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A B S T R A C T

Sweden’s average temperature has increased by 1.9 ◦C since the late 19th century and is projected to rise by 
another 3–5 ◦C by the end of the century. As urbanisation amplifies heat stress, there is an urgent need to assess 
Surface Urban Heat Island (SUHI) risks, especially in high-latitude regions like Sweden, where such studies are 
limited. This study maps SUHI hazards, exposure, and vulnerability across Sweden to identify high-risk mu
nicipalities, focusing on residents in Single-Family Houses (SFHs). MODIS-derived land surface temperature 
(LST) data (2015–2022) were used to estimate SUHI intensity (hazard). Population density and building footprint 
data informed exposure, while vulnerability was measured using a Composite Vulnerability Index (CVI) based on 
social and physical indicators, including population demographics and building-related characteristics. All in
dicators and risk components were normalised, weighted using entropy and PCA, and integrated through geo
spatial analysis to produce a 1 km resolution national SUHI risk map, validated using heat-related mortality data. 
Results indicate that high-risk areas are concentrated in major cities. 12 high-risk municipalities contain 14 % of 
all SFHs built before 1975, and 18 medium-risk municipalities contain 8 %, together accounting for 22 % of the 
national pre-1975 SFH stock. Residents of these SFHs represent nearly half of those living in pre-1975 SFHs 
nationwide. These findings highlight the urgent need for climate-smart renovations with strategies like reflective 
roofing, increased greenery, and soft financing for urban adaptation planning in northern climates.

Introduction

Urban expansion and population growth have increased atmospheric 
CO2 levels from about 280 parts per million in pre-industrial times to 
around 410 parts per million today [1]. This rise has caused global 
temperatures to increase by 1.1 ◦C, with even higher warming over land. 
According to the IPCC Sixth Assessment Report, global temperatures 
could rise by 2.1 to 3.5 ◦C by the year 2100 if emissions are not reduced 
[1]. In more extreme scenarios, this warming could happen as early as 
2041 to 2060. At the same time, more people are moving into cities. 
Currently, 57 per cent of the world’s population lives in urban areas, and 
this is expected to grow to 68 per cent by 2050 [2]. The combined effect 
of climate change and rapid urban growth is expected to make the Urban 
Heat Island (UHI) problem worse. As a result, UHI has become an 
important issue that needs urgent attention.

UHI is a localised area within a city that is warmer than the sur
rounding rural areas [3,4]. UHIs are influenced by urban geometry, 

construction materials, and vegetation cover [5,6]. Factors such as 
building height, street width, built area ratio, and the size of open spaces 
affect how temperatures are distributed in cities [7].The high concen
tration of built structures with impervious surfaces, and lack of green
ery, suppresses the evaporative cooling and changes the urban energy 
balance by increased absorption and heat storage due to the inherent 
high thermal mass [8]. The UHI effect exacerbates anthropogenic heat 
emissions [9], varying with spatial and temporal distribution [10]. UHI 
causes various negative impacts like decreased thermal comfort and 
higher energy usage in buildings [11,12]. UHI is divided into two cat
egories: Atmospheric UHI and Surface Urban Heat Island (SUHI) [13]. 
When the air temperature on site is used to calculate the UHI, it is 
referred to as the atmospheric UHI. Atmospheric UHI, which includes 
the Canopy Layer Heat Island (CLHI) and Boundary Layer Heat Island 
(BLHI), is measured using in-situ instrumentation. These methods pro
vide high temporal resolution and can capture vertical temperature 
profiles, but they are cost-intensive, logistically complex, and generally 
limited to large metropolitan areas with adequate infrastructure. The 
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term SUHI is used when Land Surface Temperature (LST) data is 
considered. SUHI is strongly related to the heat-absorbing characteris
tics of surfaces and materials rather than atmospheric causes; its 
mechanisms are simpler than those of atmospheric UHI [14]. Atmo
spheric UHI measurements often lack the spatial coverage needed for 
fine-scale national climate adaptation planning. In contrast, SUHI is 
assessed using thermal remote sensing from satellites such as MODIS, 
Landsat, and Sentinel. These provide consistent and wide-area data at 
different spatial and temporal resolutions, allowing for multi-scale 
analysis of LST patterns [15]. Satellite-based LST data is now widely 
available, reliable, and commonly used in urban climate research.

The UHI effect is evident across the world, affecting built-up areas of 
all sizes, from small villages and towns to major cities where UHI in
tensity is most pronounced [16,17]. This widespread phenomenon in
fluences human settlements globally, from remote Arctic locales like 
Barrow, Alaska, to bustling metropolises like New York City [18]. 
Sweden is also not immune to heat-related extremes. Despite its high- 
latitude location and perceived low vulnerability, the country faced a 
record-breaking heatwave in the last decade (2018 and 2023), with 
elevated heat-related mortality [19]. This event highlights Sweden’s 
growing exposure to rising global temperatures, a trend expected to 
intensify in the coming decades.

Sweden is also not immune to heat-related extremes. Despite its high- 
latitude location and perceived low vulnerability, the country faced a 
record-breaking heatwave in the last decade (2018 and 2023), with 
elevated heat-related mortality [19]. This event highlights Sweden’s 
growing exposure to rising global temperatures, a trend expected to 
intensify in the coming decades. A key factor that has shaped Sweden’s 
contemporary urban landscape is the Million House Programme 
(1965–1975), a large initiative launched by the Swedish government to 
construct one million homes within a decade [20]. This ambitious pro
gram accelerated urbanisation by promoting internal migration from 
rural areas and supporting labour mobility through rapid housing 
expansion in urban and suburban regions [21]. As a result, a significant 
share of Sweden’s current housing stock originates from this period: 
approximately one third of all existing Single-family houses (SFHs) were 
built during the Million House program [21]. SFHs in Sweden account 
for 43 % of Sweden’s building stock and 40 % of residential energy 
consumption. Many of these homes are energy-inefficient, primarily 
house elderly residents, and require substantial renovations [22,23]. 
Given Sweden’s building stock with a low energy renovation rate and 
the vulnerability of SFHs and their residents, this research is crucial for 
identifying priority areas for renovation to enhance energy efficiency 

and climate resilience, particularly in addressing SUHI risk. This type of 
research will help stakeholders comply with Ordinance 2018:1428, is
sued by the Swedish government, which highlights the importance of 
studying climate vulnerability across all Swedish municipalities [24].

This study aims to assess, map, and analyse the SUHI risk and 
vulnerability of different municipalities in Sweden, to strengthen the 
building sector’s resilience. The main contributions of this work are (i) 
mapping SUHI intensity (hazard), exposure (of population and build
ings), and vulnerability of SFH and its residents, (ii) mapping SUHI risk 
areas by combining hazard, exposure and vulnerability and (iii) iden
tifying municipalities and cities in high-risk areas.

The novelty of this research lies in its national-scale SUHI risk 
mapping focused on SFHs in a high-latitude country, integrating open- 
source satellite remote sensing data with various physical and social 
vulnerability indicators.

State of the art of SUHI risk assessment and mapping

Bibliometric analysis was performed by searching relevant articles in 
the Scopus database. We searched for articles published between 2020 
and 2024 that have “surface urban heat island” in their title, abstract, or 
keywords, along with the terms “assessment,” “mapping,” or “analysis.” 
Only Journal articles in English were considered, resulting in 380 arti
cles. The VOS viewer tool was used to identify and classify the main 
topics within the literature [25]. Fig. 1 illustrates the key themes and 
interconnections in SUHI research, visualised through a VOS viewer 
network based on bibliometric analysis of abstracts and titles retrieved 
from Scopus. A total of 276 terms with a minimum occurrence of 15 
were analysed using a binary counting method. To ensure relevance, the 
top 60 % of the most pertinent terms were selected for inclusion in the 
visualisation. The network visualisation of SUHI research reveals three 
distinct thematic clusters. Within the network, term connections, shown 
by lines, show that terms frequently appear together in documents. 
Inter-cluster connections indicate multidisciplinary linkages, but dense 
connections within clusters emphasise themes that are closely related. 
Strongly linked nodes, such as “surface urban heat island,” “study,” 
“data,” and “land surface temperature”, serve as central terms linking 
multiple sub-themes. The three clusters from the bibliometric analysis 
are interpreted and described below:

Study the effects of SUHI and suggest mitigation strategies and policies

In response to environmental changes and the rise of SUHI intensity, 
a growing body of literature emphasises the importance of mitigation 
strategies aimed at enhancing urban thermal comfort and reducing SUHI 
intensity (as shown in cluster 1). Various strategies have been proposed 
to mitigate SUHI, including urban shading [26]and increasing green 
cover [27–29]. These include upgrading buildings with improved insu
lation, passive cooling measures (e.g., solar shading, reflective roofs, 
and natural ventilation), and renewable-integrated HVAC systems [30]. 
Nature-based solutions such as green roofs, green walls, and expanded 
urban vegetation cover play a central role in these strategies [14,31–34]. 
The role of vegetation in ameliorating the microclimate through 
evapotranspiration, shading, and cooling has been highlighted by 
various studies [35–37], indicating the critical need for green infra
structure in urban planning. These findings underscore the urgent need 
to prioritise strategies such as urban forests, green roofs, and sustainable 
land-use planning to enhance the urban microclimate and mitigate UHI 
effects.

