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This study presents the development and validation of a regional urban building energy model (UBEM) for the
island of Gotland, Sweden, using openly available national datasets. The aim is to capture the diversity of the
residential building stock - including both urban and rural areas - and provide a robust tool for large-scale en-
ergy planning and decarbonisation strategies. The model integrates building geometry, national construction
data, and energy performance certificates (EPCs) with probabilistic approaches for infiltration and stochastic
occupancy simulation. Building geometry is calibrated against EPC data to assure optimal agreement to real-
world circumstances. A novel archetype methodology, based on clustering analysis, is employed to represent the
heterogeneous building stock accurately with 15 archetypes for two residential building use types. Implemented
with an EnergyPlus-based simulation core, the model achieves high computational efficiency. Validation of ag-
gregated annual results against regional energy use statistics and EPC data demonstrates strong agreement on
the aggregate level: for single-family buildings, the annual energy use difference is 3.3 %, with a weighted mean
difference in energy performance of 0.2 %, while multi-family houses show a modest overestimation. These re-
sults confirm that combining open data with advanced probabilistic methods allows reliably simulating building
energy dynamics at a regional scale. The framework is easily transferable and adaptable to new case studies,
cities, or regions, making it a valuable resource for policymakers and urban planners aiming to enhance energy

efficiency and reduce greenhouse gas emissions.

1. Introduction and background

The building sector is a cornerstone of modern energy systems, and
buildings account for 40 % of final energy use and 36 % of energy-related
greenhouse gas (GHG) emissions in the EU [1]. Up to 75 % of buildings
in the EU are also still energy-inefficient. Given the urgent need to mit-
igate climate change, the EU has set ambitious goals, including a 55 %
reduction in greenhouse gas emissions and a 32.5 % improvement in en-
ergy efficiency by 2030 compared to 1990 levels [2]. Achieving these
targets requires large-scale energy planning that integrates sustainable
urban strategies with interconnected energy solutions.

Comprehensive energy modelling is essential for informed decision-
making, allowing policymakers to simulate various scenarios, assess the
impact of climate and urbanization trends, and design efficient, resilient
energy systems. However, simulating the energy performance of thou-
sands of buildings at high spatial and temporal resolutions presents sig-
nificant data and computational challenges. To address challenges con-
cerning data and computational resources, researchers often employs
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simplified methods of abstracting the building stock into multiple cat-
egories, or archetype buildings. Archetype buildings are reference build-
ings that are representative of a group of buildings which share simi-
lar characteristics. For an aggregated simulation of the studied building
stock, virtual buildings are created using cadastral data and simulated
with the corresponding archetype characteristics.

This large-scale approach not only enhances model transferability
and benchmarking but also provides critical insights for optimizing
future urban energy systems [3-5]. By adopting holistic, data-driven
energy planning, cities or regions can move toward sustainable, low-
carbon development while meeting the demands of a growing popula-
tion.

This study focuses on developing an urban building energy model
(UBEM) for the region of Gotland, Sweden, a pilot area for smart and
renewable energy systems. Using this case study the model can be vali-
dated against energy performance certificates and regional energy statis-
tics, providing a scalable framework for urban and regional energy anal-
ysis using open data sources. By leveraging probabilistic modelling,
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stochastic occupancy simulations, and a novel archetype approach, the
study enhances existing UBEM methodologies.

1.1. Case study area

The island of Gotland, Sweden, was selected as a case study. The
island is a proposed pilot study area for smart and renewable energy
systems in Sweden, and has a diverse building stock, which makes the
area ideal for future studies regarding building stock-level carbon re-
duction strategies. The well-defined system boundaries of the area also
makes it ideal for validating against statistical aggregated energy use
data. The island has an area of approximately 3200 km? and has 61,173
inhabitants (as of 2022). Roughly half of them are living in the main city
of the island, Visby, which makes the building stock of the island fairly
distributed between urban and rural conditions. In order to distinguish
between urban and rural conditions in terms of building locations in
this study, urban areas are defined as areas with a population density of
over 1000 persons per km?. This corresponds well to buildings located
within Visby or the two smaller towns of Gotland, Hemse and Slite. The
island has a significant historical building stock, with a large proportion
of the residential buildings being constructed before 1940, and several
as far back as the 12th century.

Gotland and Visby have been used as case studies in multiple re-
search studies, including decarbonisation scenarios [6], energy storage
potential [7], and evaluation of energy renovation strategies for historic
buildings [8-10], which all contribute to the understanding of the en-
ergy demand on the island.

1.2. UBEM

Urban building energy modelling (UBEM) is a relatively new ap-
proach aimed at creating bottom-up, engineering-based models of en-
ergy use in buildings across specific geographic areas, such as city dis-
tricts or entire cities [11]. This modelling relies on the buildings’ ge-
ometrical and physical properties, along with external inputs such as
ambient temperature, solar irradiance, and internal heat gains [3,12].
While UBEM techniques are an upscaling of existing building energy
modelling (BEM) methods, it introduces specific challenges. These in-
clude obtaining extensive urban-scale building data, dividing the build-
ing stock into representative building archetypes, and balancing model
detail with computational efficiency. When practical and accurate,
UBEMs can be powerful tools for urban planners, policymakers, and util-
ities to inform design decisions, evaluate policies, and forecast energy
demand.

Over the last few years, a number of reviews of the UBEM field
have investigated and mapped common approaches and workflows,
and suggested new extensions and improvements for the research field
[3,4,12-14]. While some best practices are identified, some major dif-
ferences between approaches remain; mainly the types of data and mod-
elling inputs used, the simulation approach (applied software or from-
scratch mathematical energy transfer calculations), and the choice of
utilising deterministic or probabilistic modelling approaches.

A multitude of UBEM studies have identified that data availability
remains a key challenge for building stock modelling, especially high-
quality building input data and measured energy use data for model
validation [15,16]. Legal restrictions often limit the access to detailed
data, especially in city-level studies [17], and many methods with ac-
cess to specific data become limited and lack generalisation, making
them challenging to apply to other contexts [13]. Additionally, handling
large datasets presents technical challenges, including issues with data
quality, which complicates the development of UBEMs [18]. To address
the lack of sufficient datasets, model developers often rely on assump-
tions, simplifications, and more complex methodologies, thus accepting
the risk of increased uncertainty and reduced accuracy in their models
[19].
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One promising solution to this issue is to utilise energy performance
certificates (EPCs). EPCs are public domain documents issued for indi-
vidual buildings with the goal of providing energy-related information,
comparing buildings in terms of energy use, and to propose possible en-
ergy efficiency improvements [1]. The availability and usefulness of the
EPCs in the EU, US, and the UK have made them increasingly valuable as
a tool for decision-planners and real-estate analysts. In recent years, the
use of EPCs to thoroughly model building stocks has also been steadily
increasing [4,20]. Researchers in energy modelling has utilised EPCs
to compare energy efficiency measures [21,22], optimise refurbishment
processes [23,24], to perform energy planning, and to predict future
energy demands [5].

1.3. Probabilistic modelling

Current literature suggests that physics-based and probabilistic com-
putational methods out-perform statistics-based and deterministic ones,
but only if the methods are properly calibrated [3,19].

Guo et al. [25] developed a fully probabilistic approach to map build-
ing stock U-values and window-to-wall ratios (WWR), using Flemish EPC
datasets. Their method provides a robust framework for examining the
modelling uncertainties and parameter distributions, but the method is
not validated against measured data, and accuracy of the energy demand
forecasts is not determined.

