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Abstract

Urbanization and climate change have posed challenges for managing one of the key concerns
in recent years, which is increasing of Urban Heat Islands (UHIs), especially in urban areas.
These events can increase risks to human health, buildings and roads, and urban areas in
general. The analysis of UHI has been studied in this thesis for both summer and winter months
from 2014-2023 using satellite images in Stockholm, Sweden. Key input variables include
temperature, Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-
up Index (NDBI), Land Surface Albedo (LSA), wind speed, and Local Climate Zones (LCZs).
Urban Heat Island maps were created in this study for both summer and winer months. To
access the prediction capabilities of machine learning algorithms for UHI, seven machine
learning algorithms such as Linear Regression, Support Vector Regression, Decision Tree, K-
Nearest Neighbors, Random Forest, Extra Trees, and XGBoost were analysed. Random Forest
showed the best-performing result based on R?, RMSE, and MAE. Feature importance analysis
showed NDVI as major contributor to UHI and UHI mitigation, and NDBI were linked to

higher UHI intensities.

In the next step, the study focused on a trend-based climate change projection using bias-
corrected temperature data approach using the NEX-GDDP-CMIP6 dataset under two different
Shared Socioeconomic Pathways (SSPs), SSP1-2.6 and SSP5-8.5, with the help of machine
learning algorithms to assess and analyse future UHI trend from 2030-2039, which they

showed increasing trends of UHI for both seasons in the coming years.
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1. Introduction

One of the most significant ecological issues of concern in a city is the existence of Urban Heat
Islands (UHIs). With city growth, so does the UHI effect, where urban temperatures are higher
than those in surrounding rural areas. UHIs exist because natural cover is replaced by hard,
impervious, and urbanized surfaces such as concrete and asphalt and other human-made
materials. These materials retain heat during the day from the sun, and at night when they cool
down, instead of releasing the heat energy absorbed during the day, it is emitted slowly; both
situations cause increased temperatures in both day and night. Ultimately, the effects of urban
heat islands lead to altered subsequent energy consumption, air quality, public health, and even

quality of life (Heaviside et al., 2017; Magli et al., 2015; Sarrat et al., 2006).

Green infrastructure can help to reduce the intensity of UHIs. These infrastructures like parks,
urban forests, green roofs, green walls are effective for cool down the temperature in urban
areas, in a way that if we increase them, they help to reduce surface and air temperatures by
improving shading and affecting evapotranspiration. They offer a strong approach to mitigate
the effects of UHI. Climate change can increase UHI effects since climate change can affect
by increasing global temperatures and consequently more heatwaves, which can lead to rising
temperatures in cities and urban areas so it is important to take into account climate change to
analyse future UHIs. By working on climate projections this thesis can provide long term UHI
trend under different climate change scenarios. This work is important for urban planners since

it is helpful to improve resilience to future climate conditions.

The main objective of this work is to analyse the intensity of UHIs in summer and winter

seasons for the past 10 years (2014-2023), with purpose:

e To analyse UHI intensity and creation of UHI intensity maps for each month of the both

summer and winter seasons (3 months of summer and 3 months of winter).



e Using machine learning (ML) techniques such as Linear Regression, Support Vector
Regression (SVR), Decision Tree, K-Nearest Neighbors (KNN), Random Forest, Extra
Trees, and XGBoost to predict UHI intensity.

e To Assess how machine learning algorithms perform, and to see the most accurate one
using RMSE, R?, and MAE.

e Identify the regions, which are more critical in terms of UHI by using an intensity
classification of the UHI maps created before.

e Analyse the UHI in different Local Climate Zones (LCZs) and see which LCZs have
more UHI intensity.

e Projection of UHI trends for next ten years (2030-2039).

This thesis has been worked under the mobility program with the collaboration between KTH
Royal Institute of Technology in Stockholm, Sweden and Politecnico di Torino. The time in
KTH played an important role of the research methodology and analysis of this work. During
the mobility period, KTH provided valuable helps for applying machine learning methods and
how to process and interpret climate datasets from the NEX-GDDP-CMIP6 database. The
collaboration also helped to access the local data for this thesis as the study area for this work

was Stockholm.

