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 A B S T R A C T

Despite various efforts, decarbonizing the heating sector remains a significant challenge. To tackle it by smart 
planning, the availability of highly resolved heating demand data is key. Several existing models provide 
heating demand only for specific applications. Typically, they either offer time series for a larger area or 
annual demand data on a building level, but not both simultaneously. Additionally, the diversity in heating 
demand across different buildings is often not considered. To address these limitations, this paper presents a 
novel method for generating temporally resolved heat demand time series at the building level using publicly 
available data. The approach integrates a thermal building model with stochastic occupancy simulations that 
account for variability in user behavior. As a result, the tool serves as a cost-effective resource for cross-sectoral 
energy system planning and policy development, particularly with a focus on the heating sector. The obtained 
data can be used to assess the impact of renovation and retrofitting strategies, or to analyze district heating 
expansion. To illustrate the potential applications of this approach, we conducted a case study in Puertollano 
(Spain), where we prepared a dataset of heating demand with hourly resolution for each of 9,298 residential 
buildings. This data was then used to compare two different pathways for the thermal renovation of these 
buildings. By relying on publicly available data, this method can be adapted and applied to various European 
regions, offering broad usability in energy system optimization and analysis of decarbonization strategies.
1. Introduction

Within the European Union (EU), the residential sector accounts for 
approximately 28% of the final energy consumption as of 2021 [1]. 
Of this, more than 78% is used for space heating and hot water treat-
ment [2]. Despite efforts to decarbonize the heat supply, 77% of this 
energy demand still comes from non-renewable sources [3], which con-
tributes to about one-third of energy-related greenhouse gas emissions. 
The EU Energy Performance of Buildings Directive EU/2024/1275 [4] 
aims to reduce emissions from this sector by at least 60% by 2030 
compared to 2015 levels, making it a crucial part of the EU’s overall 
climate targets.

To address this challenge, the main pathways for reducing residen-
tial energy consumption are clear:

• improving building insulation to reduce heating demand [5],
• expanding district heating systems,
• and replacing oil- and gas-fired boilers with heat pumps alongside 
with increasing the share of renewables in the power system [6].
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The required technologies and devices are available at a mature level 
and low costs [7].

While the general strategy described above seems conceptually 
simple, its real-world implementation presents significant challenges. 
Boosting the thermal renovation of buildings and retrofitting heating 
systems requires well-targeted policies [8]. Moreover, ongoing electri-
fication of heating systems will increase the overall power demand, 
potentially leading to higher peak loads [9]. This could necessitate 
grid reinforcements to ensure stability and additional expansion of 
renewable power production [10].

Successfully transforming the building sector at minimal economic 
cost requires a smart, integrated planning and design approach [11]. 
This approach must consider the coupling of the heating and power 
sectors, as well as retrofitting measures that impact the distribution 
of loads. One critical requirement of this planning is access to accu-
rate, high-resolution data on heating demand in both space and time 
domain [12].
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 Abbreviations
 GIS Geographic information system  
 HDD Heating degree days  
 INSPIRE Infrastructure for spatial information in the  
 European community  
 LIDAR Light detection and ranging  
 MCMC Markov–chain monte carlo  
 NUTS Nomenclature of territorial units for statistics 
 OSM Open street maps  
 RC model Resistor-capacitor model  
 TUS Time use survey  

 Nomenclature
 𝑖 Index for buildings  
 𝑡 Index for the time steps  
 𝐴(𝑡) Active occupancy at time step 𝑡  
 AHD Annual heating demand  
 𝐺 Generalized thermal conductance  
 𝑘 Generalized thermal storage capacity  
 𝑄demand(𝑡) Required heating demand for time step 𝑡  
 𝑄heating(𝑡) Actual applied heating power for time step 𝑡 
 𝑄heating,max Maximum heating power  
 𝑄losses(𝑡) Thermal losses at time step 𝑡  
 𝑄𝑖 Yearly heating demand for building i  
 𝑄spec,i Specific heating demand for building i  
 𝑆𝑖 Residential area of building 𝑖  
 𝑇in(𝑡) Indoor temperature for time step 𝑡  
 𝑇out (𝑡) Outside temperature for time step 𝑡  
 𝑇set,daytime Setpoint temperature at daytime  
 𝑇set,nighttime Setpoint temperature at nighttime  

On the one hand, high spatial resolution of heating demand data, 
e.g. at the building level, allows for the identification of the most 
effective renovation measures and enables the design of well-targeted 
policies like subsidy programs. This high spatial resolution is also 
essential when assessing the economic viability of district heating 
networks [13]. On the other hand, high temporal resolution, e.g. hourly 
resolved heat demand time series, enables the analysis of the impact of 
heating system electrification on the power grid [14]. By considering 
the additional electrical loads (e.g. from heat pumps) and analyzing the 
impact of thermal load shifting on the power system, these data can 
inform decisions for sector-coupled generation and expansion planning 
in integrated power and heat systems. For example, focusing on the 
integration of district heating systems [15] or energy hubs [16]. To-
gether that shows that cost-efficient system planning and optimization 
strongly rely on granular data. This is often available (for research 
purposes) for the power sector as smart meter measurements at the 
building or household level, distribution network data, and national 
energy statistics, all with hourly or even quarter-hourly resolution. 
However, this level of detail is not yet available for heat load curves 
at any scale. Existing methodologies (discussed in detail in Section 1.1) 
and data sources for heating demand provide either geolocated annual 
heating demand, synthetic load profiles for individual buildings, or 
aggregated load curves for specific regions based on gas or district 
heating consumption.

Only a few methodologies [17–19] generate both hourly load pro-
files at a high spatial resolution. However, none of these approaches 
fully accounts for the stochastic nature of load profiles caused by 
diverse and asynchronous user behavior across different buildings. 
Furthermore, only a few are based solely on easily accessible open-
source data. We discuss the most relevant methods in the following 
section.
2 
1.1. Review of existing methods in literature

A wide range of approaches for modeling thermal demand can be 
found in the literature, each with different objectives. We summarize 
the key methods, focusing on spatially-oriented approaches in Sec-
tion 1.1.1 and temporally-oriented methods in Section 1.1.2. Finally, 
Section 1.1.3 explores approaches integrating spatial and temporal 
perspectives.