Changes in environment and climate variables and their influence on or 
correlation with SUHI

Cluster 2 of the bibliometric analysis focuses on the relationship 
between environmental and climate variables and SUHI intensity. Key 
themes include changes in Land Use and Land Cover (LULC) variables 

Nomenclature

List of abbreviations
CC Climate Change
GIS Geographical information system
LST Land surface temperature
MODIS Moderate Resolution Imaging Spectroradiometer
RCP Representative Concentration Pathway
RS Remote sensing
SCB Statistics Sweden (Statistiska centralbyrån or SCB)
SE Sweden
SFH Single Family Houses
SSP Socioeconomic Pathways
SUHI Surface Urban Heat Island
UHI Urban Heat Island
UN United nation
USGS The United States Geological Survey
AR Assessment report
CCRM Climate Change Risk Management
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such as NDVI, NDBI, vegetation, urbanisation, and water bodies 
[38–40]. These studies show that urban expansion and LULC changes 
significantly influence land surface characteristics, which regulate SUHI 
formation through altered energy balance and heat fluxes [14,41,42]. 
Urban features like low-albedo materials, dense geometry, and anthro
pogenic heat further exacerbate SUHI intensity [5,6], while meteoro
logical elements such as solar radiation, humidity, wind speed, and 
proximity to water bodies also play key roles [43–47]. The literature 
also reveals strong associations between SUHI and factors like city size, 
built-up area, and population density [28,48–51], though findings vary 
by context [52]. Urban morphology, particularly 2D characteristics and 

the height-to-width (H/W) ratio of buildings, is shown to influence LST 
[53–57], while the complexity of urban form, including fractality and 
anisometry, affects UHI patterns [58]. The sky view factor, building 
height, typology, and materials significantly impact microclimates 
[59–62].Machine learning is increasingly used to capture complex, 
nonlinear relationships among these variables and improve SUHI pre
diction accuracy [63]. Additionally, studies have explored how climate 
change interacts with SUHI, with findings showing that rising temper
atures, reduced wind speed and cloud cover, and increased anthropo
genic heat elevate SUHI impacts and urban cooling demands [64–69].

Fig. 1. Bibliometric network visualisation of SUHI-related research topics. (a) the network structure derived from term co-occurrence analysis using VOSviewer, (b) 
thematic clusters’ summary.
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SUHI intensity mapping

Cluster 3 includes studies that map SUHI intensity using satellite- 
derived Land Surface Temperature (LST) data from sources like 
MODIS, Landsat, and Sentinel. These studies focus on city-scale to 
national-level analyses, supporting urban policy and risk assessment. 
The integration of Earth observation data with socio-economic and 
urban structural datasets enhances the precision and applicability of 
SUHI mapping. These tools are shown to aid climate adaptation and 
urban planning by offering data-driven insights for developing heat- 
resilient cities. Notably, their limited application in Nordic countries 
points to a key area for future research. Table 1 summarises key studies 
addressing UHI intensity (hazard) at broader spatial scales, reinforcing 
the relevance of large-scale analyses in supporting urban climate 
adaptation efforts.

According to the above literature, it is observed that UHI is mostly 
affected by the change in climate attributes (mainly LST), LULC (like 
forest area, vegetation, water bodies), and urbanisation (such as build
ing density, and infrastructure development). Most previous studies 
used Geographical Information System (GIS) and Remote Sensing (RS) 
tools to assess and map UHI hazards, vulnerability, and risk, primarily at 
the city level and in high-temperate regions. These studies also high
lighted the role of data-driven methods such as big data and machine 
learning, as well as the integration of various data sources, such as socio- 
economic records with remote sensing and meteorological data, 
enabling large-scale, dynamic assessments and multifactorial analyses of 
SUHI and formulating climate adaptation strategies. Although the stated 
studies provide useful information, there is still a need for assessing and 
mapping the SUHI risk for multi-cities at the country level, specifically 
in high-latitude regions like Sweden, to guide authorities in establishing 
national adaptation and mitigation policies for UHI risk and provide 
useful information to all householders. Additionally, identifying mu
nicipalities in high-risk areas is crucial for assisting policymakers and 
homeowners in making informed decisions regarding mitigation and 
adaptation to counteract the adverse effects of SUHI. Furthermore, 
developing a comprehensive assessment method based on open-source 
data and tools, which is easily replicable, can help in advancing 
Climate Change Risk Management (CCRM) globally. Thus, more 
comprehensive studies are crucial to overcome the shortcomings in the 
literature and provide more tailored mitigation strategies which could 
get high acceptance from all stakeholders at the case study location.

This study leverages these advanced spatial datasets and analytical 
techniques to provide detailed insights into SUHI patterns, which are 
essential for effective urban CCRM. Given the limited application of such 
comprehensive approaches in Nordic contexts, this research fills an 
important gap by adapting and applying these methodologies to a region 
(mainly Sweden) where urban heat challenges are emerging but less 
studied, thereby contributing valuable knowledge for local climate 
adaptation and resilient urban planning.

Methods and data

The conceptual framework for assessing SUHI risk in Sweden is 
presented in Fig. 2. This framework is adapted from the standard risk 
assessment frameworks provided in the IPCC assessment report AR5 
[82]. The developed framework is an interplay among exposure, 
climate-related hazards, and vulnerability. Hazards are potential 
unfavourable occurrences that might affect life, livelihood, infrastruc
ture, the supply of services, and environmental resources. In this study, 
the term “hazard” refers to the increased intensity of the SUHI. “Expo
sure” is defined as the existence of components in locations that may be 
negatively impacted by occurrences and are therefore prone to possible 
harm, loss, or damage; the exposure is the human population and houses 
in this study. “Vulnerability” denotes the circumstances influenced by 
physical, social, economic, and environmental elements or processes 
that elevate the sensitivity of individuals, communities, assets, or 

Table 1 
SUHI studies at the multicity level and the national level.

Country Data source Findings SUHI Values

Brazil [70] Terra Nighttime UHI is 
influenced by urban 
density and building 
materials, and daytime 
by urban form and 
vegetation.

São Paulo and Rio de 
Janeiro showed daily 
UHI values above 1.5 
◦C, and nighttime 
UHI above 2.5 ◦C

Canada [71] Aqua City size, elevation, 
and surrounding land 
cover shape SUHI 
characteristics

SUHI magnitude 
range (− 3 to 6.1 K)

China [72] – Reducing the building 
density and height 
mitigates UHI. UHI 
effect varies under 
different regional 
climatic conditions.

An average annual 
UHI of 1–2.3 ◦C

China [10] Aqua, 
Landsat TM/ 
ETM, DMSP/ 
OLS

SUHII varies by 
region, time, and 
season, higher in 
summer days, and 
winter nights are 
influenced by 
vegetation, heat 
releases and climate.

The annual mean 
SUHI varied 
markedly from 0.01 
to 1.87 ◦C in the day 
and 0.35 to 1.95 ◦C at 
night, with a great 
deal of spatial 
heterogeneity

China [73] Terra, Aqua, 
NOAA-11, 
DMSP/OLS

Climate, land use, 
topography, and 
vegetation coverage 
affect SUHI in cities. 
Positive correlation 
with GDP, population, 
electricity bills, and 
built-up area

Highest mean SUHI 
of 4.3 K

European 
Cities [74]

Terra Urban density is a key 
factor in SUHI spatial 
variability; higher 
LSTs occur in denser 
city areas. LST varies 
by location.

Urban and industrial 
areas have 
significantly higher 
LSTs (4–6 ◦C) than 
green urban areas 
and agricultural 
areas within cities.

European 
cities [75]

​ UHI intensifies during 
heatwaves in most 
European cities.

Mean SUHI 
− 3.8–3.8◦C

India [76] Terra, Aqua, 
DMSP/OLS

Impacted by 
anthropogenic 
activities.

Intense SUHII in 
tropical day (Chennai 
and Kolkata (1.21 ◦C 
and 1.33 ◦C)) and 
arid/temperate night 
(Delhi and 
Ahmedabad (2.25 ◦C 
and 2.23 ◦C))

Italy [77] Terra Impervious surface 
and tree cover 
influence SUHI. 
Coastal cities have less 
intense SUHI

Max 8.4 LST 
difference

Romania [78] Terra, Aqua UHI is influenced by 
population, area size, 
climate type and LULC

Nighttime SUHII is 
around 0.9 ◦C in 
summer months, 
daytime SUHII varies 
from 1.9 ◦C-2.5 ◦C

Fennoscandia 
[79]

Terra Intense SUHI in 
coastal cities of the 
Atlantic region. Cities 
with warmer rural 
backgrounds have 
lower SUHI intensity, 
and colder rural 
climates have higher 
SUHI intensity 
(3–5 ◦C).

