals that the CPT- 
24 approach can better represent the peaks of the building’s heat con
sumption profile. The main reason is that the CPT-24 approach includes 
the energy consumption peaks in the interpolation, whereas the CPT-1 
approach excludes them from the confidence intervals. Indeed, by 
creating a single model for every hour, confidence intervals are created 
according to the heat consumption of the analyzed hour. So, peaks that 
occur in specific hours are inside the CI, and the model represents them. 
On the contrary, they are treated as outliers in the CPT-1 approach.

Fig. 6 (b) shows that continuity between the SH + DHW model (light- 
green line) and DHW model (orange line) in correspondence with CPT is 
not guaranteed. Most of the existing state-of-art models based on ESC 
assume continuity in correspondence with CPT. However, this cannot be 
imposed by hypothesis, and this assumption could lead to significant 
inaccuracies in heat consumption estimation. As in the proposed 
example, there could be a step in heat consumption when the SH power 
plant is turned on.

Moving to Eref models, changing the method to distinguish the 
summer and winter seasons affects the model accuracy, especially dur
ing the change season days period, shown in red in Fig. 6 (c), are 
considered. Middle-season days could have different behaviors 
depending on the heat supply system settings. It is possible to have 
points with only DHW heat consumption even if Tout is lower than CPT 
or to have SH and DHW heat consumption if Tout is higher than CPT 
(Fig. 6 (c) in blue). This phenomenon is relevant, especially in cold 
climates, with high Tout variability during the days of the middle season. 
The CPT approach cannot correctly identify these consumption values 
due to the subdivision of DHW (summer) and DHW plus SH (winter) 
seasons based on temperature threshold. In the linear SH plus DHW 
model in Fig. 6 (a), these values are considered outliers to be removed.

Table 3 
Summary of the intended use of buildings analyzed from [34].

Intended use of buildings Number of DH substations

Residential Apartments 25
Private House 7

Commercial Buildings 1
Educational Buildings 8

Offices 1

Fig. 5. Location and layout of the smart energy meters in the DH in Tartu [10].
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Fig. 6. Linear regression model results of four approaches for a single building (Bd 08); (a) CPT-1 approach; (b) an hour of the CPT-24 approach (5:00 pm – 6:00 pm); 
(c) Eref-1 approach; (d) an hour of the Eref-24 approach (5:00 pm – 6:00 pm).
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Fig. 6 (c) and (d) represent the Eref-1 model and the 5:00 pm hour of 
the Eref-24 model, respectively. In these plots, the light-green contin
uous line represents the SH model instead of the total DHW + SH model 
for clarity of representation. Change-season days (CSD) are highlighted 
in light blue. The horizontal purple line represents the Eref threshold, 
and the dotted orange lines are the boundaries of minimum and 
maximum possible values for the DHW heat load component.

Eref-based approaches can better interpolate middle-season days. It 
is evident in Fig. 6 (c) and (d) that the combination of the SH model 
(light-green line) and DHW model (orange line) can accurately describe 
low heat consumption values in correspondence of low Tout and high 
heat consumption correspondence of high Tout. The model better in
terpolates these points, but they are also attributed to the right 
component of heat load. As explained above, low heat consumption 
values in the low Tout zone are due to the DHW heat load’s unusual 
decrease in outdoor air temperature on summer days. Similarly, high 
heat consumption in the high Tout zone is due to SH heat demand in case 
of unusual peaks of outdoor air temperature on winter days. The pecu
liar cold climate of the analyzed case study explains the high variability 
in Tout within the hours of the same day.