1.1.1. Methods for spatial heating demand data
The literature typically distinguishes top-down and bottom-up ap-

proaches for generating heating demand data [20,21]. Top-down ap-
proaches, such as the one used by Gils et al. [22], disaggregate the 
total heating demand of a defined region by weighting it with prede-
fined parameters, most commonly population density. The total heating 
demand is either measured directly (e.g., through gas or electricity 
consumption) or derived from economic energy statistics. These models 
are relatively simple to implement when the necessary data is available. 
However, their spatial resolution is limited because statistical data 
cannot be traced down to the level of individual buildings, making 
them suitable for large-scale analyses but less effective for district-level 
planning tasks.

With the increasing availability of open data sources, more bottom-
up approaches have emerged. These models start at the smallest unit, 
usually buildings or even individual households. Geographic Infor-
mation Systems (GIS) data, such as OpenStreetMap (OSM) [23], are 
often utilized to geolocate buildings. Some studies also incorporate 3D 
building data (e.g., Schwanbeck et al. [24] for Germany) or LIDAR 
data (e.g. [25] in Vitoria-Gasteiz, Spain) to perform more sophisticated 
analyses of building volumes. On the building level, the yearly heating 
demand is typically calculated based on residential area and a typical 
specific heating energy demand for that building type. Residential areas 
can be estimated from GIS data [26–28] or from cadastral and census 
information [29].

To obtain the specific heating energy demand for buildings, they are 
often categorized into different archetypes (i.e. types of representative 
buildings for a region). The TABULA Web Tool [30] is commonly used 
as the data source for this. The tool provides specific heating energy 
demand values (in kWh yr−1) based on factors such as the country 
(which dictates national building standards), climate zone, building 
type (e.g., single-family house, terraced house, apartment block), and 
construction year. Some studies, like that of Dall’O’ et al. [31], validate 
the building data through energy audits of sample buildings.

Beyond this standard approach, some models consider additional in-
put parameters. For example, the Building Thermal Energy Assessment 
Model by Prades-Gil et al. [32] includes solar irradiation, which has 
been found to significantly impact specific energy demand, second only 
to climate variables [33]. Martín-Consuegra [29] also incorporates the 
facade area, allowing for higher spatial resolution even within building 
blocks.

Several studies compare the results of bottom-up and top-down 
methods. Meha et al. [34] performed such a comparison for a test 
region in Kosovo. Calderón et al. [35] calculated the end-use energy 
demand at the building level for the UK by combining top-down and 
bottom-up methods, focusing on national energy planning. Parmpuri 
et al. [36] employed a methodology that uses energy performance 
certificates from Switzerland’s database along with building age to 
calculate yearly demand. They validated the results by comparing the 
summed demands with statistical data on energy consumption at the 
canton level. All of these studies demonstrated a strong alignment 
between the top-down and bottom-up methodologies.

In addition to presenting different modeling approaches and individ-
ual case studies, several projects provide heating demand data at the 
European level. Notable examples include the Pan-European Thermal 
Atlas (PETA) [37], developed as part of the Heat Roadmap Europe
project [38], and the sEEnergies project. The Hotmaps Toolbox [39] 
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offers similar outputs and validates derived heating demands within 
reference cities. National projects, such as the MapaDeCalor [40] for 
Spain, also provide useful heating demand data. While these maps 
allow for easy access to heating demands and related information, such 
as waste heat potentials at a regional level or integrated calculation 
tools, their spatial resolution is too coarse for district-level planning, 
where street or building-level resolution is required.

The bottom-up approaches discussed above are particularly useful 
when actual measured heating demand data is unavailable. They are 
often applied to assess the potential for retrofitting [28] or to expand 
district heating systems. For instance, Nielsen and Möller [26] used 
a heat map (energy demand per building) of Denmark to assess the 
economic feasibility of district heating networks in new neighborhoods. 
Additionally, these approaches can be used to analyze energy poverty, 
as demonstrated by Terés-Zubiaga et al. [41] at the building level. By 
focusing on retrofitting efforts, such studies can not only help achieve 
ecological goals but also generate social benefits by addressing energy 
poverty, reducing carbon emissions, and improving living conditions.

1.1.2. Methods for temporal heat load profiles
Various approaches exist for generating load profiles, which can be 

broadly categorized into data-driven black-box models and engineering 
white-box models based on physical equations and detailed individual 
building data. Further categorization of these approaches is discussed 
in the Supplementary Material of Staffell et al. [33]. Simple, previously 
used, standard load profiles are no longer applicable for smart energy 
planning at the district level, as discussed in [17]. An extensive review 
of the various methods, available software packages, and their different 
fields of application is provided by Jebaraj and Iniyan [42] and more 
recently by Allegrini et al. [43]. Peacock’s review from 2021 [44] 
analyses four common modeling approaches, including the Heating 
Degree Days (HDD) method, and compares them with actual measured 
data. The review shows that all methods yield good results, but they 
only provide daily temporal resolution.

Data-driven models require minimal information about the actual 
physical parameters of buildings. However, they do rely on measured 
heating demands, typically obtained from existing district heating net-
works or gas consumption data [45]. These models often aim to predict 
future consumption in existing district heating networks or perform 
correlation analyses between heating demand and external variables 
such as temperature. For example, Dang et al. analyzed heat load 
patterns in existing district heating systems, emphasizing the impor-
tance of considering not just thermal building parameters and outside 
temperature  [46], but also, in a subsequent work, user behavior for 
accurate predictions [47]. Similarly, Maljkovic and Basic [48] explored 
the influence of various parameters on heating demand using machine 
learning, measured data, and surveys. Fumo and Biswas [49] provide 
a review of regression analysis for predicting residential energy con-
sumption, highlighting the simplicity of regression models compared 
to physical models for demand prediction. However, when no data is 
available, one must rely on engineering or physical models instead.

Engineering models, such as EnergyPlus [50], are well-established 
tools for detailed simulations based on energy balance equations and 
physical parameters. These models can provide sub-hourly resolved 
load profiles for individual buildings. However, due to the need for 
highly detailed parameters, these models are not suitable for whole 
cities or large areas. Additionally, they typically do not account for 
varying occupancy patterns across different buildings. As a result, sim-
ply adding up the simulated profiles of multiple buildings (as in [18]) 
can lead to unrealistic aggregated load peaks.

To address the issue of artificial load peaks, stochastic models have 
been introduced. Palacios-Garcia et al. [51] present a stochastic model-
ing and simulation approach for (electric) heating and cooling demand. 
Fischer et al. [52] also use a stochastic bottom-up model to estimate 
load profiles for space heating and hot water demands. Stochasticity 
in these models refers to incorporating randomness alongside physical 
3 
modeling, which better reflects the individual asynchronous behavior 
of building occupants.