Cerezo et al. [26] analysed three methods for characterising UBEM
archetype parameters, and calibrating against annual energy use data.
They concluded that the probabilistic and calibrated methods were ca-
pable of producing a better goodness-of-fit regarding energy perfor-
mance. The authors also highlighted that probabilistic modelling meth-
ods for archetype parameters needs to be further developed, given
the intrinsic lack of knowledge about the diversity of the building
stock.

Similarly, Sokol et al. [27] developed a model for 2263 buildings us-
ing a probabilistic approach for infiltration and occupancy parameters.
The resulting model had a very high accuracy to measured energy per-
formance but was calibrated to monthly, building-specific energy use
data, which is generally unavailable in many areas.

Several reviews of UBEM methods and tools have identified the im-
portance of building occupancy modelling for increased accuracy in
UBEM [4]. Detailed approaches for stochastic and dynamic building oc-
cupancy modelling are necessary, if the goal of the UBEM is to per-
form peak load analyses, estimate hourly energy demand, or imple-
ment energy-efficient management strategies at the urban level [28,29].
Large city-wide UBEM have been around since the model of Boston by
Cerezo Davila et al.[17]. Their streamlined model successfully simu-
lated around 83,000 buildings with 52 archetypes. The model was val-
idated using only sample comparisons to survey data, and the authors
highlighted the future need for more accurate building archetype defi-
nitions and occupancy models, as well as openly available data for cal-
ibration and validation.

Numerous studies have since then been successful in creating accu-
rate UBEM using deterministic methods and openly available data sets
[30]. Johari et al.[31] created models for two Swedish cities, and got
an absolute percentage error (APE) for the total energy use of 13 % at
city level, but the study did not compare the total simulated energy de-
mand against aggregated measured energy use. This was later done by
Johari et al. [32], where the simulated energy demand of 2193 buildings
in a Swedish city was validated against hourly electricity use measure-
ment data, achieving an hourly mean APE of 26 %. Machine learning ap-
proaches have also been used to successfully develop (open) data-based
UBEM of very large urban areas, as demonstrated by Roth et al. [33].
Recently, Song et al. [34] developed a UBEM of Shanghai, China, simu-
lating 539,119 buildings with an aggregated electricity use that differed
around 5% from measured use data (with no validation of gas use for
heating).
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1.4. Building infiltration

Building infiltration is the passage of outside air into the interior of
a building, which has a major influence on the thermal load of a build-
ing and its internal environment [35]. Infiltration is a complex process
which depends on building characteristics, outdoor conditions, and oc-
cupant behaviour. UBEM studies and reviews have suggested that prob-
abilistic infiltration modelling methods are more accurate than deter-
ministic ones, but are lacking in the field [16].

Outside UBEM, several studies have investigated infiltration in build-
ing stocks, and found average flow rates that correspond to specific
building characteristics. As building characteristics and climate condi-
tions are highly dependent on location, suitable literature was reviewed
for findings that were of relevance for this study. Jokisalo et al.[36]
showed that for Finnish detached houses, the average flow rate for shel-
tered (urban) conditions was 0.15 air volume changes per hour (ACH),
and 0.25 ACH for exposed (rural) buildings. Pietrzyk and Hagentoft [37]
found that the mean value for a log-normal distribution of infiltration
rates was y = 0.19 ACH and the standard deviation was ¢ = 0.09 ACH for
detached low-rise buildings in Gothenburg, Sweden. Wang et al. [38]
found distribution values of 4 =0.49 ACH and ¢ = 0.36 ACH for rural
houses in the “cold” climate zone of China, including Beijing, which
roughly corresponds to the climate zone of Gotland. Shi et al. [39] found
that 4 = 0.17 ACH and ¢ = 0.62 ACH for urban residential buildings in
Beijing.

Several studies also found patterns relating infiltration flow rate to
UBEM input parameters, allowing for probabilistic modelling of building
characteristics. Jokisalo et al.[36] also found that the building height
is an important determining factor for the infiltration rate; the mean
rate was found to be 0.10 ACH for one floor and 0.15 ACH for two
floors. Eskola et al.[40] similarly found that the rate for two-storey
buildings are approximately double that of one-storey buildings in Swe-
den. Persily et al. [41] found that the age of the building is a significant
factor affecting the rate of infiltration. The rate for older American resi-
dential buildings was shown to be around 90-120 % higher compared to
new construction. Similar values are also shown for the Dutch building
stock [42]. Both studies also showed that the infiltration rate is around
25-50 % higher for single family houses than for multi-family housing.

Summarising these findings, a likely average flow rate for infiltration
in the Gotland climate zone can be estimated.

1.5. Knowledge gaps

UBEM techniques have traditionally been applied to large-scale sim-
ulations of dense urban environments. To the authors’ knowledge, rural
areas of the scale considered in this case study have not yet been in-
cluded in such simulations. Probabilistic modelling approaches remain
relatively rare, particularly in large-scale UBEMs, where determinis-
tic parameter models or, more recently, machine learning methods are
more commonly used.

While the use of national datasets in UBEMs has led to improvements
in model validity, substantial uncertainty persists. This is largely due to
the simplification of real-world buildings into digital and mathematical
representations based on a limited set of parameters [19]. A study by
Nouvel et al. [43] identified 13 key parameters in UBEM development
that contribute to varying levels of uncertainty if not accounted for.
“Must-have” parameters identified are building function, year of con-
struction, state of refurbishment and residence type (main, secondary,
or vacant). Ensuring the accuracy and reliability of a UBEM requires
validation against actual measurement data. However, collecting such
validation data - especially energy and power data at various spatial and
temporal resolutions - is challenging. In many cases, the availability or
accessibility of building-level data remains a barrier, making it difficult
to verify UBEM results.

Kamel [16] noted open data availability, accurate building height
data, stochastic modelling approaches, calibration against measured
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data, interoperability features between UBEM tools, and computational
complexity as significant challenges for future UBEM development.

1.6. Aim of the paper and scientific contributions

The main aim of this study is to develop an accurate UBEM for the
area of Gotland, Sweden, that utilises open data and that accurately
captures the diversity of the residential building stock, in regards to
energy performance. In detail, this study aims to:

(1) propose a method for developing an UBEM that can be used on re-
gional (urban and rural) level and extended to the national level, (2) pro-
pose a method for incorporating probabilistic parameters and stochas-
tic occupancy modelling on individual building level, as well as a novel
archetype approach, to increase model representativeness of real-world
building stock conditions, by (3) implementing the model for a case
study of the island of Gotland, Sweden, and (4) validate the simulation
results against both regional energy use statistics and normalised energy
performance data, to ensure ideal model accuracy.

The novel scientific contributions of this study are as follows:

1. The UBEM is regional, including rural and sub-urban areas as well as
urban areas. This regional approach also allows for model validation
against measured statistical energy use data, gathered for the case
study region.

2. The model framework utilises a combination of open data sets and
statistics to acquire building specific data, allowing for a high adapt-
ability of the model for different geographical areas, after validation
to the regional statistical data.

3. This study fills identified research gaps for UBEM simulation, as high-
lighted by Kamel [16] among others, and improves an already exist-
ing model. A new approach for identifying and assigning building
archetypes is implemented, utilising cluster analysis and geographi-
cal patterns. Other improvements include a new method for identify-
ing building HVAC systems, an approach for probabilistic modelling
of building infiltration, and integration of stochastic occupancy mod-
elling.

4. The case study region is interesting in that it has a high proportion
of historical buildings, as well as modern construction, and the re-
gional building stock has a significant proportion of holiday homes.
Furthermore, as a regional study the geographical extent is large;
the area for which the model was developed is significantly larger
than in traditional UBEMs, around 3200 km?, with around 19,000
buildings simulated.