Table 4 summarizes the KPIs used to describe the performance of the 
four linear regression models, as presented in Section 2.5, applied to all 
27 buildings from the case study. The values shown in the table are the 
average values for the dataset. By analyzing average KPIs, hourly-based 
models (CPT-24 and Eref-24) present higher R2 and lower YEC, SEC, and 
WEC, highlighting their higher capacity to accurately describe the 
building’s heat load. As already said, the reason is their ability to follow 
the setpoint scheduling of SH and the peaks in certain hours of the DHW 
heat load component. Despite the better performances of hourly-based 
models (CPT-24 and Eref-24), the average R2 is relatively low, sug
gesting that these models could not accurately represent the actual 
behavior of the building. However, average values are obtained by 
averaging the R2 obtained in every analyzed building in the dataset. So, 
low values play an essential role in decreasing the average R2. Although 
this effect, low R2 values are reported in the results to prove two aspects. 
The first one is that these simplified models struggle to represent the 
behavior of every building. This is primarily due to their simplicity. This 
issue is particularly notable in buildings with irregular heat consump
tion profiles, such as occasionally heated buildings or buildings where 
DHW heat consumption is in the same order of magnitude or even higher 
than the SH one. So, other types of models must be chosen to represent 
heat consumption profiles with high fluctuations accurately.

The second point is that even in the worst cases, hourly-based models 
(CPT-24 and Eref-24) show better performance than the other 
approaches.

To conclude the analysis of the R2 indicator, while hourly-based 
models (CPT-24 and Eref-24) demonstrate better performance 
compared to other approaches, their simplicity limits their ability to 
accurately represent buildings with irregular heat consumption profiles, 
necessitating the use of more complex models for such cases.

By looking at the comparison between SEC and WEC, summer is the 
most critical season overall. This confirms that approximating summer 

heat load (just DHW) with an almost constant value produces high 
inaccuracies in heat load estimation and may bring a high deviation 
from the actual heat consumption of the season. However, deviations are 
lower in the Eref-24 because the 24-hour ESCs mitigate them. DHW heat 
consumption depends primarily on the users’ behavior, and the 24-hour 
approach allows the account of recursive heat consumption peaks 
caused by users’ habits (i.e., meals, cooking, showers).

The YEC value is close to WEC for all models, which suggests that 
summer heat consumption inaccuracies slightly affect the accuracy of 
yearly heat consumption estimation, as summer heat consumption is 
significantly lower than winter’s. This is a consequence of the cold 
climate of the case study that makes SH the significant component.

YEC values can also be compared with results published in Lum
breras et al. [34], where a different model was used to evaluate the same 
case study. The mentioned study developed a data-driven model based 
on multiple linear regression combined with decision trees. Their YEC 
values go from a minimum of 0 % to a maximum of 18 %, with an 
average of around 5 %. The best-performing model proposed in the 
current work (Eref-24) has a mean YEC value of 7 %, indicating that the 
performance of the models is similar despite the proposed Eref-24 
approach being simpler to implement and requiring lower computa
tional resources.

Fig. 7 shows the yearly global heat consumption calculated with the 
four approaches (colored columns) and measured (dotted column) for 
every building analyzed in the case study. The Eref-1 approach tends to 
overestimate yearly global heat consumption for most buildings. The 
influence of summer peaks in DHW heat consumption of the year causes 
this. These peaks contribute to an increase in the value of the DHW heat 
consumption model, although they appear only at specific hours of the 
day. So, the presence of DHW heat consumption peaks in particular 
hours of the day, increasing the estimated DHW heat consumption for 
every hour of the year.

For all approaches, the similarity between the estimated heat con
sumption and the measured heat consumption is independent of the 
magnitude of the building’s heat consumption.

4.2. Disaggregation algorithms

The current subsection provides an overview of the performance of 
disaggregation methods. Fig. 8 shows the results of the four disaggre
gation methods. All plots represent the heat consumption of a sample 
building, Bd 08, versus the outdoor air temperature. The SH component 
is represented in green, the DHW component is represented in red, and 
the global measured heat consumption is represented in blue. Each plot 
describes an entire year of values (8760 points − hours).

From the analysis of the plots, many factors suggest the Eref-24 as the 
best model. First, in all approaches, the linear trend of the SH is evident. 
However, in the case of CPT-1 and CPT-24, SH heat load stops for Tout 
higher than CPT (13 ◦C), while in Eref-1 and Eref-24, some SH con
sumption is still present in correspondence with higher Tout. As 
mentioned, this SH heat load consumption is caused by a sudden in
crease of Tout during daylight hours of change-season days. For Tartu’s 
cold climate, a model that can identify the SH heat component in cor
respondence with high Tout can provide a more realistic representation 
of the power plant operation. On the contrary, CPT approaches associate 
such heat load only to DHW, causing unrealistic peaks in DHW heat load 
consumption, notable in red values between 10 ◦C and 16 ◦C in Fig. 8 (a) 
and (b).