Mean SUHI range 0- 
5◦C

USA [80] Terra, Aqua, 
DMSP/OLS

Annual Temperature 
Cycle (ATC) in urban/ 
rural areas influenced 

Max mean SUHI 
value of 4.8 K

(continued on next page)
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systems to the effects of hazards; in this study the low energy perfor
mance and aged Single-family houses and their vulnerable residences 
that are likely to be affected by SUHI intensity (hazard) are considered.

As illustrated in the conceptual framework, the SUHI intensity map is 
assessed based on Land Surface Temperature (LST) from MODIS data. 
After that, exposure is evaluated by merging building and population 
density maps produced based on Open Street Maps (OSM) data and 
geodata from SCB for Swedish localities. Vulnerability is assessed by 
analysing the sensitivity and adaptive capability of Single-Family Homes 
(SFH) and their inhabitants, through the development of a Composite 
Vulnerability Index (CVI) that combines a Population Social Vulnera
bility Index (PSVI) and a Buildings Physical Vulnerability Index (BPVI).

Integration of these maps assists in the identification of high-risk 
areas and identifies vulnerable elements in municipalities and cities at 
high risk, enabling effective adaptation and mitigation planning and 
reducing SUHI effects in Sweden. This study will guide policymakers 
and stakeholders in implementing targeted interventions and emergency 
response preparation to reduce vulnerability and increase the resilience 
of buildings and people located in risky areas, as well as transfer 
knowledge and lessons learned for other countries.

Location description

Sweden lies between latitudes 55◦ N and 69◦ N and longitudes 11◦ E 
and 23◦ E. Its overall surface area is 528,447 km2, with a land area of 
408,150 km2 [19]. As per the Köppen-Geiger climate classes, the climate 
of Sweden is classified into three climate zones: climate zone 1: cold 
humid cold summers (Dfc), climate zone 2: cold humid warm summers 
(Dfb) and climate zone 3: temperate humid warm summers (Cfb) [84]. 
Fig. 3 shows the map of Sweden, containing its counties (21 counties) 
and municipalities (290 municipalities).

Satellite data

Satellite plays a significant role in providing remote sensing imagery 
data that is commonly used today, although ground-based and aircraft 
platforms are also used. The unique characteristics of the satellite make 
it particularly useful for remote sensing of land surfaces. In this study, 
high-resolution Land Surface Temperature (LST) data for Sweden were 
derived from the MODIS Terra satellite (MOD11A2, Collection 6.1). The 
dataset provides 1 km resolution, 8-day composite LST. Daytime LST 
data were collected over five 8-day periods each year from 26 June to 5 
August, covering the years 2015–2022. This period is chosen because it 
is the hottest period in the summer season for most regions in Sweden, 
according to SMHI [85], it is a favourable period for collecting LST data 
with minimal cloud coverage and extensive surface data coverage. The 
time series data with average LST temperature was used in this study. 
The data obtained on LST were pre-processed using QGIS and Python 
programming. Preprocessing, like data engineering, classification, and 
raster calculations, was done to obtain the final LST map.

Population and building data

Statistical data for population and the number and age of residential 
and single-family houses (SFH) in each of the 290 municipalities were 
collected from Statistics Sweden (SCB) database [19]. According to the 
population data of 2022 from SCB [19], Sweden has a population of 
about 10 million, out of which 20 % are over 65 years. This group of 
elderly people are considered a vulnerable group to SUHI and heat- 
related risks [82]. The building stock data, including the year of con
struction and the number of residential buildings taken from [19] is 
shown in the Table 2. There are 4.8 million residential dwellings, out of 
which 2.1 million are SFH, including one or two dwellings. About 80 % 
of the SFH stock (i.e. 1.58 million SFH houses) was built before 1980, 
which makes this sector responsible for a high portion of energy con
sumption and greenhouse gas emissions [19]. Building typologies and 
information on common SFH were extracted from the TABULA database 
[86]; U-values for the walls, roof, windows, doors, and floors were 
among the data acquired on building energy performance that led to the 
identification of five different typologies for SHF. The shape files for the 
building’s footprint distribution across Sweden, and population distri
bution by localities of Sweden are obtained from the OpenStreetMap 
(OSM) database [87].

Assessing and mapping risk components

Assessing and mapping of SUHI Intensity (hazard)
Mapping SUHI intensity involves several steps to understand the 

intensity and spatial distribution of elevated temperatures in urban 
areas. Initially, LST imagery was collected and pre-processed to ensure 
consistency and compatibility. The pre-processing of data includes 
georeferencing, reprojection, clipping to the Swedish area, and defining 
no data values of LST imagery to be masked and excluded from calcu
lations. Then, deriving LST values in degrees Celsius by applying a 
correction (scaling) factor and converting from Kelvin as given by Eq. 
(1) [88]. 

LST( ◦C) = LSTMODIS(
◦K) × α − 273.15 (1) 

where α is the correction (scaling) factor, α = 0.02. This correction factor 
is needed to account for anomalies in data due to technological problems 
and cloud contamination [88].

The next step is to obtain the map of LST for urban and rural areas. 
For that, land use and land cover imagery data (CORIN) from the 
Copernicus database are used, in which rural and urban classes are 
extracted. Hence, the intersection is applied between the LST map and 
the obtained urban and rural shapefiles to get LST maps for urban and 
rural. Urban pixels were defined using the city boundary polygon, while 
rural pixels were identified as non-urban areas within a 5-kilometre 
buffer surrounding the city. The final step is extracting the LST map 
for rural and urban areas for the 290 municipalities to get accurate SUHI 
values. For each municipality, the mean value of LST for rural areas is 
evaluated. Finally, SUHI intensity is calculated for each grid cell of the 
urban area by substituting the mean LST of rural areas from the Urban 
LST for each municipality, as illustrated in Eq. 2 [79]. 

SUHIMunicipality(
◦C)= LSTUrban(

◦C) − LSTMean Rural(
◦C)for290municipalities

(2) 

Finally, all the resulting 290 SUHI maps are merged to obtain the 
SUHI for the whole territory of Sweden.

Assessing and mapping exposure
Separate maps for building footprint distribution and population 

distribution by localities across Sweden were created using QGIS. The 
shape files for building footprint distribution across Sweden were ob
tained from Open OpenStreetMap (OSM) database [87], and population 
distribution by localities of Sweden is obtained from the SCB database 

Table 1 (continued )

Country Data source Findings SUHI Values

by urban land cover/ 
urbanisation.

USA[81] AQUA, 
LANDSAT/ 
ETM +
IKONOS

Ecological context 
influences summer 
daytime UHI. The 
largest UHI amplitude 
was observed in 
temperate broadleaf 
and mixed forest 
biomes. UHI 
amplitude increases 
with city size and is 
seasonally 
asymmetric.

The largest 
summertime daytime 
UHI amplitude is 
8 ◦C. Average UHI 
amplitude: 4.3 ◦C in 
summer and 1.3 ◦C in 
winter.
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[19]. The exposure map was created by weighted summing of the two 
maps as shown in Eq. (3). Only buildings and population maps were used 
to measure exposure because they are the study’s target elements. 

Exposure = (W1 × Buildingdistribution)+ (W2 × Populationdistribution) (3) 

Assessing and mapping vulnerability
Following the risk assessment framework in IPCC’s AR5 [82], a 

Composite Vulnerability Index (CVI) was developed and evaluated for 
2,017 cities across the 290 municipalities of Sweden. The CVI is assessed 
by combining two components: the Population Social Vulnerability 
Index (PSVI) and the Building Physical Vulnerability Index (BPVI), both 

Fig. 2. Framework for assessing and mapping UHI risk in the SFH sector (developed by authors and
adapted from the risk frameworks from IPCC AR5 [82,83]).
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of which are calculated using a set of sensitivity and adaptive capacity 
indicators. The PSVI was calculated using 13 indicators, while the BPVI 
was based on 3 indicators, making a total of 16 indicators. These in
dicators are categorised by domain and dimension as detailed in the 
Table 3.

Data for most of these indicators are obtained from SCB statistics, 
except global dwelling energy performance is evaluated using the 
number of buildings and their global U-value as given in Eq. (4). The 
number of SFH collected from SCB is categorised into five classes ac
cording to the buildings’ typologies in the TABULA database [86] as 
shown in the Table 3. For each category, the building’s U-value and area 
are defined for the building envelope, including roof, walls and win
dows. The building’s U value of each class was evaluated by the area- 
weighted average of each building envelope component’s U value as. 
Although the SUHI effect on the energy performance of residential 
buildings is demonstrated in some studies, like [89], the incorporation 
of this indicator in evaluating community vulnerability to heat risks is 
rarely discussed (Table 4). 