In the first chapter, the UHI is explained, what is the UHI, what is the original concept, and its
fundamental. Then the focus shifts to the dynamic, UHI impacts, and mitigation. In the next
chapter, we talk about the case study, the dataset, the machine learning algorithms, and what
are the metrics to evaluate these algorithms. At the final stage of this chapter, we talk about
NEX-GDDP-CMIP6 database, and climate change projection scenarios. The results of these
analyses are then presented in the next chapter (chapter 4), we see the local climate zone
mapping, the UHI analysis in the study period (2014-2023), how ML algorithms performed,

and the trend analysis of UHI projection. In the fifth chapter, we discuss about the UHI seasonal
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change, what are the impacts of this event in cold cities, and the challenges and opportunities
it may propose. Then at the last part of this chapter, we focus on the mitigation strategies for
UHI events. In the last chapter, which is the conclusion, we talk about the overall results of this
thesis, what are the achievements, and what can be done better or more for more in-depth

results.



2. Introduction to Urban Heat Island (UHI)

The Urban Heat Island (UHI) effect and its factors was discovered by Howard in 1818, and
since then, the causes and effects of such a phenomenon have been thoroughly explored. UHIs
are generally categorized into surface or air temperature UHIs; the surface UHI registers higher
temperatures through surface, and the air temperature UHI accounts for the increase in ambient
air temperatures due to the heat given off buildings and the subsequent anthropogenic
interventions such as cars, factories, and air conditioning units. Therefore, the surface UHI
compounds the air temperature UHI, which also adds another thermal burden to an already

urbanized environment (Figure. I).

“The temperature of the city is not to be considered as that of the climate”; Luke Howard,
which can be translated to the fact that there is an increase temperature that the nature is not
responsible for. In his analysis, he stated four different events that make this temperature

difference:

1. Human activities that generate heat contribute to the warming of the atmosphere,
especially during the winter season.

2. The geometry of urban surfaces which ‘traps’ radiation and obstructs ‘free radiation to
the sky.

3. The unevenness of urban surfaces can hinder the movement of the “gentle” summer
winds.

4. The availability of moisture for evaporation in the country.
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Figure. 1 Urban Heat Island’

According to Oke’s study (1982), UHIs can be generalised, initially, by the illustration of
common features of heat island morphology, describing the “near-surface” of the heat island,
moreover, he considers irrelevant the topography of the surroundings and puts the accents to

the urban/rural boundaries that follows the outline of the built-up area.

Across of the majority of the urban area, the horizontal thermal gradient exhibits a more gradual
trend. However, warm spots can sometimes be found in high-density areas such as residential
complexes, industrial zones, or downtown, and cool spots can be found in low-density areas

such as parks or lakes. A light wind can displace these hotspots downwind from their source.

2.1. Dynamic of Urban Heat Islands

There are some variables that are important in terms of affecting the UHI, these factors are land
cover change, urban development, lack of vegetation cover, and surface characteristics. These
factors can increase the temperature of urban areas, making them warmer/hotter that the

neighbouring areas.

" https://wp-prd.let.ethz.ch/WPO0-CIPRF91243/chapter/urban-heat-islands-small-scale-climate-change/
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e Urbanization and Land Cover Changes by developing more buildings and changing the

land cover from vegetation to buildings (Estoque et al. (2017); Miles & Esau (2020)

Cui et al. (2016))

e Surface Properties and Albedo (which is the ability of a surface to reflect the sunlight,

and consequently, the heat coming from the sun) by changing the properties of the

surface in urban areas for instance changing from vegetation cover or other natural

landscapes to Asphalt since Asphalt has a higher albedo (Table. 1). Mohajerani et al.

(2017) Suomi & Meretoja (2021).

Table. 1 Typical albedo values for various surface types (by Duhis et al., 2023)

Surface Albedo Surface Albedo
Corrugated roof 0.1 -0.15 Red/brown roof tiles 0.1 - 0.35
Coloured paint  0.15-0.35  Brick/stone 02-04
Trees 0.15-0.18 Oceans 0.05-0.1
Asphalt 0.05-0.2 Old snow 0.65 - 0.81
Concrete 0.25-0.7 White paint 05-09
Grass 0.25-0.3 Fresh snow 0.81 - 0.88
Ice 03-05

e Lack of Green Spaces by removing parks, forests and other sources of vegetation

(Takkanon & Chantarangul, 2019).

e Anthropogenic Heat Sources by human activities such as industrial process (Ryu and