Stochastic properties can be implemented using the Markov-Chain 
Monte Carlo (MCMC) method, a standard approach for random sam-
pling. One of the first to incorporate this into load profile synthesis 
was Richardson et al. [53], who emphasized the importance of user 
behavior in accurately modeling heating and electricity demand. They 
proposed a methodology based on Time Use Surveys (TUS) [54] to 
generate active occupancy profiles for integration into demand models. 
A similar approach was employed by Ding et al. [55] to generate 
temporal occupancy profiles even on a room level. Furthermore, a 
more sophisticated analysis of occupancy behavior, considering demo-
graphic and household characteristics, was discussed by Fu et al. [56], 
suggesting a more detailed approach to modeling occupancy patterns.

At the database level, the When2Heat project (original publica-
tion [57], current version of the dataset [58]) provides demand data 
and other parameters, such as the coefficient of performance for heat 
pumps, for several European countries. This comprehensive database 
offers quick and easy access to valid load profiles. However, these data 
are aggregated at a 0.75◦ × 0.75◦ grid level, which does not provide 
sub-district level spatial resolution.

1.1.3. Combined approaches
Several studies [17,45,59] have discussed the advantages of ob-

taining heating demand data with both high spatial and temporal 
resolution, presenting various approaches to achieve this.

Berger and Worlitschek [59] provide a case study with heating 
demand data at a spatial resolution of one square kilometer for all 
of Switzerland, but with a temporal resolution limited to one day, 
based on the HDD method. They propose a top-down methodology to 
generate aggregated load curves, combining population density distri-
bution maps, norm temperature profiles, HDDs, and total (measured or 
statistical) residential heating demand. In contrast, Koene and Eslami-
Mossallam [45] use an electrical equivalent resistor-capacitor (RC) 
model to generate hourly heating load profiles, comparing them with 
gas consumption data. However, the spatial resolution is limited to the 
district level, and thermal properties are estimated from the gas de-
mand signature (top-down), rather than being derived from individual 
building data. This approach is therefore unsuitable for districts with 
no known gas or district heating demand, such as those without district 
heating systems or those utilizing diverse decentralized technologies 
like wood, oil ovens, and heat pumps.

Some studies offer spatially and temporally resolved data for spe-
cific regions, but not at the building level: Malla [19], in his mas-
ter’s thesis, recognizes the need for high spatial and temporal resolu-
tion in heat demand profiles and presents a methodology to calculate 
load profiles for a 100m × 100m grid across Germany. Clegg and 
Mancarella [60] developed a method with a half-hourly resolution 
for 404 areas of Great Britain. While they validate their time series 
against measured gas consumption data, the spatial resolution remains 
at the district level. Lombardi et al. [12] present a thermodynamic 
modeling approach for Italian regions, incorporating many physical 
details for heat transfer to build an accurate model. However, the 
spatial resolution is limited to the NUTS-2 [61] level (corresponds 
to regions/provinces). Their model (with available code) also enables 
running different refurbishment scenarios defined by the user.

Recently, Staffell et al. proposed a global model for hourly heating 
and cooling demands [33], which provides temporally resolved load 
profiles for locations worldwide. However, not on a building-level. 
These profiles are publicly available on [62], though they need to be 
scaled according to the actual yearly heating demand of the region of 
interest.

An interesting approach by Büttner et al. [17] applies a top-down 
methodology, disaggregating census data down to the building level. 
Each building is assigned a pre-generated load profile from a set of 
1259 different profiles based on its properties. However, this top-down 



S. Malacek et al. Smart Energy 18 (2025) 100181 
approach distributes heating demand evenly across all buildings within 
a given cell, regardless of the actual building type. As a result, the 
method is not capable of capturing variability between buildings within 
a district.

Finally, Heidenthaler et al. [18] uses energy performance certifi-
cates and a simulation tool to generate load profiles at the building 
level. However, this model does not account for the stochastic nature 
of user behavior, leading to unrealistic peaks in heating demand.

1.2. Original contribution

The literature review highlights the variety of existing methods 
and approaches, each with a specific scope of application and inher-
ent limitations. For instance, traditional building energy models can 
produce highly precise and, when properly calibrated, accurate heat 
demand time series for individual buildings or small building clusters. 
However, they require detailed input data – such as building geome-
try, orientation, wall structure, construction materials, and insulation 
characteristics – which may not be readily available for large-scale 
applications. In contrast, regression-based models can provide reason-
able estimates at aggregated levels (e.g., district or city scale), but they 
typically lack the spatial granularity required to resolve heat demand 
at the individual building level.

To the best of our knowledge, none of the existing approaches 
can generate stochastic heat demand time series at the building level 
using only publicly available data for a large number of buildings. 
While individual features have been implemented into existing models, 
none of them combine all these elements into a unified framework. 
However, such integration is essential to enable the straightforward 
generation of heat demand data in data-scarce contexts, supporting a 
wide range of applications in energy system modeling — particularly 
those focusing on sector coupling with high spatial resolution, such 
as the planning of local heat networks for waste heat utilization. To 
address this methodological gap, we present a novel approach that 
integrates the following distinct features into a single workflow:

1. Publicly Available Data Utilization — Tailoring the work-
flow to work exclusively with publicly available data ensures 
broad applicability and superior scalability, enabling analysis of 
thousands of buildings and overcoming data shortages.

2. Simplified Physics-Based Thermal Model — Using a physics-
based model allows for the generation of reasonable demand 
profiles at the individual building level, making the method in-
dependent of standard load profiles, disaggregation techniques, 
or previously measured profiles.

3. Stochastic Occupancy Simulation — Incorporating user be-
havior and utilizing stochastic simulation ensures realistic de-
mand profiles that account for household asynchronicity and 
demand fluctuations, while maintaining scalability from a single 
neighborhood to entire regions.

This novel approach enables the flexible generation of high-
resolution heat demand data with minimal input requirements — 
supporting the decarbonization of heat supply across diverse regions. 
Although showcased through a specific case study, the method is widely 
applicable and highly scalable, offering a powerful tool for data-driven 
energy system planning.