Ubuilding =
(Uwall × Awall)+(Uroof × Aroof ) + (Uwindow × Awindow)

Awall + Aroof + Awindow
(4) 

It is accepted that the higher the overall U value for the building, the 
more it is vulnerable to SUHI intensity. Therefore, according to the 
calculated U values, the buildings constructed before the 1960s are to be 
more vulnerable to SUHI intensity than those built between 1960 and 
1975 and so on. The SFH global energy performance for each munici
pality is calculated based on Eq. (5). 

SFHGlobalenergyperformance =
∑5

i=1

(
Ub,i × bmunicipality

)
(5) 

where, bmunicipality is the number of buildings in each building class, Ub,i is 
the U value of each building class.

The BPVI at each municipality is calculated using Eq. 6. 

BPVImunicipality =
∑3

i=1
(BPVi × Wi) for each municipality (6) 

where i is the number of building physical vulnerability indicators, BPV 
is the Building Physical Vulnerability, and W is the allocated weight for 
each indicator.

Similarly, the PSVI at each municipality is calculated using Eq. 7. 

PSVImunicipality =
∑13

j=1

(
PSVj × Wj

)
for each municipality (7) 

where j is the number of population social vulnerability indicators, 
PSV is the Population Social Vulnerability, and W is the allocated weight 
for each indicator.

Thus, the CVI at each municipality is calculated using Eq. (8). 

CVImunicipality =
(
BPVImunicipality × W1

)
+
(
PSVImunicipality × W2

)
(8) 

Assessing the weights of indicators
In the literature, the equal weighing method, entropy method, 

Principal Component Analysis (PCA) method, analytical hierarchical 
process, expert weighing methods, slope-weighted method, and factor 
weighing method are different weighing methods used to allocate 

Fig. 3. The map of Sweden includes the boundaries of (a) 21 counties and 290 municipalities, and (b) Köppen climate zones [84].

Table 2 
Proportion of the building stock in Sweden.

Year Residential Non-Residential

SFH Multi-dwelling buildings Other buildings

− 1930 417,909 214,082 16,831
1931–1940 140,763 158,105 5332
1941–1950 137,673 245,918 4607
1951–1960 164,890 399,711 8627
1961–1970 290,434 583,569 11,014
1971–1980 427,257 299,618 6942
1981–1990 216,088 196,463 6299
1991–2000 99,596 127,645 3788
2001–2010 115,262 114,150 4481
2011–2020 89,926 264,906 4936
2021–2022 16,238 65,893 373
data missing 9233 5209 6385
Total SFH 2,125,269 2,675,269 79,615
Before 1980 s 1,578,926 1,901,003 53,353
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weight for indicators. The contrasting findings regarding the effective
ness of weighing methods illustrate the importance of the context- 
specific approach [90]. In this work, two data-driven methods (PCA 
and entropy weighting methods) were investigated for calculating the 
weights of indicators. But after comparison, only one of them is selected 
for developing the maps of risk components.

It is noted that all indicators were normalised using Min-Max and Z- 
score normalisation methods, as shown in Eq. (9) and Eq. (10) respec
tively. Min-Max normalisation was applied before the entropy weighting 
method, while Z-score normalisation was used before applying the PCA 
weighting method. 

X =
x − xmin

xmax − xmin
(9) 

X =
x − μ
SD

(10) 

where X is the normalised value for the given feature, x is the original 
value of the feature, xmin and xmax are the maximum and minimum 
values of the dataset. SD is the standard deviation, and μ is the mean of 
the given dataset.

Table 3 
Vulnerability Indicators.

Indicator 
code

Indicator Domain Dimension Rationale Index Effect on 
Vulnerability

Population Social Vulnerability (PSV)
PSV_1 No. of adults over 65 years 

of age
Age Sensitivity- Dwellers Older adults are more vulnerable to the effects of 

urban heat
PSVI +

PSV_2 Number of Children under 
5 years of age

Age Physiologically, the young have a greater 
susceptibility to the effects of UHI.

PSVI +

PSV_3 Number of Women Gender Physiologically, women have a greater susceptibility 
to the effects of extreme heat.

PSVI +

PSV_4 Percentage of People with a 
disability

Health Physiologically, those with a disability have a 
greater susceptibility to the effects of extreme heat.

PSVI +

PSV_5 Percentage of People with a 
primary school level

Education/ 
Information Access/ 
Use

Adaptive Capacity – 
Ability to Prepare/ 
Respond 

People with no formal education may find it difficult 
to interpret and/or act on information received

PSVI +

PSV_6 Number of Households with 
one person

Social Network Those living alone likely lack a support network that 
can assist them during a heatwave event

PSVI +

PSV_7 Number of one-parent 
households with at least 
one child

Income One-parent households are more likely to have less 
disposable income compared to other households

PSVI +

PSV_8 Percentage of Unemployed 
persons of 20–64 years

Unemployed persons are more likely to have lower 
incomes, and have limited ability to make physical 
adjustments to their property to adapt to extreme 
heat

PSVI +

PSV_9 Percentage of low-skilled 
(primary school) employed 
persons

People in low-skilled employment are likely to have 
less income, reducing their ability to adapt before, 
during, or after an event.

PSVI +

PSV_10 Number of Households 
renting

Tenure Renters are more likely to have lower incomes, plus 
have limited ability to make physical adjustments to 
their property to adapt to UHI.

PSVI +

PSV_11 Number of Households with 
Private Ownership

Ownership Privately owned householders are more likely to 
have larger incomes plus have a strong ability to 
make physical adjustments to their property to adapt 
to UHI.

PSVI −

PSV_12 Number of persons with 
privately owned cars (per 
1000 inhabitants)

Mobility No personal access to a vehicle may increase 
exposure to the UHI event

PSVI −

PSV_13 Number of foreign citizens Local knowledge Foreign nationals are likely to have less local 
knowledge and be less aware of hazards

PSVI +

Building Physical Vulnerability (BPV)
BPV_1 Global dwelling (SFH) 

energy performance (walls, 
roofs and windows)

Housing 
Characteristics/ 
Performance

Sensitivity- 
Dwellings

Low-performance buildings increase the cost of 
response to extreme heat events

BPVI +

BPV_2 Area of Impervious surface 
of dwellings (SFH roofs)

Housing 
Characteristics/ 
reflectance

Increased areas of impervious surface and non- 
vegetated areas enhance the impacts of UHI

BPVI +

BPV_3 Number of dwelling (SFH) 
built before 1975)

Housing 
Characteristics/Age

Households built prior to 1975 or 1945 may be of 
poor quality and may not offer as much protection to 
residents when compared to modern housing

BPVI +

Table 4 
Characteristics of building typologies [86].

Parameter U-Value (W/m2. ◦C) building class Area (m2)

Class1 
(1920–1960)

Class2 (1961–1975) Class3 
(1976–1985)

Class4 
(1986–1995)

Class5 
(1996–2005)

Roof 0.29 0.21 0.15 0.12 0.12 125
External wall 0.6 0.31 0.21 0.17 0.2 100
Window 2.34 2.3 2.01 2.0 1.87 22
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Assessing and mapping SUHI risk

To identify areas where the SFH sector is at high or medium risk from 
SUHI effects, the resulting maps of SUHI intensity (hazard), exposure, 
and vulnerability were combined using various weighting methods. This 
process was carried out using Python and QGIS, based on Eq. (11). 

SUHIrisk = (SUHI intensity × W1)+ (Exposure × W2)+ (Vulnerability

× W3)

(11) 

where W1, W2 and W3 are the weights assigned to risk components. It is 
noted that all three components of risk are normalised through minmax 
normalisation before performing raster calculation to get the final risk 
map.

Assessing the weights of risk components and sensitivity analysis

In this study, a comparative analysis was conducted to assess the 
influence of different weighting methods on the final SUHI risk assess
ment. Five approaches were tested, including entropy-based data-driven 
weighting, equal weighting, and three methods that prioritised hazard, 
exposure, and vulnerability components individually. PCA-based 
weighting was excluded from the final comparison due to abnormal Z- 
score distributions in the hazard maps, which led to inconsistent or non- 
interpretable results. Each method produced a distinct risk map, and 
their performance was evaluated using heat-related mortality data as a 
proxy for validation. The most suitable weighting method was selected 
based on its ability to accurately identify a greater number of counties 
with recorded deaths within high-risk zones, while also correctly clas
sifying counties without recorded deaths as low-risk areas. Fig. 4 illus
trates the validation process used to select the most appropriate 
weighting method for SUHI risk mapping.

Identification of municipalities and cities at risk to SUHI

The primary goal of most climate risk assessment and mapping 
studies is to identify elements at risk, assess potential impacts or losses, 
support the development of adaptation and mitigation strategies and 
provide actionable information to stakeholders. In this study, the aim is 
to offer useful insights to stakeholders, mainly municipal policy makers, 
to support planning efforts that enhance the resilience of Sweden’s 
building sector and vulnerable population to heat-related stress, with a 
focus on the SUHI effect. After selecting the most appropriate weighting 
method for combining risk components and identifying high-risk areas, 
the study proceeds to identify and analyse the municipalities and cities 
located within these zones. This step is essential for informing decision 
makers about the areas mostly at risk. It also provides a foundation for 
recommending targeted strategies to improve the resilience of the 
single-family housing (SFH) sector and reduce SUHI intensity, contrib
uting to both environmental and socio-economic benefits. Municipal
ities where SFHs are at high risk from SUHI were identified using the 
“Select by Location” tool in QGIS, by intersecting the high-risk zone 
vector map with the cities vector map. The resulting list of municipal
ities was then exported as a CSV file for further analysis in Excel.