The structure of this article is as follows. Section 2 gives an overview
of the methodology used in this study, describing the model struc-
ture and simulation workflow. Section 3 later provides a summary of
the input data used in this study, as well as explanations of addi-
tional assumptions that were considered necessary. This is followed by
Section 4 which describes each steps of the methodology in detail. This
starts with data pre-processing and calibration, and the procedure for
building archetype identification and characterisation. Subsequently,
the approach for modelling building HVAC systems is described, fol-
lowed by a description of the probabilistic infiltration and the integra-
tion of stochastic occupancy modelling in the simulation. The results are
presented, analysed and validated in Section 5. Finally, in Section 6 the
findings of this study is discussed; in particular the model accuracy, the
simulation methodology, and the study limitations are evaluated.

2. Methodology overview

In this section, the UBEM approach used in this study is summarised
in brief.

The simulation approach applied in this study is as follows: for ev-
ery building in the case study data set, a virtual 3D building is created
using cadastral data and assigned one of the identified representative
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Fig. 1. Flowchart of the model and simulation framework. Arrows indicate data flows and straight lines indicate inclusion.

archetypes, which are all characterised by their own set of simulation
parameters, such as construction material composition and properties.
From available data, probabilistic infiltration flow rates, HVAC systems,
and stochastic occupancy profiles are generated for every virtual build-
ing. Utilising all generated inputs, and additional weather data, the en-
ergy balance over the course of one year is consequently simulated for
all buildings. These steps are explained in detail in Section 4, and the
overall framework is visualised in Fig. 1.

The UBEM was developed in Python, as an extension and further de-
velopment of the model developed and validated by Johari et al.[31]
and Johari et al. [32] around the building simulation software Energy-
Plus. EnergyPlus is well-regarded for its ability to provide accurate and
efficient estimates of the energy performance of individual buildings.
It has also been shown to outperform similar building simulation tools
such as IDA ICE and TRNSYS in terms of computational time and accu-
racy for aggregated models [44], which is paramount for UBEM. Addi-
tionally, because it can be controlled through common languages like
Python, it is also suitable for sequential energy modelling and simula-
tions of multiple buildings. Python is a powerful and flexible program-
ming language, and it is the basis for the package Eppy [45], which is a
scripting language for EnergyPlus idf files and output files. This makes
the overall framework suitable for performing city-wide energy simula-
tions for large building datasets. In this study, a simulation interface was
developed using Python 3.8.5 and Eppy 0.5.63. The automated interface
processes both geometric and non-geometric data of buildings, gener-
ates building models, and runs dynamic energy demand simulations in
EnergyPlus under real-world weather conditions. It then outputs results
on an hourly, daily, monthly, and annual basis. The developed interface
is based on a user-defined data structure built with Python classes and
objects, making it flexible and adaptable for various use cases. It is not
limited to any specific region, and can be applied for UBEM of any case
study. The simulations were run on a desktop workstation with an Intel
Xeon Silver 4216 CPU @ 2.1 GHz processor with 32 cores (64 threads)
and 194 GB RAM.

The simulation core was extended to include new input data, addi-
tional features and a novel approach for identifying and characterising
building archetypes. The simulation modules of the developed model

is shown in Fig. 1, which highlights the modules developed by Johari
et al. [31,32], the methodology for archetype identification developed
in Dahlstrom et al.[46], and the modules added by this study. This
flowchart also describes the workflow for data processing and the simu-
lation of one building, which is then repeated for all buildings in the data
set. After the EnergyPlus simulation, results are acquired and stored.
These can be used to further calibrate the model or simulate and anal-
yse the entire dataset.

Each building is simulated as a low level of detail (LoD1) “shoebox”
model with one thermal zone per building, as seen in Fig. 2. For large
scale applications, the significant decrease in computational time when
using only one zone per building far outweighs the increased accuracy
of higher detailed models, especially since the overall error in simulated
energy demand is only around 9 % [44]. Two thermal zones are used if
the building has a heated basement, for which an additional thermal
zone was assigned to the basement. As the presence of a heated base-
ment is an EPC parameter, the probability of having a heated basement
was added as an archetype parameter. Each building is then assigned
a basement based on this probability, similar to the approach for the
heating systems.

Window shading from blinds or curtains was added for the simula-
tion. These are activated if the indoor temperature gets higher then the

Fig. 2. 3D rendering of the “shoebox” thermal energy model design [44].
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thermostat cooling set-point (26 °C) and if the incoming solar irradiance
exceeds 250 W/m?. The simulation core can employ a shading calcu-
lation, where incoming sunlight on the simulated buildings is blocked
and reflected by surrounding shading elements from all buildings in the
cadastral data set, including accessory buildings. The shading calcula-
tion was applied for a test run of 50 buildings, and it was found that
using shading only resulted in a 1 % difference in total energy demand,
but a 57 % increase in computational time. This minor difference can
be explained by the low impact of solar irradiance on building heating
demand in the cold winter climate of Sweden, and by the exclusion of
solar panels and cooling systems in the simulations, both of which would
have been more strongly dependent on the solar irradiance. This find-
ing is supported by Faure et al. [47], who found that around 2 % of the
difference at district scale could be attributed to the surrounding shad-
owing environment. Therefore, the shading calculation was ultimately
not applied in this study since it significantly increases computational
time with only a negligible increase in accuracy.

3. Data

In this section, a summary of the data used in the study is provided.

UBEMs are dependent on detailed building-level data, both for model
development and validation. One main objective of this study is to de-
velop an UBEM from open-access data. Therefore, all of the used data
has been extracted from databases that are nationally available online
or upon request. The model is run using an input file for all residential
buildings, divided into single family housing (SFH) and multi-family
housing (MFH). This input file contains the geometry (footprint and
height), construction and re-construction year, building type, property
address, and socio-economic parameters for each building. The file also
contains calculated living area, based on building size and estimated
number of floors. For consistency, all data are for the year 2022. Includ-
ing measured local weather data, this framework has access to all 13 of
the relevant parameters identified by Nouvel et al. [43], although year
of refurbishment is not utilised.

3.1. Cadastral data

Cadastral data, or geographic information system (GIS) data, for the
studied area was acquired from the Swedish Mapping, Cadastral and
Land Registration Authority [48]. This data contains a property map for
the built-up area including information on building footprints, build-
ing types, and the year of construction or re-construction (if any) of the
buildings. For UBEM calculations and simulation, the construction of
a 3D model is necessary. Cadastral data only contain 2D footprints of
buildings, and the Swedish EPCs do not provide any data on measured
building height, so the height must be determined by other means. A
commonly used approach is to determine the building height and eleva-
tion information from national geo-datasets, photogrammetry, or laser
scanning, i.e., light detection and ranging (LiDAR) point cloud data. Li-
DAR data is openly available in many countries, including the EU, Nor-
way and the UK [49].

3.2. Holiday homes

Another aspect that also makes the case study area interesting is that
the island is a major vacation and tourism hub, which has the effect
that a significant fraction of the building stock are holiday homes or
secondary homes. Holiday homes are not permanent residencies, and
are usually occupied between a few select days over the year to around
three months every summer. Holiday homes were not in the scope of this
particular study so they were not simulated as a part of the aggregated
results, but they needed to be removed from the GIS data set so that the
number of permanent dwellings was correct in the simulation.

In the available data sets, it is unfortunately not possible to ascertain
which exact houses in the building stock are holiday homes. The total
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number of holiday homes, however, is known to be 12,705 homes [50],
which corresponds to around 40 % of all the buildings on the island, or
around 42 % of all SFH. For the model simulations, 12,705 random SFH
were assumed to be holiday homes, using a set randomisation seed as
to assure comparable simulation runs.