A second factor concerns the variability of the SH heat load 
component. The variability of SH values increases in CPT-24 and Eref-1 
approaches, and it is the highest in the Eref-24 one. Even if SH heat load 
has a linear dependence on the Tout, a higher dispersion of SH points is 
caused by the better capability of representing the actual behavior of the 
building, which presents some fluctuations due to differences in users’ 
behavior, days of the week and hour of the day.

The third factor is related to the DHW maximum heat load. In CPT 

Table 4 
Summary table of KPIs. For every approach, the average value for the dataset 
and the minimum and maximum values are in brackets [min; max]. The best 
values are highlighted in bold.

KPI CPT-24 CPT-1 Eref-24 Eref-1

R2 0.6 
[0.35; 0.85]

0.55 
[0.15; 0.85]

0.6 
[0.36; 0.86]

0.5 
[0.20; 0.80]

YEC 7.2 % 
[0 %; 16.3 %]

10 % 
[0 %; 31.2 %]

7 % 
[0 %; 15.8 %]

9.1 % 
[5.9 %; 13.5 %]

WEC 4.9 % 
[0 %; 15.6 %]

7.7 % 
[0 %; 20.8 %]

4.7 % 
[0 %; 15 %]

6.6 % 
[3.3 %; 9.5 %]

SEC 32 % 
[0 %; 50 %]

36 % 
[0 %; 68 %]

26 % 
[0 %; 48 %]

42 % 
[4 %; 74 %]
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approaches, the peak DHW heat load occurs in middle season days 
(between 10 ◦C and 16 ◦C). As mentioned, this unrealistic behavior is 
caused by the absence of the SH component error imposed by the 
disaggregation models. In Eref-1, the maximum DHW heat load is 
limited by the boundary conditions described in Section 2.3.2. In the 
case of the buildings presenting some heat consumption peaks in sum
mer load (high Tout), the upper DHW boundary could be high, producing 
unrealistic peaks in DHW heat consumption all over the year. In addi
tion, the variability of DHW peaks in the Eref-1 approach is null because 
all DHW heat load peaks are limited by the same boundary value for the 
entire year without considering the presence of peaks just in particular 
hours. The most realistic profile regarding the value and variability of 
DHW heat load peaks is obtained with the Eref-24 approach.

Fig. 9 shows the DTWD values of the four models for every analyzed 
building (the colored columns) and the global heat consumption in one 
year per building (the dotted column). DTWD, expressed in kWh, is the 
distance between the DHW profile obtained from disaggregation models 
and the DHW profiles in the summer season for every building, as 
described in Section 2.5.

The 24 models (CPT-24 and Eref-24) present lower DTWD than the 
corresponding single-year models (CPT-1 and Eref-1) for every analyzed 
building. In particular, the DTWD of the CPT-24 approach is around 2.5 
times lower than the CPT-24 approach, 8.3 times lower than the CPT-1 
approach, and 10 times lower than Eref-1 on average. This confirms the 
better capability of 24-hour approaches and of the CPT-24 approach in 
describing the DHW heat load profiles.

Eref-24 shows the lowest DTWD in every analyzed building. Thanks 
to the combination of the 24-hour models and the boundary limit for 
DHW heat load, the DHW heat load profile obtained from the disag
gregation operation is much more similar to the DHW heat load profile 
in only the DHW season (summer). The magnitude of the parameters 
does not seem to correlate with the magnitude of the building’s yearly 
heat consumption.

PML shows acceptable percentages for all the approaches. The PML 
of minimum consumption hours is around 65 %, the PML of medium 
consumption hours is 70 %, and the PML of peak consumption hours is 
40 % on average for all approaches. While no relevant differences 
among the approaches emerge in the PML of minimum consumption 
hours, CPT-24 and Eref-24 show higher percentages in peak consump
tion hours. The Eref-24 approach has almost 50 % PML in peak 
consumption.