Baik, 2012).

e Urban Geometry, Building Density, and Airflow by the layout of buildings geometry

such as tall buildings, which can reduce air circulation (Oke, 1988) also buy reducing

air ventilation (Stewart & Oke, 2012).
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2.2. Impacts of Urban Heat Islands

Urban Heat Islands (UHIs) impacts different sections including public health, energy
consumption, and the environment. The UHI can occur as a result of human activities and urban
infrastructure, which changes the natural energy balance, which can also leading to higher

temperatures in urban areas compared to their rural surroundings.
e Public Health Impacts

1. Heat Stress and Mortality by increasing temperature in urban environments, heat related

illnesses increase (Sanchez-Guevara Sanchez et al., 2017), (Arifwidodo et al., 2019).

2. Air Quality Issues by worsening air pollution since it affects and increases the rate of
photochemical reactions that produce smog, which consequently leads to poor air quality.
Additionally, since there are more pollutants caused by for example vehicles in cities and urban
areas, UHI can increase the trapping rate of these pollutants. Solecki et al (2005), conducted a

study in New Jersey, which showed that UHI contribute to increasing of air pollution.

3. Heatwaves by impacting them and consequently affecting and increasing extreme

temperature periods. (Hatvani-Kovacs et al., 2016).
e Energy Demand Impacts

1. Increasing Cooling Energy Demand by leading to higher energy consumption. In Beijing,
China, Xu et al (2018) found that the energy demand in 30% more in the summer in urban
areas compared to rural regions. Also, Salvati et al (2017) conducted research in Barcelona

and showed that cooling demand increased for around 18-28% because of UHI effects.

2. Energy Consumption by affecting economic costs and increasing them, since cooling

demand increases with UHI, the subsequent costs of cooling increase as well. A research in
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Bangkok, Thailand found out that with the increase in UHI, the energy bills have also increased

since the need of air conditioning has increased (Arifwidodo et al., 2019).

e Environmental Impacts

1. Increasing GHG emissions, since the cooling demand increases in the areas affected by UHI,
the emissions caused by energy production can increase as well. In a study by Haine &
Blumberga (2023), they found out that North Africa and Europe regions that UHI can impact
the increase in carbon emissions since with the increase in temperature, the energy
consumption, and consequently the emissions increase, which can contribute to more climate

change.

2. Urban Ecology by weakening biodiversity and ecosystems (Gonzalez-Trevizo et al., 2021).

3. Water Stress: a study by Konstantinov et al., 2018, showed that in northern Fennoscandia
and Arctic regions, UHI leads to permafrost thawing, weakening the soil-bearing capacity, and

increasing the risk of infrastructure damage and urban flooding.

For the mitigation strategies to combat and reduce UHI effects, which have been very important
for cities, there are some of them worth to be noted. The most widely studied and applied

solutions include green infrastructure (GI), and urban design innovations.

e Green Infrastructure (GI) by increasing vegetation cover (Wong et al., 2021).
e Urban Design and Geometry by constructing of buildings that helps ventilation and

airflow in the urban areas (Solecki et al., 2005).
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3. Methodology and case study

3.1. Study Area Overview

The capital city of Sweden, Stockholm has a population of approximately 998,943 of people
in the most recent data in 2023 (Statistics Sweden, 2023), Stockholm has an extensive green
space with about 40% of its urban areas is green space, so it makes the city a good city
compared to other capital city around the world (Figure. 2) (Werner, 2023). The density of
population in Stockholm is high with about 5,200 people per km2, shows urban nature of the
city, so it increases the demand for accommodation. This increase in population also makes to
increase the density of houses, which this density of houses is about 810 houses per km2

(Statistics Sweden, 2023).

Stockholm is known for its growing fast, located in the north parts of Europe, is a good case to
study UHI. This city experiences a wide range of seasonal variations, from long and cold
winters to warm and short summers. All of these factors together with increase in urban areas,
increase in predicted temperatures because of climate change, makes Stockholm an important
case study for analysing patterns of UHI in northern latitudes. Current studies on UHI are more
on temperate regions, these regions have different climate conditions compared to Stockholm.
Therefore, for this reason, analysis of UHI variations in Stockholm is a good opportunity for
study how cities in colder climates affected by UHI, and which mitigation strategies are more
effective. Stockholm has a cold climate with the average temperature of about 7.3°C (Climate-
Data.org, n.d?) and the average precipitation of this city is about 619 mm/year (Climate-

Data.org, n.d).