Results and discussions

After compiling all necessary datasets and conducting data analysis 
and spatial computation, the maps for indicators are developed. In 
addition, the weights for indicators and risk components are also eval
uated and used for developing maps for risk components and the final 
SUHI risk map.

Resulting weights for indicators and risk components

Weights for PSVI and BPVI related indicators
The obtained weights for PSVI and BPVI related indicators through 

PCA and entropy methods are given in the Table 5.

Fig. 4. Validation process for selecting the appropriate weighting method.
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Weights for composed vulnerability index indicators
As discussed in Section 3, the weights for the exposure indicators 

were calculated using both PCA and the entropy weighting method. 
These weights were used to generate the exposure map, as shown in the 
Table 6. Similarly, the Composite Vulnerability Index (CVI) was devel
oped by combining the Building Physical Vulnerability Index (BPVI) and 
the Population Social Vulnerability Index (PSVI) using a weighted sum 
approach. The weights for BPVI and PSVI were also derived using PCA 
and entropy methods to ensure a data-driven and systematic assessment 
of vulnerability. The complete set of weights used for both exposure and 
vulnerability components is presented in the Table 6.

The exposure and vulnerability maps were created using entropy- 
based weights, as this method offers a more balanced way of assigning 
importance to indicators compared to PCA. We chose entropy weighting 
because our dataset included indicators with skewed distributions and 
outliers. For example, some Z-scores ranged from − 2 to 30, and popu
lation data had extreme values for large cities like Stockholm. PCA is 
sensitive to such outliers and assumes normal data distribution, which 
can lead to unreliable results. In contrast, the entropy method does not 
require normality and works well with skewed or bounded data [91].

Weights for risk components
After getting the weights of all indicators using both PCA and en

tropy methods, the maps for the three components of risk (hazard, 

exposure and vulnerability) were developed. In this study, the maps of 
risk components were created using the resulting weights from the en
tropy weighting method, as they provided a more balanced and con
textually appropriate representation. The final SUHI risk map was then 
generated by applying a weighted sum of the three component maps.

To evaluate the influence of different weighting schemes, a sensi
tivity analysis was conducted using several alternative methods. The 
resulting weights for hazard, exposure, and vulnerability from each 
method are summarised in the Table 7. Based on these methods, five 
distinct SUHI risk maps were produced and are presented in the 
following sections.

Mapping hazard

In this study, SUHI intensity is used to represent the hazard 
component. The final SUHI intensity map was developed primarily using 
pre-processed Land Surface Temperature (LST) satellite imagery, com
plemented by Land Use and Land Cover (LULC) data for Sweden.

Mapping Land Surface Temperature (LST)
LST satellite imagery maps for the years 2015–2022 for Sweden are 

shown in Fig. 5 (a) to (h), along with the resulting average LST map 
(average of the years 2015 to 2022), presented in Fig. 5 (i). These maps 
visualise surface temperature distributions across the country, with 
warmer areas shown in darker orange/red and cooler areas in yellow. 
The data reveal consistent spatial patterns, where the southern and 
central parts of Sweden experience higher surface temperatures, likely 
due to urbanisation and land use intensity (especially the bigger cities 
like Göteborg and Stockholm), while northern regions remain cooler. 
Annual variations are noticeable, reflecting inter-annual climate fluc
tuations. The average LST map (Fig. 5 (i)) smooths out short-term 
variability, offering a clearer view of persistent surface temperature 
patterns over the years. The LST spans from approximately 0 ◦C (yel
low), corresponding to high-latitude plateaus and mountainous terrain 
in northern and central Sweden, to 30 ◦C (deep orange/red) in the 
warmest lowland and coastal zones. A pronounced north–south gradient 
is evident: southern and coastal municipalities, particularly around 
major urban agglomerations, exhibit the highest LST, whereas the 
sparsely settled boreal interior and mountain range remain substantially 
cooler.

The above resulting LST maps include all LULC classes, but only 
urban areas should be included in the assessment and analysis of SUHI 
intensity and risk. Thus, the filtered average LST map for urban areas 
(excluding some land use classes such as water bodies) is generated as 
presented in Fig. 6 (a). It presents the average LST for urban areas across 
Sweden, highlighting regional variations in LST. The two zoomed-in 
sections highlight the contrast between the northern and southern re
gions of Sweden. The upper inset shows the northern region, where 
sparse urban areas correspond to moderate surface temperatures and 
limited urban heat buildup. In contrast, the lower inset shows the 
southern region, where denser urban development and impervious 
surfaces may have resulted in significantly higher surface temperatures. 
The observed variations in LST across Sweden are influenced by several 
factors: differences in the extent of built-up areas, land use and land 
cover types (including soil characteristics), latitudinal range (as each 
climate zone spans varying distances from north to south), and elevation 
(with higher mountainous terrain in the northwest). Additionally, var
iations in solar radiation, both in duration and intensity, among the 
three climate zones contribute to the spatial differences in LST. Fig. 6 (b) 
illustrates the relationship between 1 km grid building density and mean 
land surface temperature (LST). The upward-sloping regression line 
(with 95 % confidence band) demonstrates that denser built-up areas 
tend to register higher surface temperatures. The widespread occurrence 
of individual points around the trend also highlights the influence of 
additional factors on LST variability.

Table 5 
Weights for PSVI and BPVI related indicators.

Indicator 
code

PSV-related indicator PCA 
Weights

Entropy 
Weights

Weights for PSVI-related indicators
PSV_1 number of adults over 65 years of 

age
56.98 10.03

PSV_2 Number of Children under 5 years of 
age

16.16 13.43

PSV_3 Number of Women 8.93 12.97
PSV_4 Percentage of People with a 

disability
6.09 5.17

PSV_5 Percentage of People with a primary 
school level

5.58 0.99

PSV_6 Number of Households with one 
person

3.42 14.22

PSV_7 Number of one-parent households 
with at least one child

1.36 13.92

PSV_8 Percentage of Unemployed persons 
of 20–64 years

1.22 1.86

PSV_9 Percentage of low-skilled (primary 
school) employed persons

0.18 1.36

PSV_10 Number of Households renting 0.05 6.66
PSV_11 Number of Households with Private 

Ownership
0.01 0.19

PSV_12 Number of persons with privately 
owned cars (per 1000 inhabitants)

0 1.38

PSV_13 number of foreign citizens 0.02 17.8
Weights for BPVI-related indicators
BPV_1 Global dwelling (SFH) energy 

performance
97.62 29.37

BPV_2 Area of Impervious surface of 
dwellings (SFH roofs)

2.3 41.44

BPV_3 Number of dwellings (SFH) built 
before 1975)

0.08 29.2

Table 6 
Weights for BPVI-related indicators.

CVI-related indicators PCA weights Entropy weights

For Exposure Indicators
Building density distribution 78 % 44 %
Population density distribution 22 % 56 %
For Vulnerability Indicators
BPVI 50 % 47 %
PSVI 50 % 53 %
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Mapping SUHI intensity
The filtered map of average land surface temperature (LST) for urban 

areas in Sweden served as the basis for generating SUHI intensity maps 
for all 290 municipalities, resulting in a total of 290 individual SUHI 
intensity maps. These were then merged to produce a comprehensive 
SUHI intensity map for the entire country. Additionally, SUHI intensity 
maps were developed for each of Sweden’s three climate zones to enable 
more detailed, region-specific analysis.

Fig. 7 presents the SUHI intensity map for Sweden, illustrating how 
urban areas experience elevated surface temperatures compared to their 
rural surroundings. The zoomed-in views emphasise regions where 
intense SUHI effects are observed, particularly due to concentrated 
urban infrastructure and limited vegetation.

To provide a clearer spatial understanding, Fig. 8 displays SUHI in
tensity maps disaggregated by Sweden’s climatic zones. In climate zone 
1 (northern region), SUHI intensity is generally low. This can be 
attributed to sparse urban development, abundant forest cover, and a 
cooler overall climate that limits heat accumulation. In climate zone 2 
(central region), a moderate SUHI intensity is observed, reflecting a mix 
of ongoing urban expansion and partial vegetation loss, both contrib
uting to a rise in surface temperatures. The southern region (climate 
zone 3) demonstrates the highest SUHI intensity, driven by high urban 
density, widespread impervious surfaces, and limited forest coverage. 
These zonal differences highlight the influence of land use, vegetation 
cover, and urbanisation patterns on SUHI intensity across Sweden’s 
diverse climatic regions.