3.3. Energy performance certificates

Energy Performance Certificates (EPCs) are a valuable source of data
for building simulations. In Sweden, they are collected by the National
Board of Housing, Building and Planning, “Boverket” [51], and the cur-
rent data set is updated by the year 2022. In contrast to other European
countries and the US, nearly all energy use values available in Swedish
EPCs are measured, not calculated [52,53], which makes them highly
suitable for model validation and calibration. Among other parameters,
the EPCs provide information about building construction year, main
use, heated indoor area, number of floors, and the HVAC systems in-
stalled [54]. The building energy performance (EP) of individual build-
ings is also an EPC parameter, which is a measure of the specific energy
use (kWh/m?) that is required for space heating and hot water use, by
heated indoor area, normalised to a normal weather year. This param-
eter excludes household and property electricity! and is valuable for
comparing buildings as it generally gives a good understanding of the
state of the building envelope and HVAC system.

3.4. Statistical data and validation

Statistical data, including socio-economic parameters, were used
alongside EPC data for archetype identification. This data includes mean
income per person, mean resident age, and population density, and is
collected and managed by Statistics Sweden [55]. The socio-economic
data is available in an aggregated format, to avoid privacy concerns and
to uphold the EU regulations regarding open data distribution. The data
is distributed in squares, 25 x 25m to 100 x 100 m in area. Spatial inter-
polation of the aggregated values was used to assign probable values for
each individual building. For a detailed description of how these param-
eters were integrated as building values, please refer to the methodology
section of the paper by Dahlstrom et al. [46].

For this study, measured energy use data of high temporal resolution
was unavailable as open-access data. Therefore, calibration and valida-
tion of the model has to be made against aggregated yearly energy use
data, which are available. For this purpose, statistical energy use data
for residential buildings in the region of Gotland were used, accessed
from Statistics Sweden [55]. This data is divided by end use category
and primary energy source,” which is convenient as it makes validation
of the division of heating systems in the simulation possible.

While a majority of UBEM studies are validated against annual data,
a low temporal resolution significantly increases the uncertainty of eval-
uated model accuracy [19]. However, as Swedish EPCs utilise measured
energy use, they can be used as an additional data source for model cal-
ibration and validation, which increases the reliability of the validation.
The resulting energy performance (EP) from simulated buildings can be
compared to the corresponding value from the buildings’ EPCs. This can
be done on individual building level for the buildings that have EPCs,
or at an aggregated level if comparing the distribution of EP values.

3.5. Weather data

To enable calibration and validation of the model from both statisti-
cal measured data and EP values from the EPCs, two weather data files
were used.

1 Energy used for elevators, stairwell lighting etc. in apartment buildings.

2 Fossil fuels are mainly heating oil, bio-energy includes firewood and pel-
let burners, and electricity includes both direct electric heating and heat pump
systems.



Dabhlstrom et al.

Most UBEM studies utilises a centralised weather data file, and/or
a typical meteorological year (TMY) which is normalised to histori-
cal data [13,16]. However, when calibrating or validating against ac-
tual measurement data, it is necessary to use measured weather data
from the same simulation time period to ensure accuracy. EnergyPlus
weather input data (EPW format) can be very detailed, containing up
to 35 weather parameters which can be used for the simulations, but
such detailed weather data for the case study area for the year 2022
was not found. Instead, a weather data file for 2022 was manually com-
piled from open-access weather data from the Swedish Meteorological
and Hydrological Institute (SMHI), containing dry- and wet bulb tem-
perature, atmospheric pressure, total global solar irradiance, rainfall,
relative humidity, wind direction and wind speed.

As the EPC EP values are normalised to TMYs, normalised weather
data must be used for fair comparison. A normalised® historical weather
data file for the case study area in EPW format was obtained from Cli-
mate.OneBuilding [56]. The data was also recorded and managed by
SMHI [57].

3.6. Additional input data

EnergyPlus takes into account the thermal inertia of interior walls,
doors and furniture. The surface area for the internal mass is estimated
from the volume of the building, and the construction materials are as-
sumed to be identical to the interior floor and ceiling, not including in-
sulation. For this calculation, a ratio between internal wall surface area
and the building indoor volume, A,,, = kV;,;, is used, where k = 0.40
m~! [58].

The minimum requirement for window area according to Swedish
construction regulation is 10 % of the floor area per room [59]. This
window area is divided by the total wall area of the building to get the
minimum WWR for the building. This value of WWR is then used for
each wall unless the wall is adjacent to another building or if the length
of the wall is less than 2m. In this way, the WWR will follow national
guidelines but still have different values for different buildings, reflect-
ing real-world conditions. It is also assumed that much older buildings
(<1910) have around 10 % lower WWR.

The thermostat set-point was set to 20 °C for all buildings, which is
the Swedish guideline for all residential housing [59]. No building was
assumed to have any central cooling system, as this is very uncommon
for Swedish residential buildings.

The ventilation rate for exhaust ventilation is set to follow the Bover-
ket Swedish national regulations, where the minimum flow rate is set at
0.351/s/m>.

4. Methods

This section describes the methods used in the study, with each
step explained in detail. Section 4.1 explains the data pre-processing
that constitutes part 1 of the methodology flowchart in Fig. 1, and Sec-
tion 4.2-4.4 correspond to part 2: Archetype identification and building
characterisation in the flowchart.

4.1. Data pre-processing

With a large geographical area such as Gotland, the data size of the
LiDAR point cloud is very large. To comfortably deal with the point
cloud data, the data is first filtered to only include points in and imme-
diately around the building polygons. Once filtered, the building height
could be determined from the point cloud coordinates within each build-
ing polygon, and can then be calibrated against EPC data to ascertain
representative building heights.

3 Normalised for the years between 2009-2023. Monthly historical data are
used, where each month is the normal month for the period.
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A common inaccuracy that occurs when using LiDAR data for build-
ings is that large vegetation such as trees often grow over the buildings,
obscuring the roof. These data points can not be filtered with a sim-
ple algorithm; detailed filtering approaches are available which reduces
potential inaccuracies, however, they are computationally intensive. For
this reason, and considering the large data set, a simplified filtering ap-
proach was developed. Height outliers that were implausibly high (>
40) or too low (less than 2m in height) were replaced by a probable
height value, which was determined by using the average height of the
closest neighbouring buildings. To avoid noise, the point cloud median
z-coordinate value was used instead of the maximum z value. For these
cases, the median height value often well represented the real build-
ing height, as the roof contain extensively more data points than the
obscuring vegetation data points do.

The building height and (heated) indoor area was calibrated us-
ing the EPCs, as they contain information about indoor area for all
EPC buildings and number of floors for most buildings. SFH and MFH
were separately calibrated by comparing calculated height for each EPC
building with estimated area and height for corresponding buildings in
the GIS and LiDAR data. For the EPC building height, the height was
calculated as the standard indoor height-per-floor multiplied with the
number of floors of the building, with 1 m added if the building has a
(heated) basement. The standard indoor height-per-floor was defined
at 2.65m as 2.4m is the required floor-to-ceiling height for Swedish
buildings (2.3 m for basements) [59] and the average thickness of inner
ceilings is around 0.25m [60,61].

To calibrate against the measured building height, a correction factor
c;, for the LiDAR values is determined by taking the mean value of the
calculated (EPC) height divided by the LiDAR height; this factor was
found to be ¢, =0.80 for SFH and ¢, =0.87 for MFH, meaning that on
average the LiDAR values overestimate the actual building height.