2 https://en.climate-data.org/
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Figure. 2 Stockholm, Sweden

3.2. Datasets

3.2.1. Temperature Maps

Temperature maps used in this analysis are created with the data collected from Netatmo
weather stations, which are devices that measure and monitor various environmental
conditions. These stations are a part of a dense network, that include a big, interconnected users
contributing to a global database of weather information and are installed across different
regions by the individual people. These stations data can be considered as local weather data,
at a much smaller scale than national meteorological stations, these stations provide precise
weather data specifically for an exact location. From this data, temperature maps with high

resolutions (30-meter) are created. These maps help to analyse temperature variations in
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different regions of Stockholm. These maps are used to create UHI maps, which help to show

monthly variations of UHI for 2014-2023.

3.2.2. Vegetation and Urban Indices

To extract vegetation and built-up surface information, this study uses three well-known
indices derived from remote sensing data: NDVI (Normalized Difference Vegetation Index),
NDBI (Normalized Difference Built-up Index), and LSA (Land Surface Albedo). These indices
are calculated using satellite imagery from the Landsat 8§ program, which is a joint
NASA/USGS (United States Geological Survey) initiative, launched in 2013 and it provides
the longest continuous, space-based record of Earth's land surface. All of these indices were
extracted using Google Earth Engine (GEE), which offers the necessary spectral bands at 30-

meter resolution.

e Normalized Difference Vegetation Index (NDVI)

NDVI is used to quantify vegetation cover within the study area. It is calculated using the

following Eq. (Rouse et al., 1974):

__ (NIR-RED)
NDVI = (NIR+RED) ey

where, NIR is reflectance of light in the near-infrared band and RED is reflectance of light in
the red band. NDVI values range from -1 to +1, where higher values indicate dense and
healthier vegetation, while values close to 0 or negative indicate non-vegetated surfaces like
water, bare soil, or urban areas (Figure. 3 and 4). When a vegetation is under stress or there is
no vegetation at all, they absorb less red light and reflects more of the red light, but reflects less
of near infrared light, on the other hand a healthy vegetation, absorbs most of the red light but

reflect the near infrared light strongly. By comparing the amount of red and near-infrared light
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reflected, NDVI can help to see the difference between vegetation, water, bare soil, and other

surfaces.
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Figure. 3 Healthy vegetation has a higher reflectance within the nIR region (by Lum et al.,

2016)
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e Normalized Difference Built-up Index (NDBI)

NDBI is a measure of urbanization and built-up areas. It is computed using the following Eq.

(Zha et al., 2003):

NDBI :M (2)

(SWIR+NIR)

where, SWIR is reflectance in the shortwave infrared band and NIR reflectance in the near-
infrared band. Positive NDBI values indicate built-up areas with high urban density, while

negative values generally correspond to vegetated or water-covered regions.

e Land Surface Albedo (LSA)

Land Surface Albedo (LSA) basically shows how much sunlight is reflected by the Earth’s
surface. It’s usually defined as the ratio between reflected solar radiation and the incoming

radiation:

LSA=Incoming Light/Reflected Light

This means surfaces like snow or bright roofs reflect a lot (so their albedo is close to 1), while

dark surfaces like asphalt absorb most of the energy, giving them an albedo closer to 0.

Now, to estimate LSA more accurately from satellite data, we don’t just use a simple ratio, we

apply a weighted formula based on the spectral bands of the sensor (Liang, 2001):

LSA = X(R; . w;) 3)

where, R; is reflectance in each band and w; is weighting factor for each band, based on its
contribution to the total albedo. The specific weights and bands depend on the sensor used.
High albedo values (close to 1) represent highly reflective surfaces like snow or light-colored
materials, while low albedo values (close to 0) indicate heat-absorbing surfaces such as asphalt

or dark roofs.

18



3.2.3. Wind Speed

o Wind speed data acquisition

Wind speed data were obtained from ERAS5 reanalysis. ERAS is a global climate dataset
developed by the European Centre for Medium-Range Weather Forecasts (ECMWF) under the
Copernicus Climate Change Service. This program is a part of the European Earth Observation
programme. ERAS provides a variety of high-resolution data for meteorological variables
including wind variables, like u;0 and vi0, which were used for wind speed analysis. The two
variables correspond to eastward and northward wind speed at 10 m above the ground and offer

a directional breakdown of wind patterns (Dupuy et al., 2023).