The spatial patterns of SUHI observed in these maps closely align 
with Sweden’s land use/land cover (LULC) distribution. As shown in 
Fig. 9, areas characterised by dense forests and water bodies exhibit 
lower SUHI due to their natural cooling effects, whereas highly urban
ised regions, especially in the south, display higher SUHI intensity due to 
the limited presence of cooling vegetation and water surfaces. The 
highest recorded SUHI intensity approached 6.9 ◦C, depicted in dark red 
on the map, indicating urban areas that retain significant heat. In 
contrast, the lowest SUHI values, approaching ¡2.3 ◦C, are shown in 
yellow and represent natural or rural landscapes with minimal heat 
retention.

These findings demonstrate substantial spatial variation in SUHI 
intensity between Sweden’s southern and northern regions. The south
ern coastal areas consistently exhibit higher SUHI intensity, a phe
nomenon likely due to warmer temperatures and stronger solar 
radiation in the south compared to the north. Notably, variations are 
also observed between eastern and western regions, even within the 
same climate zone or latitude. This can be explained by differences in 
physical geography, such as the eastern coastline, the Scandinavian 
Mountain range in the west, and variability in infrastructure density, 
particularly around major cities.

To assess the accuracy of the calculated SUHI values, each munici
pality’s SUHI was compared with theoretical values derived from studies 
conducted in other cities within the same climatic zone [80,92,93,94]. 
Fig. 10 presents a comparative analysis of calculated SUHI intensities 
across Swedish municipalities, stratified by Köppen–Geiger climate 
zone, with reference values from the literature overlaid for validation 
[92,93,94]. In the Cfb zone (temperate oceanic), calculated SUHI in
tensities are generally centred around the reference value of ~2.5 ◦C yet 
exhibit significant dispersion. High outliers, including Malmö, Lund, 
Burlöv, and Sundbyberg, exceed 5 ◦C. These municipalities are charac
terised by compact urban form, high building density, extensive 

impervious surface cover, and sparse vegetation, all of which contribute 
to increased surface heat retention. Malmö and Lund, for instance, have 
undergone rapid densification and vertical development, while Sund
byberg is among Sweden’s most densely built municipalities. These 
morphological attributes may be insufficiently represented in the liter
ature benchmarks, which tend to be based on average urban forms 
rather than extreme cases. Furthermore, temporal inconsistencies in the 
underlying satellite-derived LST datasets and possible differences in 
acquisition times (e.g., diurnal vs nocturnal SUHI) may also contribute 
to the observed deviations.

The Dfb zone (humid continental), which encompasses much of 
central Sweden, exhibits a narrower interquartile range, with SUHI 
values more symmetrically distributed around the literature reference of 
3 ◦C. This suggests a more uniform urban structure and vegetation 
characteristics across municipalities in this zone. The slightly higher 
RMSE (1.58 ◦C) and CVRMSE (0.91) likely reflect moderate variations in 
urban expansion patterns rather than significant morphological dis
crepancies. Nevertheless, localised land cover heterogeneity, including 
mixed-use development and forest adjacency, may still modulate surface 
thermal profiles in certain municipalities.

In contrast, the Dfc zone (subarctic) demonstrates the widest spread 
in calculated SUHI values relative to its literature benchmark (~2.0 ◦C). 
Several municipalities fall well outside the expected range, with 
Borlänge identified as a notable high outlier. This variation may stem 
from a combination of factors: (i) lower baseline urbanisation levels 
leading to less thermal buffering, (ii) increased influence of surrounding 
forest and water bodies, (iii) persistent snow cover and high albedo 
surfaces affecting surface emissivity, and (iv) classification errors due to 
the lower thermal contrast between built-up and vegetated areas in cold 
climates. The high CVRMSE of 3.03 in this zone indicates that traditional 
models struggle to capture SUHI dynamics in sparsely urbanised, 
climatically extreme regions, suggesting the need for zone-specific 
model calibration incorporating snow-melt dynamics, seasonal vegeta
tion indices, and industrial land use.

These discrepancies reflect the distinct morphological and land cover 
characteristics of outlier municipalities. Malmö, Sundbyberg, and 
Borlänge, all high-density urban centres with a high proportion of built- 
up area relative to vegetative cover, consistently show calculated SUHI 
values that exceed literature benchmarks. This may be partially attrib
uted to the urban surface configuration, where extensive imperviousness 
and minimal vegetation increase surface heat storage and reduce 
nocturnal cooling. However, it also points to potential methodological 
inflation of SUHI estimates in highly urbanised environments. Specif
ically, the use of satellite-derived LST products, which capture radio
metric rather than ambient air temperatures, can disproportionately 
register elevated surface temperatures in compact urban grids during 
clear-sky conditions. This highlights the need for caution when inter
preting SUHI magnitudes in densely built municipalities, where exag
gerated thermal contrasts with surrounding rural baselines may 
overstate the urban thermal burden. These findings underscore the value 
of integrating fine-scale urban land cover data such as vegetation frac
tion, building height, and surface albedo into SUHI modelling, particu
larly for spatially heterogeneous urban regions. Tailoring model inputs 
to account for urban form and surface material properties is essential for 
improving SUHI estimation accuracy and for guiding spatially targeted 
climate adaptation strategies.

Table 7 
Weights of risk components by the weighting method.

Risk component /Weighting method Entropy weights Equal weights Hazard dominant Exposure dominant Vulnerability dominant

SUHI Intensity (Hazard) 5 % 33 % 50 % 25 % 25 %
Exposure 26 % 33 % 25 % 50 % 25 %
Vulnerability 69 % 33 % 25 % 25 % 25 %
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Fig. 5. LST satellite imagery maps for Sweden generated for each year from 2015 to 2022, labelled as (a) to (h), along with an additional map (i) showing the average 
LST over the entire 2015–2022 period.

C. Mokhtara et al.                                                                                                                                                                                                                              City and Environment Interactions 28 (2025) 100245 

12 



Fig. 6. (a) The average LST for urban areas of Sweden and (b) Mean LST vs building density in percentage.
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Mapping exposure

Buildings and population distribution
The maps of 2D building footprints (based on OSM data) and 

Swedish population distribution (derived from SCB geodata for localities 
(2017 localities)) are combined for mapping exposure as shown in 

Fig. 11.
It shows that the southern part of Sweden is denser in buildings and 

population compared to the northern part, making it more exposed to 
climate risks. Within the southern part, the coastal regions, including 
major cities, are the most exposed. This increased exposure results from 
the urbanisation and extensive population migration to urban areas after 

Fig. 7. SUHI intensity for Sweden.

Fig. 8. SUHI intensity for each climate zone in Sweden.
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following the Million Hus program in Sweden, aided by the favourable 
climate in the southern location (which includes climate zones 1 and 2) 
for sustenance.

The population of Sweden is primarily concentrated in the central 
and southern regions, especially in coastal areas where most settlements 
are located. However, in the north, the northern regions have fewer 
settlements due to the extreme climate. However, certain areas in the 
north still have dense populations due to important activities such as 
mining and industries, as well as government financial support 
encouraging people to live there.

Buildings typically house the population, so their distribution 

mirrors that of the people. It should be highlighted that the area covered 
by the building is relatively large, which can be explained by the high 
ratio of living space per person. This is influenced by household pref
erences and lifestyle in Sweden, where large living areas are common for 
a few people. This factor can impact homeowners’ ability to ensure 
adequate indoor thermal comfort, perform a deep renovation and 
maintain their large living homes regularly. Consequently, this increases 
their vulnerability to climate risks.

Mapping vulnerability

Mapping social and physical vulnerability indices
The maps for building physical vulnerability (based on BPVI) and 

population social vulnerability (based on PSVI) for the Swedish SFH 
sector by municipalities are presented in Fig. 12.

There is a similar trend in the locations of vulnerable populations and 
buildings, as older structures often house older individuals, reflecting 
historical settlement patterns. The Million Houses program from 1965 to 
1974 facilitated migration from small towns and rural areas to major 
cities like Stockholm, Gothenburg, and Mälmö, which are situated in the 
southern coastal regions of Sweden. Therefore, these areas have a large 
stock of buildings built before 1975, now over 50 years old, with low 
thermal performance. This is the reason municipalities in these areas 
would be more susceptible to climate risks than those in other parts of 
Sweden. The large living areas of these buildings, combined with the 
high cost of renovation per m2, and the lack of government financial 
support for renovation, prevent homeowners in these aged buildings 
from undertaking deep renovation.

By combining the PSV map and the BPV map, the map for SFH sector 
vulnerability by municipalities is created as shown in Fig. 13.

According to the generated vulnerability map, most municipalities, 

Fig. 9. LULC for Sweden: (a) water, (b) forests.

Fig. 10. Box plot comparing LST values obtained for all municipalities with 
literature values, with corresponding climate zones.
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particularly those in northern Sweden, are less vulnerable. However, 
certain municipalities on the southern coast, especially in the eastern 
parts, are significantly vulnerable, as they contain a large building stock 
built before 1975, and populated by elderly people. The factors 
contributing to this vulnerability include the comfortable environment, 
attractive nature, and extensive migration to these regions since the 
implementation of the Million House Program.