The building indoor heated area also needs to be calibrated to EPC
values. The calculated indoor area for the GIS buildings is the building
footprint A ;, multiplied by the number of floors n ;, which is determined
by the calibrated height divided by 2.65m, rounded off to the nearest
integer value.

To determine a correction factor for the building footprint, we cal-
culate the factor ¢, corresponding to the minimum difference between
measured and calculated values, by performing a minimum root mean
square error (RMSE) test:

1 n
RMSE; = J - 2((CAAfp[nfj) — Agpe)?, )
pan

where the factors were found to be ¢, =0.53 for SFH and ¢, =0.73 for
MFH at minimum RMSE. The low values are expected as the heated
share of a building can vary between 40-100% [51], and the building
footprint should be larger than the indoor area as the indoor area does
not include garages, porches, and similar. The resulting RMSE curves
for both SFH and MFH can be seen in Fig. 3.

4.2. Archetype identification and characterisation

When analysing the EP values in the Gotland EPCs, it becomes clear
that a deterministic approach for dividing buildings by use type and
construction year is not sufficient to capture the heterogeneity of EP in
the building stock. For houses built in the same time period the val-
ues are significantly spread out; for SFH on Gotland built in the 1960s,
the EP varies between 29 kWh/m? to 433kWh/m?, with a mean of
128 kWh/m? and a standard deviation of 70 kWh,/m?.

For this study, archetype buildings were identified using the method-
ology developed by Dahlstrom et al. [46]. The method involves utilising
automated k-means cluster analysis of multiple building parameters to
identify energy use patterns in the studied building stock, to ultimately
narrow down the deviation in energy performance as much as possible.

The inputs to the cluster analysis were building use type, construc-
tion year, and heating system, which are EPC parameters; population
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Fig. 3. RMSE for building indoor area.

density, resident age, and income per person, which were gathered from
the applied socio-economic data; and finally building volume, which
was calculated using GIS data and the LiDAR height. The outputs of the
analysis are identified archetypes, which corresponds to the buildings
closest to the centroid values of all parameters, as well as the clusters
of parameters that belongs to each identified archetype. The number
of clusters k corresponds to the number of archetypes, and the optimal
value of k has to be determined separately when using k-means cluster-
ing. The root mean square standard deviation between all cluster param-
eters was compared for a range of values of k, and the optimal value was
determined using the elbow method in combination with comparing the
representativeness of the identified archetype to the cluster mean values
of all parameters. For a detailed explanation of the procedure, as well
as the applied data, the reader is referred to Dahlstrom et al. [46].

While nearly all MFH in the case study area have an EPC, only 2893
SFH have one, which is around 9.7 % of all SFH on the island, or 16.8 %
excluding holiday homes. The remaining buildings must therefore be
assigned the archetype that is most representative for each building. To
find the archetypes of all buildings in the case study area that do not
have an EPC, a novel method was developed.

Archetypes identified with the applied method are notably clustered
also geographically. This is assumed to be representative of real-world
conditions as buildings in certain neighbourhoods or blocks tend to be
more homogeneous in terms of building characteristics, when compar-
ing to a group of buildings that belong to different geographical areas.
That is, they are generally built within the same period, have similar
HVAC systems and the occupants are more socio-economically similar.
Therefore, an algorithm was designed to find the building archetypes
predominantly based on the location of the building. The closest neigh-
bouring buildings are determined by a nearest-neighbour-search, and
the most prevalent (mode(x)) archetype among them is identified. If
the answer is inconclusive (size(mode(x))>1), more than one archetype
is equally likely and the archetype is instead determined based on the
construction year and the interpolated population density at the loca-
tion of the building. A nearest-neighbour-search (knnsearch) computes
the Euclidean distance d(p,q) = ||p — q|| between the data point p and
the query point g, then finds the k nearest data points by using a pre-
defined Kd-tree algorithm.

Different algorithms were tested for the highest percentage of correct
identifications, for a sample of the buildings available in the EPCs. The
tested alternatives included identifying by only the closest construction
year, finding the closest building considering all cluster parameters, or
by only picking the geographically closest archetype. The accuracy of
this method was then tested for different values of k nearest neighbours,
and the optimal value turned out to be k = 3.
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The final algorithm used in this study to identify the archetype build-
ings is described in Algorithm 1. The algorithm identifies the most prob-
able archetype for one GIS building object B, for the cases where B does
not have an EPC. The parameter cy denotes the building construction
year and pd is the location population density.

P = [EPCs.coord.x, EPCs.coord.y]

PQ = [centroid(B.coord).x, centroid(B.coord).y]
K =knnsearch(P, PQ, k=3)

NN =EPCs(K) Nearest neighbour buildings

if size(mode(NN.archetype)) = =1 then
| archetype =mode(NN.archetype)

else
if B.cy is not empty then
| archetype = knnsearch(NN.cy, B.cy, k=1)
else
| archetype = knnsearch(NN.pd, B.pd, k=1)
end
end

Algorithm 1: Algorithm to find the archetype of a building.

The identified archetypes are used to determine the construction of
the buildings. The use type and construction year of the corresponding
archetype building is used to determine the construction materials for
each simulated building, similar to how deterministic archetypes are
commonly used in UBEM studies.

For the construction materials of the archetypes, a more straightfor-
ward approach was adopted based on literature that comprehensively
describe the typical construction of residential buildings in Sweden.
These resources include the two reference books by Bjork et al. [60] and
Bjork et al. [61], which highlight that the construction characteristics
of Sweden’s building stock are closely linked to different construction
periods, and describes typical Swedish residential buildings from 1880
to 2020 in great detail. With this method, each use type and decade
is assigned a construction “group” (with buildings constructed before
1910 as the first construction group). This approach makes the simula-
tion framework adaptable to new building archetypes, for simulations
of any Swedish dataset, as the identified archetypes is an input to the
algorithm that assigns a construction group to the simulated building.

4.3. Heating and ventilation systems

Other simulation factors determined by the archetype building are
the HVAC system, infiltration, and occupancy.

The type of heating system is largely influential on the energy use
of the building, due to the inherent differences in system efficiency
[31,46]. The heating systems are categorised into four energy sources:
district heating, boilers (for bio and fossil fuels), electric heating, and
heat pumps. By analysing the EPCs, it is clear that a considerable amount
of buildings are using a great variety of energy sources for heating, of-
ten simultaneously. Each archetype is also characterised by a share of
heating system types, for an accurate representation of the energy use
from different sources in the simulated buildings. These shares are deter-
mined from the archetype building clusters and are shown in Table A.5.
As discussed in Dahlstrom et al. [46], the clustering algorithm is able to
divide the building stock into archetypes that are very distinct regarding
the heating system type.

Knowledge about the ventilation system is important for accurate
estimations of the building energy demand. A heat recovery ventilation
(HRV) system can recover about 60-95% of the heat in the exhaust
air, which significantly improves the building energy efficiency [62].
The HRV rate was set to 75% in the model. The probability that each
building has natural or exhaust ventilation, or if it has a HRV system, is
determined by the shares of each system per archetype. Although natu-
ral ventilation or HRV were not clustering parameters when identifying
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Table 1
Input values for each occupancy state.
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Occupancy state Appliances [W]

Lighting [W]

Hot water [1/h/person] Body heat [W]

Away 70 0 0 0

At home sleeping 70 0 0 80

At home awake 200 60 7.1 130
Table 2

the archetypes, the distribution of ventilation systems for the archetypes
are distinguished. Some archetypes has virtually no building with HRV,
whereas some has a major share of HRV in the buildings (see Table A.5).