To derive wind speed, the following Eq. is applied (L1 et al., 2025):

WS = \/(u10)2 + (v19)° “4)

This equation allows to convert the vector components into a single scalar value, representing
wind speed at each grid point. This step is widely used in meteorological studies to obtain wind

speed estimates from reanalysis data (Alizadeh et al., 2019).
o Geostatistical downscaling approach

High-resolution wind speed data were created using geostatistical downscaling. This method
ensures the preservation of small-scale details in the data; therefore, resulting in more accurate

and better representation of local scale variables like wind speed (Tang and Bassill, 2018).

Since the ERAS wind data are coarse, they were downscaled using land cover/land use data.
To downscale these data, LULC data were used to calculate surface roughness, since we need
the values of surface roughness to perform geostatistical downscaling. Surface roughness in
consider as the ability of a surface to resist airflow and consequently affect wind speed. Each

LULC type has a unique roughness value (Meier et al., 2022). These values were used to assign
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weights in each ERAS grid cell, allowing the coarse wind speed to be adjusted (for instance
there are areas with high development or vegetation, which lead to lower wind speed and there
are open areas, which leads to increase wind speed) (Marsh et al., 2023). This method helps to

produce wind speed dataset that better show local variations (Fu et al., 2024).

3.2.4. Reference Temperature
The intensity of UHI can only be calculated using non-urban reference points, which were
supplied as rural temperatures in this research. Monthly and seasonal reference temperatures
were estimated based on data from a Netatmo weather station with negligible human activity
and development outside the study area. The conditions at the reference stations provide

reference points to quantify UHI and analyse its trends.

Table 2. Data Sources and Specifications

Dataset Source Spatial Resolution Temporal
Resolution
Temperature Netatmo ~30 m monthly
Wind Components (ul0, vi0) ERAS5 (ECMWF) ~30 km monthly
NDVI, NDBI, LSA Landsat 8 30 m (spatial) monthly
Reference Temperature Netatmo (Rural Station-specific monthly
station)

3.2.5. Local Climate Zone (LCZ)
The studies of UHI, are mainly discussed with regards to local field sites, which have different
physical and climatological characteristics. These sites are referred to as urban and rural areas,
which can cause some uncertainties for the impact of land cover in the respective sites. To
address this issue, the “local climate zone” (LCZ) classification system has been developed.
The LCZ system introduces 17 different zones, which represent at a local scale. Each type has
a unique combination of different characteristics including surface structure, cover, and human
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activity. This system provides a standard framework for reporting and comparing field sites
and their representative temperature records. Although the LCZ system at first was introduced
for urban heat island studies, it can also be used for city planning, investigation of landscape

ecology, and global climate change studies (Stewart & Oke, 2012) (Figure. 5).

LECL 2 Compact midrise 1.C2 3. Compact low-rise
[T LY 1E: 40 v 04 13
ARI13TS A IESO AR:LIZ S 1500
H: 1.5 T pH b_s A
TH: 6.5 AM: 375 AH: 375
1 55 3" s

LLZ 6, Upn luw iz

LOZ | Campact highense
A K] IF: 50

AR LS SA: 1650
H: 375 A5
TH: & Al 175
1 s

[Ker s s Clpeen mtelei e

o _?.“4. iy SV 1165 17 40 SV 078 I35
:1'-- 1'!; Ist;-]l’mru ARz 0,525 SA: 170 AR: 0,525 S 1300
H: 375 A UL18S H: 175 A0S 165 .-\_r||_|,§§
TR: 73 All 25 Th 53 AM 173 rl: :.Ds All: 125
nr: - uE 30 RF:

LC7 & Large bow.rise

LOCE 7. Lightweight low rise V085 IF: 5%

SV 035 IF: I

LCZ 9. Sparsely buil
SV-09 1F: 19
ARIOIIS SA LA
H: 6.5 ERINE ]
TR: 5.3 AH: S
BE 15
. L7 B Scanered rees
L&z],"; Petse e SVi065 IF:S
Al A AR 0.5 SA: 900
182 16,5 ArDLS H:2 Al
TH:® Allzi IR: 5.5 AH: 0
RF: § BF: 3