Mapping SUHI risk

Prior to identifying the specific cities and municipalities where the 
SFH sector faces elevated SUHI risk, we validated our weighting 
schemes against real-world health outcomes. Because mortality is 
widely regarded as the most critical indicator of heat-related health 
impacts [95], we obtained regional data on deaths attributable to 
extreme heat in Sweden from 1997 through 2023 [19]. We then 
compared the counties flagged as high-risk under each candidate 
weighting method with those that recorded heat-stress fatalities. The 
weighting approach, whose high-risk counties best matched the 
observed mortality patterns, was chosen to derive the final component 
weights for our SUHI risk index. Table 8. shows counties at risk by a 
weighting method for risk components and the number of deaths due to 
heat stress by county.

According to the obtained results, it can be concluded that the 
exposure dominant weighting method is the most appropriate weighting 

method for assigning the weights of SUHI risk components for Sweden. 
Because most counties located in high-risk are those who have deaths, 
and only two counties without any deaths are highlighted under risk 
(which means low failure). Thus, exposure exposure-dominant weight
ing method is applied to extract the cities and municipalities at high-risk 
to SUHI, to perform further data analysis and recommend strategies for 
enhancing the resilience of the SFH sector to SUHI.

Fig. 14 maps SUHI risk for Sweden’s SFH sector by merging hazard 
intensity, housing exposure, and vulnerability under an exposure- 
dominant weighting scheme. It shows that the highest-risk zones are 
concentrated in the southern and coastal regions, particularly climate 
zones 2 and 3, where Sweden’s largest cities and densest SFH clusters 
coincide with stronger SUHI effects. This southern concentration reflects 
both historical development (many SFHs there date from before 1975) 
and the population’s preference for coastal living, which together drive 
high exposure and structural vulnerability. By contrast, western and 
northern areas (climate zone 1) remain sparsely populated despite tar
geted incentives for settlement, resulting in lower SUHI risk for their 
SFH sectors. A study in Italy [96] similarly highlights that the residents 
of coastal plain cities, with their mild climates and low daily tempera
ture variations, are more vulnerable to sudden temperature shifts and 
extreme heat events. This is because such populations are less accus
tomed to high temperatures, making them less adaptable to sudden 
extremes. Moreover, a study by [97] in Italy noted that residents of 
coastal plain cities may be more susceptible to heat-related effects due to 

Fig. 11. (a) Buildings and (b) population density distribution, and (c) normalised exposure maps for Sweden.
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the prevalence of extensive high-risk areas. Despite these parallels, a 
meaningful comparison with Italy must account for key contextual dif
ferences. Swedish coastal cities have cooler climates, modern urban 
planning, and strong institutional capacity focused on sea-level rise and 
rainfall management. In contrast, Italian coastal cities face hotter 
Mediterranean climates, historic urban forms with limited green space, 
and greater exposure to heatwaves and flooding, compounded by frag
mented governance. Nonetheless, both Swedish and Italian coastal areas 
tend to be densely populated, since residents gravitate toward the coast, 
thereby increasing overall exposure to these climate risks despite their 
differing environmental and institutional settings.

These heightened risks have tangible implications: for example, in
surance companies often limit or refuse coverage for homes in such high- 
risk areas. Given these challenges, it is crucial for the Swedish munici
palities to prioritise targeted and immediate interventions to mitigate 
these risks. If a nationwide renovation initiative is undertaken, high-risk 
regions should be prioritised, with resources allocated strategically to 
maximise impact and resilience. Collaboration between municipalities, 
bankers, insurance and renovation companies will be essential to 
minimise the potential losses [98]. The cooperation modality for such 
efforts needs further exploration. Moreover, identifying municipalities 
at risk is a critical step in ensuring that resources and efforts are directed 
efficiently, as discussed in the following section.

Exploring cities and municipalities at risk to SUHI

Cities and municipalities in high risk of SUHI
Table 9 shows cities and municipalities where SFH is at high risk of 

SUHI in Sweden. Besides, Fig. 15 shows the geographical location of 
Swedish municipalities at high risk of SUHI. The figure illustrates that 
most municipalities where the SFH sector is at risk of SUHI are in the 
southern part of Sweden, with few municipalities on the western coast of 

the northern part. Overall, there are 12 municipalities in high-risk areas 
and 19 municipalities in medium-risk areas out of 290 municipalities in 
Sweden.

Based on the identified municipalities (12 of 290 municipalities) at 
high risk (see Fig. 15) and their associated population and SFH related 
statistics (see Table 10), as well as the assigned weights for each, it is 
concluded that the vulnerability indicators (mainly number of women, 
children under 5 years, and SFH characteristics mainly impervious 
surface area, age and energy performance), and exposure indicators 
(mainly total number of population that linked directly to the urban 
density) contribute significantly to high risk in these municipalities. It is 
also observed that more than 60 % of SFH in these 12 municipalities 
were built before 1975, which indicates that the age (and mostly are low 
energy performance houses, as the rate of renovation is very low in 
Sweden) makes these municipalities high-risk areas. These conclusions 
can also be supported by the fact that the urban dense municipalities in 
Sweden (including Stockholm, Göteborg, Malmö) are in the identified 
high-risk zone.

Fig. 16 reports, for each high-risk municipality, the total stock of 
SFHs alongside the number built before 1975. Fig. 17 then compares the 
total population to the subset of residents living in SFHs across the same 
municipalities. In Fig. 18, radar plots illustrate three key exposure and 
social-vulnerability metrics: share of women, share of residents aged 65 
and over, and proportion of the population residing in SFHs, for each 
high-risk area. Fig. 19 depicts the structural and ownership profile of the 
SFH sector by showing, for each high-risk municipality, the percentage 
of homes built before 1975 versus the percentage of SFHs that are pri
vately owned.

Fig. 15 highlights twelve municipalities: Stockholm, Göteborg, 
Malmö, Uppsala, Västerås, Linköping, Lund, Varberg, Örebro, Borlänge, 
Östersund, and Umeå, whose SFH sectors lie in the high SUHI risk. For 
example, Stockholm contains about 45,708 SFHs, of which 36,052 (79 

Fig. 12. Building Physical vulnerability and population social vulnerability for the Swedish SFH sector by municipalities.
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%) were built before 1975, housing 14.5 % of its 984,748 residents. 
Linköping has 26,290 SFHs (55 % pre-1975), accommodating 38.2 % of 
its population, while Östersund, despite having only 7265 SFHs, shows 
the highest structural and social vulnerability, with 61 % of its homes 
pre-1975, 22 % of residents aged 65+, and 50 % women. These figures 
demonstrate that high SUHI risk emerges where large numbers of homes 

in heated zones overlap with ageing housing stocks and more vulnerable 
populations, not just in the biggest cities. Table 10 presents a summary 
of population-related statistics and single-family housing (SFH) char
acteristics for municipalities identified as being at high risk from SUHI.

The analysis reveals that municipalities classified as high-risk 
contain approximately 191,230 single-family homes (SFHs) built 

Fig. 13. SFH sector vulnerability by municipalities.

Table 8 
Counties at risk by the weighting method for risk components.

County/Weighting method Total number of deaths due to heat stress (1997–2023) Exposure 
Dominant

Hazard 
dominant

Vulnerability 
dominant

Equal weights Entropy 
weights

Stockholm 7 1 1 0 1 0
Västra Götaland 5 1 1 0 1 0
Skåne 4 1 1 1 1 0
Jämtland 2 1 1 0 1 1
Västmanland 2 1 1 0 1 0
Dalarna 1 1 0 0 1 0
Halland 1 1 0 0 1 0
Kalmar 1 0 1 0 1 0
Kronoberg 1 0 0 0 1 0
Uppsala 1 1 1 0 1 0
Västerbotten 1 1 1 1 1 0
Blekinge 0 0 0 0 0 0
Gävleborg 0 0 0 0 1 0
Gotland 0 0 0 0 0 0
Jönköping 0 0 1 0 1 0
Norrbotten 0 0 0 0 0 1
Örebro 0 1 1 1 1 0
Östergötland 0 1 1 0 1 0
Södermanland 0 0 1 0 1 0
Värmland 0 0 0 0 0 0
Västernorrland 0 0 0 0 1 0

Note: Cells in Red (and 1) mean the county with deaths is highlighted under risk, cells in yellow (and 1) mean the county without deaths, but it is highlighted under 
risk. However, cells with 0, mean the county is not under risk.
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before 1975, accounting for around 14 % of all pre-1975 SFHs in Swe
den. When medium-risk municipalities are included, this share rises to 
22 % of the national total. These older buildings are particularly 
vulnerable to SUHI impacts in the coming decades due to their poor 
thermal performance and limited climate resilience. Moreover, many of 
these homes are occupied by elderly residents, a population group 
especially susceptible to heat-related health risks, underscoring the ur
gent need for targeted renovation and adaptation measures in these 
areas. The analysis assumed that the majority of the houses built before 
1975 had not yet implemented climate adaptation measures such as 
retrofitting or air conditioning installation. The study also relied on land 
surface temperature (LST) data with a spatial resolution of 1 km 

(Figs. 4–5), which, while effective for regional assessments, limits the 
capture of finer-scale intra-urban temperature variations. Recognising 
this limitation highlights opportunities for future research to incorpo
rate higher-resolution datasets and explore the integration of autono
mous sensing technologies or IoT-based temperature sensors to enhance 
spatial granularity. Despite these limitations and assumptions, the study 
effectively maps and analyses current risks, providing a robust founda
tion for understanding heat vulnerability. Furthermore, the approach 
remains relevant for identifying high-risk areas, and dynamic mapping 
could certainly extend its applicability to assess risk propagation under 
future climatic scenarios. Ultimately, this study offers valuable insights 
into building adaptation strategies, presenting a scalable framework that 

Fig. 14. SUHI risk zones for the SFH sector in Sweden. Exploring Cities and 
municipalities at risk to SUHI.