PMLHR shows higher values than PML due to the definition of this 
indicator. The average PMLHR of this approach is 78 % for minimum 

consumption hours, 92 % for medium consumption hours, and 60 % for 
peak consumption hours. Eref-24 shows higher PMLHR values in me
dium and peak consumption hours than the other approaches. The same 
indicator for CPT-1 (the state-of-the-art approach) shows a value of 65 % 
for minimum consumption hours, 90 % for medium consumption hours, 
and 50 % for peak consumption hours. DTWD, PML, and PMLHR 
confirm that DHW profiles obtained with the Eref-24 approach are the 
most accurate regarding the magnitude and distribution of minimum, 
medium, and peak consumption hours.

Despite the results showing an increase in performance with the 24 
models (CPT-24 and Eref-24) compared to the state-of-the-art approach 
(CPT-1), there could be some drawbacks.

The first concerns computational time. Instead of creating a single 
model, these approaches create 24 independent ESC models for each 
building. However, these simple models require low computational 
effort, so the increase in computational time is practically not 
noticeable.

The second drawback is the amount of data needed for model 
training. When a single model is created for the whole year, the entire 
dataset is used for training, enhancing the model’s accuracy. With the 
proposed approaches, only 1/24 of the available dataset is used for each 
ESC. This problem is relevant in cases where a small amount of measures 
is available, for example, due to a short period of sampling of a low 
resolution. However, thanks to the model’s simplicity, good results can 
also be obtained with a low number of training points. Further devel
opment of the work involves the effect of low-resolution data on the 
models’ performance.

5. Conclusions

This work proposed a simple tool for disaggregating SH and DHW 
heat load components from a building’s global heat consumption. The 
intent was to use a data-driven model with parameters correlated with 
the building’s characteristics. The necessity was to create a model based 
only on temperature and heat consumption data without any other in
formation on the building.

The state-of-the-art in this field consists of using the ESC to model the 
SH heat load and obtaining the DHW component by subtracting the 
modeled SH to measure global heat consumption. The main issues with 
this approach are the lack of a dedicated model to DHW, with a conse
quent imputation of the model uncertainty entirely on the DHW 
component; the low accuracy in the analysis of building with variable 
heat load among hours of the day (i.e., setpoint changes); the high 

Fig. 7. Yearly heat consumption measured (Reference) and estimated with the four approaches.
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uncertainty in the middle-season days analysis caused by the CPT season 
identification method.

Four approaches were proposed to solve these problems, and a per
formance comparison was conducted to find the best approach. An 
automatic procedure for identifying the heat consumption threshold 
between the summer and winter (Eref) is proposed.

The four approaches have been applied to 27 buildings connected to 
the DHN of Tartu, Estonia. Quantitative and qualitative KPIs evaluated 
the four approaches’ performances. R2, YEC, WEC, and SEC were used to 
quantify the performances of the linear regression models of the ap
proaches. Models developing independent curves for each hour (CPT-24 
and Eref-24) show higher values of R2 (around 0.6 on average, with a 
maximum of 0.86) compared to single model approaches (CPT-1 and 
Eref-1). YEC, WEC, and SEC values confirm that the Eref-24 approach 
has the highest yearly heat consumption estimation accuracy.

New qualitative KPIs were proposed to overcome the lack of SH and 
DHW separately measured to use as benchmarks. DTWD, PML, and 
PMLHR compare the DHW profiles obtained through disaggregation 

algorithms with the measured summer heat consumption profiles when 
only DHW heat load is presented.

The Eref-24 approach shows the lowest DTWD in every analyzed 
building, indicating a higher correspondence between estimated and 
measured DHW profiles. PML and PMLHR confirm the accuracy of this 
disaggregation approach. PMLHR indicates an hour identification cor
respondence of 78 % for minimum consumption hours, 92 % for medium 
consumption hours, and 60 % for peak consumption hours on average. 
In addition, the Eref-24 approach creates plausible DHW and SH profiles 
in buildings with setpoint changes during the day. The results make it 
possible to conclude that Eref-24 is much better than the state-of-the-art 
approach (CPT-1) in terms of accuracy, reliability, and range of 
application.