5 ARz02 BA: 1650
AR LS 3 1250 2
Ha b Hoo3 A2
pltne Th: S AH: 25
: S17
TH: 4.5 AH 7S BE: 40

LCE €. Bush, serubs LCZ D, Low plars i

SV:D8S IF:5 SV 1E:5 AR: .05 SA: 1850

AR U625 S0 ARLOS SA: 1400 s il
o : H: 0,128 AD223

H:1 A 0225 H: k5 Az 02 TR: 1.8 All: 0

TH: 4.5 AH: 0 TR 35 Al 0 HE 5 :

BE: § nr: s )

LCZ G. Water

LCZ F, Bare soil of s
SV 005 IF; 5

SV 095 IF: 5

Al 0,05 SA: 1000 AHLILOS SA 130

1: 0,125 Az0.228 H: 0 Azl

TR; 1.5 AH: D TR: | AllzD
B3

RE: &

Figure. 5 Local Climate Zone Classes
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3.3. UHI Intensity Calculation and Classification

All raster layers are standardized to a spatial resolution of 30 m for ensure compatibility and
reduce distortion. Furthermore, identical resolution improves processing efficiency and
reduces computational burden, as well as ensuring the accurate representation of spatial
features. UHI, representing the temperature difference between urban areas and the rural

reference points, is calculated according to Voogt and Oke (2003) as follows:
UHI Intensity = Tyrpan — Trura &)

where, T, pan 1S air temperature of the urban area and T, is air temperature of the

corresponding rural reference area.

After calculating UHI intensity using the above formula, we classify the results into 6 different
classes to make the results better understandable and comparable. These classes are shown in

the Table 3:

Table 3. UHI intensity classification

Classes UHI
Very Low UHI <=1
Low 1<UHI<=2
Moderate 2<UHI<=4
High 4 <UHI <=6
Very High 6 <UHI<=8
Extreme UHI>8

Previous research (e.g., Oke, 1982) was adopted as the basis for UHI intensity categorization,

but adjustments were made to tailor the categories for Stockholm. Typical summer UHI
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intensities in Stockholm range between 1°C and 4°C but might exceed these values during

extreme events such as the 2018 heatwave, when UHI intensity exceeded 6°C (SMHI, 2019%).

These thresholds are not official policy standards but have been adapted to reflect Stockholm’s
specific climate and urban layout. They offer a locally relevant way to identify areas at high
risk from heat and to help focus mitigation and adaptation efforts, especially as temperatures

rise and heatwaves become more frequent.

3.4. Creation of Local Climate Zone (LCZ) Map

e Local Climate Zone (LCZ)

The LCZ base map was generated based on land use maps through reclassifying land use
categories into LCZ classes in ArcGIS according to standard definitions, similar to previous
research such as Perera & Emmanuel (2018) and Danylo et al. (2020). The workflow by Quan
et al (2018) was adopted in this study, wherein each land use is initially considered to be an

LCZ and is subsequently refined using parameter overlays.
o LCZ classification

LCZ map was created with the help of a land use map of the area, which was a base map, and
after that was better refined to have the LCZ map using several calculated parameters. These

include:

1. Building Surface Fraction (BSF): Proportion of building area to total area.
The building surface fraction was calculated using the building footprint data. These
data are in vector format, so for a better analysis they are converted to raster format.
The pixels, which have buildings in them are assigned as 1 but the other pixels without

buildings were assigned 0. Then, BSF was calculated dividing the number of building

3 https://www.smbhi.se/en
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pixels by the total number of pixels for each cell. These approach considers a uniform
coverage, so it may not show a good representation of the areas with mixed land cover

2. Average Building Height (BH): Mean building height in the study area.

To calculate BH, first, a Digital Surface Model (DSM) was used, and then the average
height for each cell was directly extracted and calculated.

3. Road Density: Total road length per grid cell.

At first stage the road width is calculated. Since the road density file was in the vector
format, this format was then converted to raster for easier analysis to calculate the roads
in each cell. The accuracy of this approach depends on the datasets available for the
analysis.