The infiltration rates for the simulated buildings was calculated with
the following method. For a probabilistic approach, the infiltration rate
can be determined by random sampling from a log-normal distribution,
with a known mean and standard deviation (see Section 1.4). The prob-
ability density function for the log-normal distribution is:

N2
1 exp(_(ln(X) /4)> @

ox\/2x 202

p(x) =

where y is the mean and o is the standard deviation of the normally
distributed logarithm of the variable.

Numbers for the infiltration rate distributions of all buildings in the
model was based on the available literature. The base rate was set on
#=0.2 ACH and ¢ =0.3, where y is increased or decreased accordingly
to account for building type, age and height, and rural/urban conditions
(see Section 1.4).

4.4. Occupancy

A probabilistic approach for simulating building occupancy was im-
plemented, based on the approach for upscaling of Markov chain-based
occupancy models in Widén [63]. The so-called rescaled Markov chain
(RMC) method was used to simulate hourly 3-state aggregated occu-
pancy patterns for each building. The states were “Away”, “At home
sleeping”, and “At home awake”, corresponding to the activity states
1, 2 and 3-9, respectively, in Widén [63]. The model parameters were
estimated for weekdays and weekend days separately based on time-
use data (TUD), obtained from Statistics Sweden and described in more
detail in Widén [63].

The energy use and internal gains (metabolic heat gain and usable
heat gain from electricity use) for each state (home awake, home asleep,
and away) were assumed and then calibrated, so that the total occupant-
related energy use that results from the utilised occupancy modelling
algorithm produced results that were close to the 2024 guidelines of
typical values for Sweden; around 21 kWh/m? for both hot water and
household electricity [64]. The metabolic heat gain values per occupant
and state were assumed from the EnergyPlus reference values [65]. This
number represents the total heat gain per person, and an internal algo-
rithm in the software is used to determine what fraction of the total is
convective, radiant, and latent. The values used in the model is described
in Table 1.

The number of occupants per building is determined from the avail-
able indoor living area. According to Statistics Sweden [66], the mean
living area per person in Gotland is 47.5m? for SFH and 39.6 m? for
MFH. The number of occupants per building is the estimated living area
divided by this factor, rounded off to the closest integer, minimum one
occupant. The living area for each building is calculated from the build-
ing footprint and height, after the calibration against EPC data. For MFH,
common areas, such as hallways, stairwells, and maintenance rooms,
are not included in the living area. This “loss factor”, the ratio between
available and rentable space, is assumed to be around 80-90 %, so a
factor of 0.85 is used for the MFH net living area.

Assuming a constant illuminance of 150 lux in every room when any
occupant is home, and using the numbers for mean living area per per-
son we get around 5940-7125lumen. With the luminous efficacy of
modern LED lights, 6000 lumen corresponds to around 50-70 W [67]. In

Identified building archetypes for SFH and MFH.

Archetype Location Const. year Heated area [m?] EP [kWh/m?]
SFH

1 Rural 1948 166 146
2 Urban 1956 149 75
3 Rural 1970 125 117
4 Urban 1973 105 154
5 Rural 1800 108 175
6 Rural 1909 137 94
7 Rural 1982 165 72
8 Urban 1945 129 151
MFH

1 Urban 1981 1049 137
2 Rural 1982 179 121
3 Rural 1980 367 101
4 Urban 1755 202 161
5 Urban 1905 486 164
6 Urban 1971 883 129
7 Urban 1964 216 71

Sweden, the amount of sunlight hours vary significantly over the course
of the year, with dark winters and long summers days, creating drastic
seasonal variations for lighting use in buildings. To adjust for Swedish
conditions, with 60 W as a baseline, the lighting schedule is gradually
changing with the year, from 30 W in mid summer to 90 W in mid win-
ter. In real life scenarios, the household electricity use would also vary
slightly with the month of the year as different appliances are used in
different weather, among other variations. Furthermore, although there
is a clear consensus that household income and resident age has an ef-
fect on the household electricity use [4], there seems to be insufficient
research to define the correlation numerically.

5. Results and analysis
5.1. Identified archetype buildings

The clustering algorithm identified 8 archetypes for Gotland SFH,
and 7 archetypes for MFH, which can be seen in Table 2 with a limited
set of parameters. The main dividing factors that define each archetypes
are HVAC systems, construction year, population density (urban or ru-
ral), building volume, and ultimately energy performance. The full set
of parameters for each archetype can be seen in Table A.5. The number
of buildings in the case study data set that were identified to belong to
each archetype cluster can be seen in Table 4.

5.2. Simulation results

The residential building stock of Gotland was simulated twice, once
with each weather data file. The results from the simulation using the
2022 weather data is compared to the statistical energy use data from
2022, and the results from the simulation using normalised weather data
is compared to the EP values from the EPCs, since they are normal year
corrected. The simulation results were divided by the two main build-
ing use types - SFH and MFH - to better visualise the characteristics of
the results. The computation time for constructing the virtual building
models and to run the simulations was approximately 4.5 s per building,
or around 24h for the full data set.
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Fig. 4. Heat maps of the simulated energy use.

Table 3
Simulation results for energy use and occupancy, by heating system, end
use and building use type.

RBEM Statistics

Energy use [GWh] SFH MFH Total SFH MFH  Total
Total energy use 321.9 168.9 490.8 302.1 133.2 4353
District heating 184 1132 131.6 11.5 107.5 119.0
Space heating 156 96.0 111.6

Hot water 2.8 17.2  20.0

Fuels 104.8 6.0 1109 1224 0 122.4
Space heating 89.2 51 94.3

Hot water 156 0.9 16.6

Electricity 198.7 49.7 248.4 1682 257 193.9
Electric heating 945 19.0 1135

Heat pumps 351 22 37.3

Hot water 22.7 3.8 26.5

Household electricity 46.4 247 711

Number of occupants 41,499 22,236 63,735 41,797 19,376 61,173
Indoor heated area [1000m?] 1932 1035 2967 2013 938 2951

The simulation results for the 2022 weather data, by building use
type, heating system and end use, is presented in Table 3. Here it is as-
sumed that each building utilises the same energy source for hot water
heating as for space heating, and the household electricity is included
in the total electricity use. This enables comparison with the statistical
energy use data for 2022, which is also shown in Table 3. The statis-
tical value for MFH indoor heated area in the table comparison does
not include the basement area if there are no apartments in the base-
ment, even if it is heated. Therefore the calculated value also exclude
the basement area, for a fair comparison. The simulated total energy
use is presented as a heat map of the case study area in Fig. 4(a), with
a zoomed in view of the city of Visby in Fig. 4(b). The heat maps were
made using a kernel density function with a radius of 5km, weighted
for total energy use. Fig. 5(a) shows an hourly resolution of the simu-
lation results for the year 2022, visualised by building heating system,
and Fig. 5(b) shows an hourly resolution of the simulated total energy
use by energy source.

Comparing the calculated values for living area and amount of oc-
cupants with the statistical values we can see that the values match
well for SFH, with a 7 % absolute error in total energy use, a 4% error
for heated area, and less than 1% error for occupancy. The values for
MFH are however slightly overestimated; the total energy use is overesti-
mated by around 27 %, while the calculated heated area is 10 % higher
and the number of occupants is 15% higher. In general, the division
of energy use per energy source is similar to the statistical values, but
with a significantly higher share of electricity relative to the other en-
ergy sources. Electricity use is more related to the number of occupants
than other energy use, which could explain part of the overestimation.
Since number of occupants was assumed from the indoor heated area,
it can be viewed as a calibration parameter. If the total energy use val-
ues are adjusted to compensate for the overestimated indoor area and
number of occupants the total energy use is decreased to a value closer
to the statistical value, bringing the absolute error down to 10% for
MFH.