This disaggregation approach could enhance the management of 
district heating networks. Using the proposed disaggregation algorithm, 
the DHW and SH energy consumptions for each building connected to 
the network can be derived. With this information, the DHN operator 
can adjust heat production based on outdoor air temperature and the 

Fig. 8. DHW and SH disaggregated profiles of four approaches for a single building (Bd 08). (a) CPT-1 approach (b) CPT-24 approach; (c) an hour of the Eref-24 
approach (5:00 pm – 6:00 pm); (d) Eref-1 approach.
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consumption patterns of the buildings to minimize heat losses. Addi
tionally, the parameters derived from the Eref-24 approach can be 
effectively utilized in retrofit interventions.
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Appendix A 

The study by Toni Giorgino [78] provides a detailed explanation of the Dynamic Time Warping algorithm. DTW compares two time series by 
stretching or compressing them locally to minimize the distance between them. This appendix summarizes the main points and equations used to 
implement it in the analysis. Assuming that the goal is comparing two time series: a test or query, X = (x1, …, xN), and a reference Y = (y1, …, yM). To 
clarify, the index i = 1 … N will be used to refer to the elements in set X and j = 1 … M to refer to the elements in set Y. Assume there is a non-negative 
local dissimilarity function f defined for every pair of elements xi and yi. The notation is reported in Eq. A(1). 

d(i, j) = f(xi, yi) ≥ 0 (A1) 

In the Eq. A(1) d represents the cross-distance matrix between vectors X and Y. It is the only input to the DTW algorithm. Elements of time series to 
analyze, xi and yi, only enter the computation through the arguments of f. The most common choice is to use the Euclidean distance to compute the 
cross-distance matrix. However, different definitions could also be helpful, as reported in [78]. The core part of the algorithm consists of the warping 
curve φ(k), k = 1 … T: 

φ(k) =
(
φx(k),φy(k)

)
with

φx(k) ∈ {1…N},

φy(k) ∈
{
1…M

} (A2) 

The warping functions φx and φy remap X and Y time indices, respectively. It is a function that approximates a mapping from the time axis of pattern X 
onto that of pattern Y. To ensure acceptable warps, constraints are usually applied to φ. For example, monotonicity is enforced to preserve their 
chronological order and avoid nonsensical loops. Their expression is reported in Eq. A(3). 

φx(k + 1) ≥ φx(k)
φy(k + 1) ≥ φy(k)

(A3) 

Given φ, the average accumulated distortion between the warped time series X and Y is computed following Eq. A(4). 

dφ(X,Y) =
∑T

k=1

d
(
φx(k),φy(k)

)
× mφ(k)

Mφ
(A4) 

In Eq. A(4), dφ(X, Y) is the time-normalized distance between two series X and Y, or the average accumulated distortion between the warped time 
series X and Y, as explained above. mφ(k) is a per-step nonnegative weighting coefficient, Mφ is the corresponding normalization constant, which 
ensures that the accumulated distortions are comparable along different paths. The numerator is a reasonable measure for the goodness of the warping 
function φ. The minimum value of dφ(X, Y) is achieved when the warping function φ is optimally determined to adjust the timing differences. This 
minimum residual distance can be viewed as the distance between patterns X and Y after the timing differences have been eliminated. It is expected to 

Fig. 9. DTWD and yearly heat consumption measured (Reference) for the four approaches.
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remain stable despite fluctuations along the time axis. So, the expression of the dynamic time warping distance (DTWD) between the two analyzed 
time series is expressed in Eq. A(5). 

DTWD(X,Y) = min
φ

dφ(X,Y) (A5) 

The DTWD value represents the stretch-insensitive measure of the inherent difference between two time series. With this index it is possible to check 
the similarity between two time series even if they are not aligned in the temporal axis.

Data availability

Data will be made available on request.
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