Table 9 
Cities where SFH sector in high risk to SUHI.

City at high risk No. of Population by city Municipality at high risk County at high risk No. of Deaths by county Validation 
confidence

Stockholm 1,652,895 Stockholm Stockholm 7 High
Göteborg 674,529 Göteborg Västra Götaland 5 High
Malmö 339,316 Malmö Skåne 4 High
Lund 98,308 Lund Skåne 4 High
Västerås 131,643 Västerås Västmanland 2 High
Östersund 53,992 Östersund Jämtland 2 High
Uppsala 174,982 Uppsala Uppsala 1 Moderate
Varberg 38,575 Varberg Halland 1 Moderate
Borlänge 44,299 Borlänge Dalarna 1 Moderate
Umeå 94,243 Umeå Västerbotten 1 Moderate
Linköping 116,851 Linköping Östergötland 0 Low
Örebro 128,658 Örebro Örebro 0 Low

Fig. 15. Municipalities where the SFH sector is at high risk to SUHI.
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Table 10 
Summary of population-related statistics for municipalities at high risk of SUHI.

Statistics Total number of 
Population

Number of 
Population living in 
SFH

Child Population 
(age less than 5)

Elderly 
population 
(age 65 þ yr 
old)

Women SFH_built_ 
Befor1975 (50 
yr þ old)

Number 
of SFH

Private person 
owned SFH

Municipalities at 
High Risk

3,109,800 788,752 174,312 520,676 1,558,827 191,230 316,383 282,929

Sweden 10,521,556 4,217,228 576,367 2,147,137 5,223,232 1,365,373 2,125,269 1,925,375
Share of Sweden 

(%)
30 19 30 24 30 14 15 15

Fig. 16. Number of total SFH and SFH built before 1975 by municipalities in high-risk areas.

Fig. 17. Number of total SFH and SFH built before 1975 by municipalities in high-risk areas.
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can be applied beyond Sweden.

Efforts and way forward for SUHI risk management

Studies analysing Swedish municipal planning documents, surveys, 
and interviews reveal varied levels of progress in addressing UHI 
[99,100]. While some municipalities have initiated heat analyses and 
mitigation plans, others face barriers such as limited knowledge, 
financial constraints, and weak legal mandates. This fragmented 
approach underscores the need for coordinated municipal action to 
address SUHI risks through reinforced infrastructure, sustainable urban 

planning [101], and financial support for climate-smart renovations in 
vulnerable areas [102]. Measures like expanding urban green and blue 
infrastructure, implementing cool roofs and pavements, and using high- 
albedo materials, including PV modules, can significantly mitigate UHI 
[103]. Spatially explicit SUHI risk maps should guide the deployment of 
adaptive measures, particularly in neighbourhoods projected to face the 
highest future heat burden. Our spatial SUHI analysis identified Stock
holm, Malmö, and Sundbyberg as high-risk municipalities, where SUHI 
intensities exceed 5 ◦C and over 50 % of SFHs were built before 1975. 
These aged homes lack adequate insulation, passive ventilation, and 
reflective envelope materials, making deep renovation imperative. 

Fig. 18. Percentage of women, elderly people, and share of population living in SFH by municipalities in high-risk areas.

Fig. 19. Percentage of SFH built before 1975 and percentage of privately owned SFH by municipalities in high-risk areas.
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Reflective roofs, façades, and Building Integrated Photovoltaics (BIPV) 
should be prioritized in dense urban areas, such as Stockholm and 
Malmö, where a 10 % increase in building coverage correlates with a 
3 ◦C rise in LST (Fig. 6b). Green roofs, vegetative shading, and urban 
greenery offer additional cooling benefits while improving livability and 
sustainability [33104]. In medium-density cities like Borlänge and 
Örebro, nature-based solutions such as green envelopes, linear parks, 
and tree-lined corridors are especially effective. Older SFHs, particularly 
those in coastal municipalities with low adaptation readiness, require 
HVAC upgrades, including zoned cooling and hybrid systems to ensure 
thermal comfort. Targeted subsidies, green loans, and communication 
strategies should motivate deep retrofits among financially capable SFH 
owners. One-stop-shop renovation models bundling diagnostics, cus
tomised interventions, and post-evaluation can streamline renovation 
action. Given Sweden’s sub-target 1.2 % annual renovation rate and the 
estimated 500 billion SEK cost to meet the 3 % target [105,106,107], 
prioritising high-risk zones such as Stockholm, Malmö, and Borlänge is 
critical. These locally grounded strategies align with Sweden’s National 
Climate Change Adaptation Strategy (2018), the EU Green Deal, and the 
Renovation Wave Initiative by promoting energy-efficient, climate- 
resilient buildings and reducing emissions. Integrating spatial SUHI risk 
analysis into multi-level governance frameworks is vital for enhancing 
thermal resilience and protecting the health and well-being of Sweden’s 
most vulnerable urban populations [108].

Conclusion

This research presents a detailed evaluation of SUHI intensity in 
Sweden, focusing on the hazard, exposure, and vulnerability compo
nents of risk. Using a simplified approach and open-source data, the 
study assesses SUHI risk and building sector vulnerability, making the 
methodology easily replicable in other regions. Results show that 
southern coastal areas face the highest SUHI intensity due to elevated 
temperatures, dense urbanisation, population concentrations, and 
diverse land use patterns. The maximum average LST recorded across 
Sweden is 30 ◦C, while the minimum is 0 ◦C. The highest SUHI intensity, 
reaching 6.9 ◦C, occurs in the southern coastal region. Exposure is 
greatest in areas with high urban density, ageing pre-1975 housing 
stock, and a large elderly population. Most high-risk municipalities are 
located in the southern and southeastern parts of Sweden, where his
torical development patterns and urban growth have intensified heat 
retention. In contrast, the northwestern regions show lower SUHI risk.

Additionally, twelve high-risk municipalities contain 14 % of all 
SFHs built before 1975, and eighteen medium-risk municipalities 
contain another 8 %, together representing 22 % of Sweden’s national 
pre-1975 SFH stock. Residents of these homes in high-risk municipalities 
account for 27 % of the national population living in pre-1975 SFHs, 
while those in medium-risk areas account for 19 %. These buildings are 
particularly vulnerable due to poor energy performance. Without tar
geted adaptation and mitigation measures—such as deep reno
vation—risks associated with extreme heat will continue to escalate. In 
these areas, increased dependence on air conditioning could further 
intensify SUHI effects and raise energy costs. The findings offer critical 
insights for policymakers, supporting informed decisions to reduce SUHI 
impacts across the built environment.

To address SUHI risk, an integrated approach combining nature- 
based solutions and targeted renovation strategies is essential. Green 
roofs, urban greenery [109,110], and vegetative shading can signifi
cantly reduce heat stress and enhance urban sustainability. At the same 
time, building retrofits should prioritise passive measures such as 
improved insulation, solar shading, and reflective roofing, alongside 
energy-efficient HVAC systems powered by renewable energy. Policy 
efforts should focus on promoting climate-smart renovations, especially 
for older SFHs in high-risk areas. Providing financial incentives for 
homeowners undertaking deep renovations could play a key role in 
increasing resilience and accelerating the transition to climate-adaptive 

housing. This includes motivating SFH owners in SUHI-prone areas 
through targeted subsidies, green loans, and clear communication of 
benefits such as improved comfort, reduced energy costs, and climate 
resilience. The growing use of one-stop shops, offering integrated sup
port from assessment to implementation, further simplifies the renova
tion process. A coordinated effort involving municipalities, financial 
institutions, and renovation stakeholders is crucial to minimising risks 
and ensuring effective adaptation.

This paper provides a strong foundation by mapping SUHI risk and 
identifying high-risk municipalities, offering actionable insights for au
thorities to prioritise and guide intervention efforts more effectively.
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