1.3. Organization of the remainder of this paper

Section 2 provides a detailed explanation of the data sources and 
methods used, followed by validation results in Section 2.3. The subse-
quent case study (Section 3) applies the methodology to a city in Spain, 
highlighting the importance of the resulting data and its potential appli-
cations. The discussion on these applications, along with the limitations 
and possible areas for further improvements, can be found in Section 4.
4 
2. Methodology

In this section, we present a methodology to generate hourly heat 
demand profiles on the single building level based on publicly ac-
cessible data and considering the stochasticity of user behavior. The 
process is designed to work with a minimum input of publicly available 
data, ensuring broad applicability. By that, it provides valuable data for 
various energy analyses across different fields of research, particularly 
where this data is currently lacking or unavailable.

After discussing different data sources in 2.1, each step of the model 
is explained in detail in Sections 2.2.1–2.2.6. Subsequently, Section 2.3 
illustrates the validity of the method using several comparative and 
analytic approaches.

2.1. Data sources

Table  1 provides an overview of the required data for the proposed 
model and lists publicly available data sources. The references cited in 
the Source column of Table  1 provide data within the EU. However, the 
accuracy and completeness of the data can vary for different countries 
and locations. Any other source providing similar data can be used for 
the following steps.

2.2. Data processing

The following paragraphs describe the data processing, which can 
be subdivided into the following six steps:

Step 1: Acquire geo-data, including the buildings with shape informa-
tion and GPS location.

Step 2: Request data from a cadaster/census data source for every 
building.

Step 3: Categorize every building according to a building typology.
Step 4: Estimate the thermal properties of every building.
Step 5: Generate load profiles by considering user behavior by MCMC 

method and the thermal building model.
Step 6: Aggregate data for subsequent applications (if necessary).

Fig.  1 illustrates the corresponding workflow and data sources.

2.2.1. Step 1: Geo-data conditioning
To begin, the region of interest for the analysis is identified. Open-

StreetMap (OSM) [23] serves as a robust source of geospatial data, 
providing structured geoinformation. This typically includes a (geo)ob-
ject for each building, containing at least its centroid GPS location and 
shape, and often additional attributes such as postal address, building 
height, or usage type. Moreover, OSM frequently covers other infras-
tructure, such as streets and electricity grids, which can be valuable 
for further analysis. Data for the selected region can be downloaded 
directly or obtained using tools like Overpass Turbo [64], which facil-
itates additional filtering and preprocessing. Subsequently, the struc-
tured geodata must be transformed into a tabular format, where each 
row corresponds to a building and includes its associated parameters.

2.2.2. Step 2: Cadaster data request
The EU directive 2007/2/EG, passed in 2007 [63], aims to ensure 

the provision of comprehensive geospatial information across the EU. 
To achieve this, INSPIRE (Infrastructure for Spatial Information in the 
European Community) was established, enabling access to cadastral 
data in all member states. While the specific implementation varies 
by country and region, options such as bulk downloads or individual 
data requests based on address, cadastral reference, or GPS location 
are generally available. Ideally, these datasets provide information at 
the building level, including the number of units, usage type, year 
of construction, and (residential) area 𝑆𝑖. If such data is unavailable, 
it can be approximated using alternative parameters: The area can 
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Table 1
Data sources for the subsequent generation of spatial–temporal resolved heat demand profiles.
 Type Description Source  
 Geodata Location and shape of buildings Open Street Maps [23] 
 Cadaster data Number of units and number of floors, year of construction, INSPIRE [63]  
 (residential) area, address, type of usage  
 Building typology Specific heating demand TABULA WebTool [30] 
 Active occupancy profiles Activity statistics and time profiles TUS [54]  
 Weather data Hourly resolved outdoor temperature Renewable.ninja [62]  
Fig. 1. Schematic illustration of required data sources and the data processing workflow. The enumerated steps correspond to the steps in Section 2.2.1.
be estimated from the building’s shape and height, as demonstrated 
in Ref. [25]. For buildings with missing construction year data, a 
default yearly heating demand, representing a weighted average, is 
assigned in the subsequent steps. These fallback assumptions enhance 
the method’s robustness against missing data entries. However, each 
additional estimation introduces a potential source of uncertainty. To 
quantify this error margin, the Supplemental Material [65] compares 
results from cadastral data with the simplified estimation based solely 
on OSM, showing that the difference in yearly heating demand amounts 
to 14%. To apply our method, this information is retrieved from the 
cadastral records and appended to each building entry in the dataset.

2.2.3. Step 3: Determination of yearly heating demands
A straightforward approach identifies three key parameters that pri-

marily influence a building’s heating energy demand: (i) Location: The 
country and climate zone determine the climatic conditions, including 
the outside temperature and heating degree days. Additionally, the 
building’s energy performance standards are often tied to its geographic 
location. (ii) Year of Construction: This reflects the thermal perfor-
mance legislation, typical building standards, and construction methods 
in place at the time the building was erected. (iii) Building Type:
The classification (e.g., single-family house, terraced house, apartment 
block) influences the volume-to-envelope ratio. A higher ratio, indica-
tive of a more compact design, generally results in better thermal 
performance. The TABULA Web Tool [30] supports this analysis by 
providing a detailed typology that categorizes buildings based on these 
parameters and offers specific heating energy demand estimates.

Using this data, each building in the dataset can be classified, 
yielding a specific heating demand, 𝑄 , for each building. The total 
spec,𝑖

5 
residential heating demand, 𝑄𝑖, for a building is then calculated by 
scaling the specific heating demand with its residential area, 𝑆𝑖, using: 
𝑄𝑖 = 𝑆𝑖𝑄spec,𝑖.

2.2.4. Step 4: Estimation of thermal properties
In real-world scenarios involving large numbers of buildings, de-

tailed data on construction materials, wall thicknesses, and window 
types is often unavailable. To address this, we implemented a simplified 
thermal model, as illustrated in Fig.  2.