4. Vegetation Coverage Ratio (VCR): Proportion of vegetation-covered area to total

area.
It was calculated from NDVI rasters created using satellite images. The proportion of
vegetated pixels within a cell gives the VCR. Although this method works well for
identifying green areas, it can be affected by the time of year the satellite image was
taken, since NDVI values vary with the season and weather conditions.

5. Impervious Surface Fraction (ISF): Proportion of impervious surfaces to total area.
This was calculated using land cover rasters that classify artificial surfaces. The number
of impervious pixels was divided by the total number of pixels in each cell to get the
ISF.

6. Sky View Factor (SVF): Representing the openness of the sky at ground level.

Calculated using the weighted height raster to approximate visible sky, following approaches

outlined in Ren et al. (2020).
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Each of these parameters plays a role in distinguishing LCZ types, from dense urban

environments to vegetative and open spaces (Zhou et al., 2021; Qiu et al., 2018). Table 4

shows the different LCZ classes in the case study area.

Table. 4 Local Climate Zone (LCZ) classification in the study area

LCZ Class Description
LCZA Dense trees: Forests with high, continuous
canopy cover.

LCZC Bushes: Shrubs or bushes with minimal canopy
height.

LCZD Low plants: Grasslands, meadows, or

agricultural fields.
LCZE Bare rock or paved: Hard surfaces with no
vegetation.

LCZF Bare soil or sand: Loose, exposed soils or sandy
areas.

LCZG Water: Rivers, lakes, or other permanent water
bodies.

LCZ2 Compact mid-rise: Moderately dense areas with

mid-rise buildings.
LCZ3 Compact low-rise: Dense areas with low-rise
buildings.

LCZ5 Open mid-rise: Mid-rise buildings with open
space.

LCZ6 Open low-rise: Low-rise buildings with open
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LCZ8 Large low-rise: Large low-rise structures

LCZ9 Sparsely built: Scattered small buildings with
open land.
LCZ10 Heavy industry: Industrial areas with low and

midrise structures.

e C(lassification process

The classification process started by developing an LCZ base map on the existing land cover
and land use data, which was reclassified into LCZ types based on the findings of Perera and
Emmanuel (2018) and Danylo et al. (2020). Final LCZ types were connected to the different
land use classes to create the first baseline, which would be modified later on. To accomplish
this, attributes correlating to the crucial urban morphology determinants were calculated,
specifically Building Surface Fraction (BSF), Average Building Height (BH), Road Density
(RD), Vegetation Coverage Ratio (VCR), Impervious Surface Fraction (ISF), and Sky View
Factor (SVF). These attributes were created from constant raster layers based on spatial
analysis tools in ArcGIS, such as the Raster Calculator and 30m spatial resolution. Then, the
LCZ base map was modified based on these factors of consideration through raster overlay,
which follows what other research studies had accomplished, such as in Quan et al. (2018),
where findings emphasized that spatial variability across a type of urban form and
characteristics could enable more accurate final classifications. The resulting raster had values
ranging between 1.45253 and 16.4526, which were assessed and reclassified based on threshold
values established from the literature review, while accuracy was confirmed through visual
validation with the satellite imagery and land cover data. Therefore, the resulting map was an

effective representation of the characteristics of spatial variability between urban and natural
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areas of the study location, which provided further confidence in the classification process.

(Figure. 6).
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Figure. 6 Local Climate Zone Map Creation Process

3.5. Machine Learning Models

Linear Regression

Linear regression is a simple yet capable method of modelling a relationship between a
depended variable Y (here, UHI) and independent variables Xi (here, indices). The general

equation for a linear model is represented as (Maulud & Abdulazeez, 2020):
Y =B+ 2 BiXi+ e (6)

Where:
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e Y is dependent variable, X;is independent variable i., f; is coefficient for the

independent variable /, and € is error term.
Support Vector Regression (SVR)

SVR is a robust regression technique designed for high-dimensional datasets. Unlike linear
regression, it uses kernel functions to map data into higher dimensions, allowing it to model
non-linear relationships. Its objective is to find a function f (x) that approximates the true target

y, minimizing prediction errors within an € insensitive region (Vapnik, 1995):
min (5 12 + € By max 0, ly; — f ()| — ) @)
Where:

o w: Weight vector.

e (C: Regularization parameter.

e ¢€: Margin of tolerance.