5.3. Comparisons of energy performance

One of the main goals of this study was to accurately capture the
heterogeneity of the residential building stock, in regards to energy per-
formance of the buildings. A straight-forward way of evaluating if the
model has been able to capture the EP diversity, is to compare these
graphs with the corresponding graphs for the EPCs. As the energy per-
formance values in the EPCs are normal year corrected, the simulation
was run for a normalised weather data set to be able to do a fair com-
parison. The resulting energy performance of the buildings in this sim-
ulation is shown in Fig. 6(a) and (b) along with the EPC values for MFH
and SFH respectively. As the slope of this curve is significant, it is clear
that the EP values of the EPC data set are well spread across a wide
spectrum.

Here we can see that the EP distribution follows the same shape of
the curve for both use types, indicating that the model indeed captures
the inherent diversity of EP in the building stock. The overestimation
of energy use in the simulation can be seen also in these graphs, in and
above the middle part of the distribution (corresponding to the below-
median-performing buildings) for both building types.
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Fig. 5. Simulated hourly energy use for Gotland.

Comparison between the energy performance (EP) of simulated buildings and the EP of the identified archetypes.

Archetype number

Number of buildings in simulation

Simulation mean EP [kWh/m?

EPC arch. EP [kWh/m?]

Difference [%]

SFH

1 3351 160.6 146 9.1

2 1043 57.8 75 -29.8
3 4373 165.5 117 29.3
4 1016 151.1 154 -1.9
5 358 171.6 175 -2

6 2860 79.4 94 -18.4
7 3812 61.1 72 -17.8
8 368 146.8 151 -2.9
Weighted mean difference 0.2
MFH

1 592 139.4 137 1.7

2 161 124.6 121 2.9

3 89 127.5 101 20.8
4 76 169.7 161 5.1

5 158 168.2 164 2.5

6 372 139.6 129 7.6

7 120 70 71 -1.4
Weighted mean difference 4.3

The mean EP values of these clusters can also be compared with the
EP of the identified archetypes, as shown in Table 4, and all cluster
EP values are shown as box plots in Fig. 7(a) and (b). To evaluate the
overall accuracy for representing the EP of the building stock as a whole,
the weighted arithmetic mean difference is used. The weighted mean is
defined as
5= 2711 Ww;Xx; ’ 3)

E,‘:l wi
where w; is the size of each cluster i and x is the difference between
the simulated results and the EPC value. If the simulated building
clusters in total represents the archetypes well, x should be zero, and
if x is positive the simulation generally overestimates the EP of all
archetypes.

In this comparison we can see that while the EP of some archetypes
differ by around 30 %, some have a low error and the resulting weighted
mean difference is very low, at 0.2 % for SFH and 4.3 % for MFH. This
can be compared to the EP weighted means of 4.9 % and 6.0 % for SFH
and —25.0 % and —13.5 % for MFH in the two case study areas simulated
in Johari et al.[31], in which the archetypes were developed using a
deterministic approach. These comparisons can be seen as guidelines for
identifying which archetypes that should be calibrated. For this study,
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the archetypes were not calibrated, as one of the purposes of the study
was to examine how the national open-access data will perform when
applied in the UBEM.

6. Discussion
6.1. Model accuracy

The model simulations demonstrated a high accuracy when compar-
ing the simulated energy use of 2022 to the statistical data, divided by
heating system. There is also a high agreement when comparing the EP
of the normal year simulation results to the EPC values, as seen in the
cumulative distribution curves of Fig. 6. Similarly, there is a high agree-
ment for both values and spread of the EP of the archetypes, compared
with the EPC archetype clusters, as seen in Fig. 7. This is especially in-
teresting since the archetypes were not calibrated in this simulation. It
is of importance to analyse the accuracy of the model prior to calibra-
tion as it accentuates the accuracy of the framework itself, and the use-
fulness of open data in particular. The construction and materials of the
archetypes can be calibrated to be more representative of the local build-
ing stock characteristics for any case study that utilises the developed
framework.
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Fig. 7. Energy performance of buildings in each archetype cluster.

A general pattern to be noted in this study, which is most appar-
ent in Fig. 7, is that the energy use for high-performing buildings (low
EP value) is underestimated while the energy use for low-performing
buildings (high EP value) is overestimated for both building types. The
comparison to statistical data also shows an overestimation for energy
use, heated area, and occupants for MFH. It is possible that the heated
area is overestimated because the calibration of GIS footprint and height
to EPC values did not fully capture the actual differentiating factor. The
difference is also likely to be an effect of the expansive tourism on the
island; no MFH are included as holiday homes, but a significant num-
ber of apartments are also rented out to tourists, effectively reducing the
listed number of inhabitants and living area in MFH on the island. If this
effect could be proven to be true by future research, assuming the GIS
data is correct, the higher energy use predicted by the simulation could
actually be more representative of the real energy use of the existing
residential building stock.

Undeniably, statistical data also comes with inherent uncertainties.
Worth noticing is that the statistical data does not list any energy use
for MFH with bio- or fossil fuel burners, while the EPC data does so,
resulting in the 6 GWh boiler energy use seen in the simulation results.
This indicates some inaccuracies in the reported statistical data. Adjust-
ing the heated area to the statistical value increases the accuracy of the

4 Estimations of data uncertainties was unfortunately not given for the utilised
data sets.
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results, but the simulated energy demand for MFH is still overestimated,
especially for the worst performing buildings. This is likely due to the
archetypes not being calibrated to represent the typical construction of
Gotland buildings. As an example, older MFH on Gotland are usually
constructed out of wood and stone [9], while the general Swedish con-
struction of those archetypes is brickwork.

The distribution of EP across the simulated building stock is well cap-
tured by the simulation, and the weighted mean of EP for the archetypes
is very low. On the other hand, the spread of EP among buildings in some
archetype clusters is still quite high (see Fig. 7). This indicates that the
different characteristics and identified patterns of the building stock do
not necessarily translate into a more homogeneous building energy use,
and it is still considerably difficult to group buildings in a way so that
the spread of the actual energy use in every archetype is low.

6.2. Building archetypes

A key part of the procedure is to find the correct archetype for all
buildings that do not have an EPC. Different methods for identifying the
archetype of all GIS buildings were tested to determine which method
correctly identified most EPC building archetypes. The applied algo-
rithm identifies the correct archetype for 94 % of the MFH, due to the
high EPC coverage. For test runs with the available EPC buildings, the
correct archetype is identified for only 48 % of all SFH in the GIS data
set (that does not have an EPC). This creates uncertainties for SFH, how-
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ever, the test run of the method was only applied to a small sample of the
entire building stock where, more importantly, similar buildings within
the same property are only represented by one building in the EPC data
set. With the applied method, the geographical clustering of different
archetypes is strong; as previously discussed, it is more likely than not
that buildings within the same neighbourhood or geographical area are
more homogeneous. Nonetheless, detailed assessment of the accuracy
of the applied method was not within the scope of this study and is left
for further research.

The building materials and construction were derived from sources
describing the Swedish residential building stock. A strength of this ap-
proach is that once the material IDF files have been compiled, they can
be used for any Sweden-based UBEM without any further alterations.
This would be true for any other nation or region, providing that similar
sources exist or can be developed. With this approach it also means that
local differences are not taken into account, but it enables for straight-
forward archetype calibration to increase representativeness of local
building stock characteristics.