In this model:

• Thermal losses, including transmission through walls, floors, 
roofs, and ventilation, are represented by a single parameter for 
each building 𝑖: the thermal conductance 𝐺𝑖 (in kWK−1). In 
the absence of more detailed data, this parameter is estimated 
by dividing the total annual heating demand for the respective 
building AHD𝑖 by the cumulative indoor-outdoor temperature 
difference over all hours of the year: 

𝐺𝑖 =
AHD𝑖

∑

𝑡∣𝑇set (𝑡)>𝑇out (𝑡)
(

𝑇set (𝑡) − 𝑇out (𝑡)
) ∀𝑖 (1)

• Thermal storage capacity, 𝑘 (in kWhK−1), is assumed based 
on average values for typical construction materials and wall 
thicknesses [66], scaled according to building size. While more 
detailed distinctions could be made using building type and con-
struction year, the marginal improvement in accuracy may not 
justify the significantly increased effort to track specific materials 
for every building.
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Fig. 2. Thermal model for generating heating demand load profiles. 𝑇in(𝑡) = hourly 
actual indoor temperature in ◦C, 𝑇out (𝑡) = hourly outdoor temperature in ◦C, 𝑇set (𝑡) =
hourly set temperature based on occupancy and daytime in ◦C, 𝑘 = thermal storage 
capacity in kWhK−1, 𝐺 = thermal conductance in kWK−1, 𝑄̇heating,max = maximum 
heating power in kW, 𝑄̇losses(𝑡) = heat losses in kW, 𝑄̇gain(𝑡) = heat gain by internal 
sources in kW, 𝑄̇solargain(𝑡) = heat gain by solar irradiation in kW, 𝑄̇heating(𝑡) = actual 
heating power in kW.

• Maximum heating power, 𝑄̇heating,max (in kW), is determined 
using a standard method for heating system dimensioning [67], 
independent of the heating supply type.

The simplifications outlined for estimating thermal properties are 
intended to ensure broad applicability across diverse scenarios. How-
ever, if more detailed data is available for a specific analysis, it can 
be incorporated to replace the simplified assumptions and enhance the 
accuracy of the results.

2.2.5. Step 5: Synthetic load profile generation
The hourly heating demand is influenced not only by the ther-

mal properties of the building and the outside temperature but also 
significantly by the indoor setpoint temperature. For this analysis, 
we assume the setpoint temperatures of individual dwellings follow 
a normal distribution around 𝑇set,daytime = 21 ◦C for daytime and 
𝑇set,nighttime = 16 ◦C for nighttime with a standard deviation of ±2 ◦C for 
both. To account for the temporal variation in setpoint temperatures, 
we introduce the concept of active occupancy. When residents are at 
home and active, the temperature is set to 𝑇set,daytime; otherwise, it is 
reduced when residents are either away (e.g., at work or school) or 
inactive (e.g., sleeping).

This behavior is represented by a Boolean variable 𝐴(𝑡):

• 𝐴(𝑡) = true indicates the residents are active and at home.
• 𝐴(𝑡) = false means the residents are either away or inactive.

The general distribution of active occupancy can be derived from 
Time Use Surveys [54], which are regularly conducted across Euro-
pean countries. These surveys capture daily routines through empirical 
questionnaires administered to a statistically representative sample 
population. However, applying a single, uniform time profile for all 
buildings in the thermal model would not accurately reflect real-world 
variability, as people do not wake up or follow their daily routines 
at the same time. To address this, the MCMC method [53] is used to 
generate individual active occupancy profiles 𝐴𝑖(𝑡) for each dwelling 
𝑖. In an MCMC chain, the next state 𝐴(𝑡 + 1) depends only on the 
current state 𝐴(𝑡) and is determined by a transition matrix specific 
to the time step, with a randomness factor introduced for transitions. 
Different transition matrices are used for weekdays and weekends to 
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reflect workday-dependent behavior. The randomness in the generated 
profiles captures individual variability in daily routines. Nevertheless, 
the average of a sufficiently large number of profiles converges to the 
distribution derived from TUS data. A detailed implementation of the 
MCMC method, including sample data and validation, can be found in 
the Supplementary Materials [65].

Fig.  3 illustrates this process, showing individual generated profiles 
(Fig.  3(a)) and the average of many profiles (Fig.  3(b)), converging for 
large sample numbers to the overall desired distribution. It should be 
noted that due to the stochastic nature of MCMC, the individual profiles 
will differ with each simulation run. However, this does not impact the 
aggregated results. In cases where reproducibility is desired (e.g., to 
obtain consistent numbers for testing), each building can be assigned a 
seed number, to produce a reproducible series of random numbers.

Once the active occupancy profiles are determined, the tempera-
tures and thermal flows can be calculated using a quasi-static, time-
discrete model with hourly time steps 𝛥𝑡. The thermal losses 𝑄̇losses(𝑡)
for each hour are computed using Eq. (2), which is based on the 
difference between the current indoor temperature and the outdoor 
temperature, multiplied by the generalized thermal conductance 𝐺: 

𝑄̇losses(𝑡) = 𝐺 ⋅ (𝑇in(𝑡) − 𝑇out (𝑡)) (2)

Having determined the active occupancy profiles, the setpoint tem-
perature for each time interval 𝑇set is directly derived from the active 
occupancy and the statistically distributed parameters 𝑇set,daytime and 
𝑇set,nighttime, as shown in Eq. (3), which are fixed for each model run. 

𝑇set =

{

𝑇set,daytime, if 𝐴(𝑡) = true
𝑇set,nighttime, if 𝐴(𝑡) = false (3)

To calculate the actual current indoor temperature 𝑇in(𝑡), the total 
heat provided by heating 𝑄̇heating(𝑡 − 1), plus internal gains 𝑄̇gain(𝑡 − 1)
and solar gains 𝑄̇solargain(𝑡 − 1), minus the thermal losses 𝑄̇losses(𝑡 − 1)
from the previous time step, is divided by the thermal capacity 𝑘 of 
the building and added to the previous indoor temperature 𝑇in(𝑡 − 1)
(see Eq. (4)). Internal gains arise from the use of electrical appliances, 
cooking, or the body heat of occupants. Depending on the available 
information and the required level of detail, a constant contribution can 
be assumed [45], the profile can be linked to active occupancy [52], or 
it can be derived from empirical measurements [68]. In our approach, 
the magnitude of internal gains per building is scaled by the number 
of dwellings. Solar gains account for the thermal energy received by 
the building from solar radiation. This contribution can be roughly es-
timated using hourly irradiation and window area, as discussed in [20] 
and Section 2.5. Initial values of 𝑄̇heating(𝑡 = 0) = 0 and 𝑇in(𝑡 = 0) = 𝑇set
are chosen.
𝑇in(𝑡) = 𝑇in(𝑡 − 1)

+ 𝛥𝑡
𝑄̇heating(𝑡 − 1) + 𝑄̇gain(𝑡 − 1) + 𝑄̇solargain(𝑡 − 1) − 𝑄̇losses(𝑡 − 1)

𝑘
(4)

Knowing the indoor temperature, the required amount of energy 
𝛥𝑄(𝑡) to heat the building to 𝑇set can be calculated as the thermal 
capacity 𝑘 times the temperature difference (see Eq. (5)). 

𝛥𝑄(𝑡) = 𝑘 ⋅ (𝑇set (𝑡) − 𝑇in(𝑡)) (5)

By adding the thermal losses, the total heating demand for that 
particular time step 𝑄̇demand(𝑡) is calculated as: 

𝑄̇demand(𝑡) = 𝑄̇losses(𝑡) +
𝛥𝑄(𝑡)
𝛥𝑡

(6)

Finally, the actual heating demand is determined by a case dif-
ferentiation in Eq. (7). If the calculation results in a negative value 
for a particular hour, it is set to zero. Otherwise, a negative heating 
demand would imply a decrease in indoor temperature, which does not 
reflect real-world conditions. Additionally, a maximum heating power 
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Fig. 3. Illustration of the convergence of single discrete active occupancy profiles (a), towards an average active occupancy profile (b).
Fig. 4. Relation between heating demand and the outside temperature and active occupancy. Peaks in the heating demand correlate with low outside temperature and high active 
occupancy, leading to the characteristic morning and evening peaks.
𝑄̇heating,max is introduced to limit the added heat per unit time, better 
representing a real system setup. 

𝑄̇heating(𝑡) =

⎧

⎪

⎨

⎪

⎩

0 if 𝑄̇demand < 0
𝑄̇demand(𝑡) if 0 < 𝑄̇demand < 𝑄̇heating,max

𝑄̇heating,max if 𝑄̇demand > 𝑄̇heating,max

(7)

Through iterative calculations, a time series (e.g., for one year 
with 8760 h) can be generated, yielding an individual heating demand 
𝑄̇heating for every building. Fig.  4 illustrates an example of such a 
heating demand profile and its dependency on the outside temperature 
and active occupancy.

2.2.6. Step 6: Flexible data aggregation
The heating demand profiles obtained at the building level can 

now be directly applied for further data analysis, or incorporated into 
simulations or optimization models. Using one of the various methods 
for network generation, such as minimum spanning tree for previously 
clustered buildings [69] or at the individual building level [25], a dis-
trict heating network topology can be proposed. Based on this topology, 
the load profiles can be easily aggregated by summing all the profiles 
7 
from a particular branch, thereby drastically reducing computational 
effort.

Additionally, these thermal load profiles can be translated into 
electricity demands by assuming the use of electric boilers or heat 
pumps for heating in the building. The high spatial resolution of the 
data allows for the assignment of the additional power demand to spe-
cific distribution grid nodes. This enables an analysis of the impact of 
expansion decisions for the heating system (such as whether to connect 
to the district heating network or use a heat pump or electric boiler) 
on the overall system. Both the electric grid and the district heating 
system, along with their respective thermal demands, are accounted for. 
This approach facilitates the identification of the cross-sectoral optimal 
solution for each building.

While the annual heating demand calculated by our method is 
deterministic for each individual building, the corresponding time se-
ries exhibit stochastic variations due to the MCMC-based occupancy 
modeling. By aggregating time series, individual patterns are smoothed 
out, leading to a convergence towards a common distribution. Since 
only the active occupancy profiles themselves have a stochastic com-
ponent, it can be assumed that the stochastically influenced part of the 
heat profiles will converge in the same manner (i.e., by aggregating 
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Fig. 5. Yearly heating demand on building level in kWh yr−1. For better comparison, the color scale was adapted to Ref. [29].  (For interpretation of the references to color in 
this figure legend, the reader is referred to the web version of this article.)
approximately 10 dwelling profiles, as shown in the Supplementary Ma-
terial [65]). Any remaining differences in the aggregated heat demand 
time series are primarily caused by variations in the respective building 
stock.

2.3. Validation

We validate the results obtained by our method in three key ways: 
First, by comparing the results with those of another study in 2.3.1, we 
demonstrate the reasonableness of the heating demand at the build-
ing level. Second, in 2.3.2, we show the correlation between heating 
demand and temperature, confirming the correct distribution of the 
daily heating demand throughout the year. Finally, in Section 2.3.3, 
we compare the hourly intra-day profiles generated by our method 
to demonstrate their strong agreement with the intra-day distributions 
reported in the literature.

2.3.1. Replication analysis
To illustrate that our methodology retrieves the correct yearly heat-

ing demand at the building level, we applied it (up to step 3, see 
Section 2.2.3) to a quarter in Madrid, which was analyzed in a study 
by Martín-Consuegra (Ref. [29]). Fig.  5 shows our results. For bet-
ter comparison, the color codes were selected according to Figure 6 
in the original publication Ref. [29]. Although fewer details at the 
sub-building level are resolved, the heating demand at the whole 
building level aligns well, demonstrating good accordance between the 
methodologies at the single-building resolution.

2.3.2. Correlation analysis
The daily heating demand shows a strong correlation with the daily 

average outside temperature, as described in the literature, such as in 
Ref. [33]. Fig.  6 demonstrates that this expected correlation can also be 
found in the data obtained through our methodology. Additionally, ac-
counting for occupancy results in higher heating demand on weekends 
compared to weekdays with similar outside temperatures. Conversely, 
the variability in heating demand for days with similar outside tem-
peratures is attributed to the thermal inertia of the buildings, which is 
reproduced by our model. Together, these findings suggest reasonable 
results at a daily-based temporal scale.
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2.3.3. Comparison of daily profiles
A critical aspect of heating demand time series for planning appli-

cations is providing reasonable intra-day resolution. However, methods 
like the HDD approach do not offer this, and data from physical 
models can result in unrealistic load peaks when the profiles are simply 
aggregated. To validate the hourly heating demand data from our 
method, Fig.  7 compares the average daily profile with a measured 
profile from Ref. [45]. The typical double-peak structure in the heating 
demand, as also reported in Ref. [60], is clearly visible, with the highest 
heating demand occurring in the morning and evening when most 
people are at home and temperatures are still low or have dropped 
again. In addition to this generic structure, the shape of the profile 
depends on the location of the city and the corresponding outside tem-
perature profile. While the upper subplot in Fig.  7 shows data from the 
Netherlands (with generally lower daytime temperatures), the lower 
subplot displays the demand profile of a city in Spain. Despite this, 
the comparison demonstrates that our method provides a reasonable 
intra-day resolution.