6.3. Simulation

The computational time of the full simulation is favourable consid-
ering the model complexity, but will certainly depend on the computer
used. At 4.5 s per building it is around half that of Johari et al. [44],
the study that developed the simulation core upon which the model in
this study is built. The Boston model by Cerezo Davila et al. [17], us-
ing deterministic parameter modelling, run at approximately 2.6 s per
building, while not including “shoebox” thermal zoning calculations.

The EnergyPlus simulations for the building heating systems in this
study are ideal system calculations, using a simplified mathematical
model. It is possible to use EnergyPlus to create significantly more de-
tailed heating system simulations to mimic real-world conditions, how-
ever, the construction and thermal zone modelling of each building
would similarly require much more detail. The extra time and effort
required for such modelling is extensive, and would be a more relevant
approach for individual BEM, not large-scale UBEM.

The variety and amount of data that becomes available for every
building with the methodology of this study creates several other in-
teresting possibilities. In future research, buildings with certain charac-
teristics can be specifically targeted for scenarios analysing the impact
of energy efficiency measures. Examples include targeting low-income
areas of a city, or analysing historic and cultural heritage buildings or
any other building type where measure scenarios are required to be very
specific.

6.4. Limitations

It should be emphasised that the goal of the methodology presented
in this paper is to capture the heterogeneity of energy performance
and loads across the building stock as a whole, not to create pre-
cise, detailed models of individual buildings. Furthermore, since high-
resolution (building-specific) statistical or metered data was not used,
some parameters were still based on average or template values, such as
the number of occupants per building. This means that the model frame-
work is likely ill-suited for some applications that require higher accu-
racy and spatial resolution, or for assessing some specific patterns, like
differences in energy use per capita or the relationship between energy
use and population density. If detailed population data is obtained for
a study area it could increase the accuracy and usefulness of the model,
but at the cost of deferring from the goal of utilising only open-access
data.

Only full-time residential buildings were evaluated in this study,
leaving out non-residential buildings and holiday homes. The main rea-
son for this decision was the lack of EPC coverage of these building
categories, which renders the developed archetype identification ap-
proach impossible to use. Furthermore, division into end-use archetypes
(schools, healthcare buildings etc.) would entail many uncertainties as
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the number of buildings in each category is very limited in the case study
area. Future research into the topic could elaborate on the inclusion
of these building categories, which would involve developing similar
archetypes for these buildings using another approach. The model used
in this study could then incorporate these buildings, as the statistical
validation data is available for non-residential buildings as well.

The use of EPC data for archetype development, calibration and
model validation is highly beneficial for modelling practices, however,
the data coverage for SFH is still low and may be subject to sample bias.
It is probable that some building characteristics are more common in
the SFH not covered by EPCs, effectively skewing the data. This is a
probable reason for the higher share of electricity in the simulation re-
sults compared to the other energy sources. Future incentives for higher
EPC coverage, or the use of auxiliary input data such as energy surveys,
could potentially counteract this issue.

7. Conclusions

This study developed a regional bottom-up energy model for around
19,000 residential buildings on the island of Gotland, Sweden, using an
optimised approach to utilise available UBEM techniques. Open-access
national data sets, including EPC, cadastral, and statistical data, were
used to identify and characterise 15 building archetypes, which were
extrapolated to all buildings using a novel approach. Probabilistic ap-
proaches were used in the simulation of building infiltration and occu-
pancy, using an EnergyPlus-based simulation core based on previously
validated and published UBEM studies.

Model simulation results using uncalibrated archetypes show a high
correlation to normalised energy performance data from regional EPCs,
and capture the heterogeneity of energy performance in the building
stock. The results also show a high correlation to statistical annual en-
ergy use data, and the difference in total annual energy use for SFH was
3.3%, and with a weighted mean of only 0.2% for archetype energy
performance. The results were slightly overestimated for MFH, instead
showing a total difference of 27.6 % and with a weighted mean of 4.3 %,
likely due to misrepresentation of local building characteristics for a few
archetypes, or an overestimation of the heated area in the simulation.

The results of this study prove that UBEM techniques are useful even
on a regional scale; rural areas can be incorporated to create large-scale
regional models, increasing the usefulness of UBEM for regional plan-
ning or forecasting. The study results also highlight the usefulness of
open data sets and probabilistic approaches for archetype development
and simulation parameter modelling. The resulting model framework is
created to be easily transferable and adaptable to different geographical
areas, and the archetypes are possible to calibrate to local characteris-
tics, further increasing accuracy and representativeness. The compara-
tively low computational cost also enables the framework to be used for
truly large-scale simulations while maintaining high accuracy.
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Table A.5

Identified building archetypes for SFH and MFH, including relevant archetype parameters.

Share of

Building Share of Share of Share of Share of Share of Share of Share of Share of

height
[m]

Building
footprint

[m?]

Population
density

Age

Income

Heated Nrof EP

area
[m?]

Location Construction

Archetype Postal

basement

boilers  electric GSHP XAHP ASHP HRV natural

district

group

[kWh/m?]  [SEK/p]

floors

year

town

ventilation

heating

heating

[p/km]

SFH

0.31
0.43
0.13
0.18

0.60
0.63
0.45
0.29

0.05
0.07
0.14
0.06

0.05
0.75
0.06
0.00

0.00
0.07
0.00
0.00

0.00
0.07
0.00
0.00

0.10
0.06
0.85
0.03

0.85
0.05
0.09
0.01

0.00
0.00
0.00
0.96

6.94

113.98
98.73

308.79

5.50

90k

146
75

166
149

125
105

1948
1956
1970
1973

Tingstide Rural

6.13

2221.59
20.63

5.30
6.88
5.40

145k
135k
102k

Urban
Rural

Visby
Slite

3.22

151.94

117
154

3.88

132.32

1923.18

Urban

Klinte-

hamn
Klinte-

0.14

5.38 0.12 0.22 0.41 0.07 0.00 0.17 0.02 0.70

5.63 15.18 115.69

114k

175

1800

Rural

hamn
Visby

0.38
0.06
0.41

0.79
0.29
0.48

0.00
0.35
0.09

0.68
0.41
0.08

0.00
0.30
0.00

0.15
0.09
0.00

0.08
0.11
0.78

0.09
0.09
0.14

0.00
0.00
0.01

5.20

3.89

122.81

103k 5.73 58.20

122k
134k

1909
1982
1945

Rural

139.53
52.16

177.60

80
6.00

5.

Urban 165
Urban

Visby
Visby

3.43

1952.00

151

129

MFH

0.22
0.11
0.27
0.37
0.57
0.25
0.27

0.11
0.23
0.31
0.72
0.67
0.08
0.46

0.12
0.46
0.11
0.05
0.12
0.17
0.27

0.00
0.03
0.00
0.02
0.00
0.00
0.43

0.00
0.00
0.00
0.00
0.00
0.00
0.05

0.00
0.01
0.00
0.04
0.00
0.00
0.38

0.07
0.95
0.14
0.18
0.06
0.10
0.12

0.00
0.00
0.86
0.00
0.00
0.00
0.01

0.93
0.00
0.00
0.74
0.94
0.90
0.01

8.33

361.59

2718.60
668.80

6.89
5.00
5.30
6.00

6.

153k
121k
118k
205k
199k
178k
103k

137
121
101
161

2

1049
179
367
202
486

1981
1982
1980
1755
1905
1971
1964

Urban

Hemse
Havdhem Rural

3.02

251.51

4.35
3.12

413.01

808.00

Tingstdde Rural

128.65

1338.40
1825.60
1182.40
1385.60

Urban
Urban
Urban
Urban

Visby
Visby
Slite

5.60

243.00

00
60

164
129
71

7.64

547.87

5.

883

4.49

215.67

6.30

216

Visby
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