2.4. Comparison with other methodologies

As discussed in the Introduction 1.1.2, a variety of different ap-
proaches for time series generation exists. In Fig.  8, we compare our 
results with data from a few commonly used methods, specifically:

• HDD: standard heating degree days method, expanded for hourly 
resolution.

• Renewables.ninja: data from Ref. [33], calculated by an advanced 
heating degree days method, that includes additional parameters.

• Physical model: data from a building simulation software. Simu-
lations were performed for three building types, and added with 
weights, representing the share of the building type.

The left tile shows demand during a winter day, where the short-
comings of simply aggregating data from physical models are evident. 
Due to the lack of a stochastic factor, all demand occurs simultaneously, 
producing unrealistic peaks. In the right tile, a late summer day is 
depicted: With warm temperatures during the day, all methods that 
consider thermal inertia result in no or very low heating demand. In 
contrast, the HDD method, which solely considers the outside tempera-
ture and neglects historical information, provides a non-zero value for 
the heating demand.

Both Renewables.ninja and our method address the systematic limi-
tations mentioned above. However, it appears that Renewables.ninja 
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Fig. 6. Correlation analysis between estimated daily heating demand and daily average outside temperature.
Fig. 7. Comparison of average daily heating demand profiles. The upper tile (reference), shows actual measured heating demand data from Ref. [45], in comparison, the lower 
tile shows results obtained by our methodology. In addition to location-based deviations, the generic shape aligns, demonstrating the reasonableness of our data.
underestimates the impact of user behavior, as the heating demand 
during nighttime is only slightly lower than during peak hours. In 
contrast, our model combines the strengths of both approaches by 
accurately accounting for thermal physics and the stochastic effects of 
diversity among different buildings. As a result, the data generated by 
our model seems to represent a convolution of the physical model and 
the outcomes from Renewables.ninja.

2.5. Methodical and data uncertainty

Although our method produces accurate heating demand profiles at 
an aggregated level, it is important to emphasize that each independent 
load profile at the building level represents a random sample, derived 
from overall statistical data and assumed building properties. As such, it 
does not necessarily exactly match the heating demand of a specifically 
given building. Since the primary goal of this methodology is to gener-
ate data for large-scale analyses rather than to design individual heating 
systems for specific buildings, this limitation does not significantly 
affect the overall results.
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As with any modeling approach, the quality of input data is critical 
to the accuracy of the output. For heating demand at the building 
level, uncertainties arise from incomplete or outdated data in GIS/OSM 
or cadaster systems, as well as from ambiguities in the assignment 
of building archetypes, as discussed by Dochev et al. [70]. However, 
Dochev et al. also note that such discrepancies tend to average out 
when considering aggregated data. For a specific application in a 
case study, we strongly encourage researchers applying this method to 
carefully examine the input data and conduct plausibility checks and 
sample validations.

Potential systematic errors may also arise from neglecting additional 
factors, such as solar irradiation, urban heat islands, wind chill, internal 
heat gains from the human body, lighting, cooking, other electrical 
appliances, or varying individual setpoint temperatures and ventilation 
habits. Nonetheless, Staffell et al. [33] demonstrate that, in their model, 
most of these factors have only a minor effect, with solar gain being the 
most significant. In comparison, the impact of these factors is generally 
smaller than the uncertainty introduced by the input data.

For projects that require precise solar gain calculations, more de-
tailed building models are necessary. Accurately assessing shading 
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Fig. 8. Comparison of different methodologies for generating heating demand profiles for a winter (left) and summer (right) day. Profiles are normalized to the yearly sum (same 
annual heating demand).
effects and the amount of effective solar radiation reaching buildings 
requires consideration of building shapes, orientation, morphology, 
roof shapes and window openings [20]. Such analyses typically rely on 
highly detailed building data, including 3D models. These models are 
also crucial for evaluating the impact of urban heat islands [71], which, 
as reported by [72], can change the heating demand of individual 
buildings by up to 20%. However, comprehensive 3D building data is 
not yet widely accessible to the public. Therefore, we have deliberately 
chosen a simplified model, acknowledging a certain degree of uncer-
tainty while ensuring broad and universal applicability of our approach. 
Beyond that, it is worth noting that variations between different climate 
years may result in larger deviations than the factors discussed above.

3. Case study: Analyzing the heating demand of Puertollano/Spain

Following a brief motivation for selecting this particular case and an 
introduction to the context in Section 3.1, we describe the application 
of our methodology to Puertollano in Section 3.2. The results obtained 
are presented and discussed in Section 3.3, with an emphasis on the 
value of the datasets for smart planning applications.

It is important to note that the applicability of the proposed method 
is not limited to this case study. This analysis illustrates the general 
structure of the obtained data and represents just one of many possible 
applications.

3.1. Motivation and aim of the case study

In 2022, one of the largest electrolyzers in Europe was commis-
sioned in Puertollano, Spain. This electrolyzer, with a nominal electric 
input power of 20MW, is powered by a 100MW photovoltaic (PV) 
park located nearby [73]. With the planned addition of 200MW of 
electrolyzer capacity, the region is set to become a key European 
hydrogen hub. As part of this project, it was proposed to utilize the 
waste heat from the electrolyzer, at a temperature of 56 ◦C, for district 
heating to provide affordable heat to up to 3000 households [74].

Given the lower temperature level and the potential intermittency 
related to solar irradiation and electrolyzer operational schedule, a 
more advanced planning approach is required compared to traditional 
heat engineering methods for network design. Sector-coupled optimiza-
tion models are a leading tool for assessing the technical and economic 
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feasibility of such projects and determining the optimal system config-
uration. However, detailed heating demand time series at a granular 
spatial level are essential for comprehensive analysis.

In this case study, we demonstrate that our methodology is capable 
of generating such plausible synthetic load profiles at the building level, 
using publicly available data. Beyond the application for this particular 
analysis, these profiles serve as a reliable foundation for further anal-
yses, such as, optimizing strategies for decarbonizing heating systems, 
or determining future additional electricity load profiles, particularly in 
scenarios involving the partial or full electrification of heating demand.

3.2. Data analysis

For the Puertollano case study, the initial dataset for the region 
was sourced from OSM [23], which provides details on various in-
frastructures, including 11 725 buildings, of these, 9298 are residential 
buildings. Each building object contains information about the centroid 
location, shape (defined by GPS coordinates), and height recorded.

Subsequent to this, additional building-specific data was obtained 
from the Spanish cadaster [75] using the provided API [76]. This 
dataset includes information on building usage type, construction year, 
area designation, number of units, and postal address. For buildings 
containing multiple units (e.g. apartment buildings), data for each 
individual subobject (household) was requested and aggregated at the 
building level. A sample of this data at the building level is presented 
in Fig.  9. Due to the lack of detailed 3D building information and 
building-specific window areas, solar gains are not considered in this 
case study, such that 𝑄solargain = 0 in Eq.  (4). This simplification avoids 
introducing additional uncertainty from estimated or assumed solar ex-
posure parameters, which would require complex geometric modeling 
and accurate material properties that are typically not available from 
open data sources.

To estimate the specific annual heating demand, the information 
on the year of construction, number of units, and number of floors was 
combined with typological data from the TABULA Webtool [30]. For 
this analysis, a continental climate was selected, and heating demand 
data for both original and retrofitted buildings was extracted separately 
for further study.

In the next step, the thermal load profile for each building was com-
puted. The thermal properties were estimated using the available data, 
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Fig. 9. Different building properties of a small sector of the town, based on OSM and cadaster data.
as outlined in Section 2.2.4. The MCMC method was then employed to 
generate an active occupancy profile, 𝐴(𝑡), with an hourly resolution for 
both business days and weekends. The transition matrices were derived 
from Ref. [53]. For the outdoor temperature data, the dataset from 
Renewables.ninja [62] was utilized. These inputs were subsequently 
processed through the thermal model, where temperatures and heating 
demands were iteratively calculated over 8760 steps. This procedure 
resulted in an hourly heating demand time series for each building. 
The same process was also applied using data for the nominal heating 
demand of the buildings, assuming they were retrofitted. The generated 
dataset can be accessed in Ref. [77]. The total computational time for 
calculating the time series for the city of 11 725 buildings and 8760 h 
is approximately 69 s on a standard laptop (Intel i7, 32 GB RAM). A 
detailed overview of the computational performance can be found in 
the Supplementary Material [65].

3.3. Results

Fig.  10 presents the calculated total annual heating demand at 
the building level. The total residential heating demand for the city 
amounts to 114.2GWh per year. This value aligns well with the results 
from the Spanish heat map [40] and the data from the Hotmaps 
project [39]. By analyzing the building-level data, we can observe that 
41% of the total heating demand is attributed to just 1020 buildings, 
which represent 10% of the total number of buildings.

The aggregation of individual heating demand profiles is shown in 
Fig.  11. Each building has a unique temporal demand profile, reflecting 
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the diverse daily routines of different societal groups. As more individ-
ual profiles are summed up, the resulting curve converges towards a 
smooth double-peak structure, consistent with patterns observed in the 
literature [45,60].

The total load profile for all buildings in Puertollano is presented in 
Fig.  12 for various times throughout the year. The peak heating demand 
reaches 65.8MW on a morning in January (the 273rd hour of the year), 
coinciding with the coldest day of the year.

To illustrate one advantage of using time series data at the building 
level, we compare two different thermal renovation strategies. First, 
we randomly select 15% of the buildings (weighted by residential 
area; so in total, 15% of the total residential area is renovated) for 
thermal retrofitting. For these buildings, improved thermal properties 
are applied (based on Ref. [30]), and the thermal heating demand time 
series are recalculated. This process is repeated 50 times with different 
randomly selected buildings to obtain a statistical distribution. The 
result is a new yearly demand of (108.3±0.3)GWh (a reduction of 5.2%) 
and a peak demand of (62.1 ± 2.0)MW (a reduction of 5.6%).

We now repeat the analysis deliberately choosing buildings based 
on their initial thermal performance instead of randomly. By applying 
energy-saving measures to 15% of the buildings (weighted by resi-
dential area) with the worst thermal performance (according to the 
revised Energy Efficiency Directive EU/2023/1791 [4]), we achieve 
a reduction of 13% in yearly demand and a 15% reduction in peak 
demand.

This suggests that smart and selective renovation strategies could 
be more than twice as effective as uncoordinated actions, which aligns 
with the findings of Ref. [32]. Fig.  13 compares the time series for the 
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Fig. 10. Calculated total annual heating demand per building with the proposed methodology.

Fig. 11. Illustration of considering diversity among different heating demand profiles and their convergence towards averaged profiles for an increasing number of buildings. The 
individual profiles depend on the thermal properties of the building and the assigned active occupancy profile.

Fig. 12. Aggregated heating demand time series for three different days (0–24 h) and corresponding outdoor temperature.
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Fig. 13. Comparison of influence of different renovation strategies on the thermal demand time series.
different renovation strategies. It can be seen that the smart approach 
also contributes to flattening the peak in thermal demand, potentially 
allowing for a smaller, more cost-effective district heating network 
design.

4. Conclusion and outlook

In this study, we presented and validated an integrated methodology 
that generates heat load profiles at the building level, enabling accu-
rate aggregation of individual building data. A key advantage of this 
approach is the minimal input data required, which allows for broad 
applicability across Europe. As a result, this method can be used to 
create datasets that provide highly resolved yearly heating demands 
and aggregated load profiles for districts on a granular scale.

Such data is invaluable for a variety of applications in smart energy 
planning. It can help identify clusters of buildings with poor ther-
mal performance for targeted renovation initiatives, facilitate sector-
coupled optimization models to decarbonize the residential sector, 
match intermittent waste heat potentials with optimal heating de-
mand profiles, support district heating grid operators in more detailed 
planning for grid expansion or optimization, and assist electrical grid 
operators in better predicting the impact of ongoing electrification of 
the heating sector on electricity load profiles in the distribution grid. 
The method also offers full temporal resolution flexibility, assuming 
outdoor temperature and occupancy profiles are available at the desired 
time scale.

In the future, improved data availability, particularly regarding the 
thermal performance of buildings, will further increase the accuracy 
of our proposed methodology. For example, many dwellings already 
have precise thermal performance calculations in energy performance 
certificates, and such data is sometimes available in public registers 
(e.g., [78]). Making this information accessible for research projects 
could significantly enhance data quality, though appropriate measures 
to preserve data privacy must be implemented. Additionally, incor-
porating other factors such as solar irradiation, wind chill, or city 
microclimates could additionally improve the model’s accuracy.
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