SVR is particularly effective in urban climate studies due to its ability to handle sparse, noisy

datasets while maintaining high generalization accuracy (Awad et al., 2015).
Decision Tree Regressor

Decision tree regression operates by deconstructing a complex decision into simpler
component parts, making it easier to understand (Breiman, 2017). In the context of
geographical and spatial analysis, data features represent the predictors and the target variables
is considered to be continuous. Decision tree regression represents an efficient technique for
analysing non-linear relationships between spectral bands and mixed pixel class proportions.
Another advantage of this method is the selection of the most informative features while

performing feature selection and classification, which further improves efficiency by
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eliminating less informative features. The dataset is progressively divided into smaller groups

to minimize variance, measured using Mean Squared Error (MSE):

1 ~
MSE = 3 %iL i — 9)? (®)
Where N is Number of samples.

K-Neighbors Regressor

This algorithm predicts by averaging the values of the k-nearest neighbors. It is simple and
interpretable but struggles with high-dimensional data due to the "curse of dimensionality"

(Altman, 1992).
y= %Zéll Yi ©)
Where:

e y;: Values of the nearest neighbors.

Random Forest

Random Forest (RF) is a machine learning method that uses multiple decision trees created
from random samples of data. It selects a subset of predictors at each split, reducing tree
correlation and improving model accuracy (Breiman, 2001). Important parameters include the
number of predictors per split and minimum node size. It also uses proximity matrices to

identify outliers by measuring how far observations deviate from others (Izenman, 2008):

N~ 1

9 =23, f,(X) (10)
Where:

e fi(X): Prediction from tree j.

e M: Number of trees.
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Extra Trees Regressor

This method constructs a decision tree, but using randomized splits. Although this method is

faster than Random Forest, the results are more difficult to interpret (Breiman, 2017).
XGBoost

XGBoost (Extreme Gradient Boosting) is a powerful ensemble algorithm that optimizes
decision tree performance through gradient boosting. It uses regularization techniques to
prevent overfitting and is known for its high accuracy and efficiency in competitive modeling
tasks. XGBoost is particularly effective in managing missing data and capturing non-linear

relationships (Gonzélez et al., 2020; Chen & Guestrin, 2016):
L=3luy) + Aol (11)
Where:

e 1(y;,%): Loss function.

e A: Regularization parameter.
3.6. Model Evaluation Metrics
To assess the performance of the machine learning models used for predicting UHI intensity,
several standard evaluation metrics were employed. These metrics evaluate how well the

predicted UHI values match the observed or ground-truth values, allowing for objective

comparison of model accuracy and reliability.
Models are evaluated using the following metrics:

Root Mean Squared Error (RMSE): Measures prediction error, emphasizing larger deviations:
1 “~
RMSE = (151~ 50? (12)
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This metric highlights larger errors by squaring the deviations, making it particularly sensitive

to outliers (Chai & Draxler, 2014).

Coefficient of Determination (R?): Quantifies the proportion of variance explained by the

model:

2L Gi-9)?

2
R =1-5% 055 (13)

This metric measures the goodness-of-fit of the model, with values closer to 1 indicating higher

predictive power (Nagelkerke, 1991).

Mean Absolute Error (MAE): Measures the average magnitude of prediction errors, offering a

straightforward interpretation:
1 ~
MAE = %L1y — 3 (14)

Unlike RMSE, MAE treats all errors equally without emphasizing larger deviations (Willmott

& Matsuura, 2005).

These metrics collectively assess both predictive accuracy and model efficiency, enabling

robust evaluation and comparison.

3.7. Climate Change Projections Methodology

The dataset includes a number of downscaled projections based on General Circulation Models
(GCMs) developed for the CMIP6 project. Due to their global nature, GCMs utilize a coarse
resolution (~100 km), while the data offered by NASA NEX-GDDP-CMIP6 are available at a
smaller resolution (~25 km). The period from 1984 to 2000 comprised the historical portion of
the dataset; projections were made for until 2100 using a range of greenhouse gas emission

scenarios.
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We used climate model results and the data from Netatmo in Stockholm in this thesis and the

station data give us a good baseline for seasonal temperatures from 2014 to 2023.

The methodology involves:

1. Extracting seasonal mean temperatures (summer and winter) from each selected climate

model for both historical (1984-2014) and future periods (2030-2039).

2. Calculating the difference (anomaly) between future and historical seasonal means for

each station location.

3. Adding these anomalies to the observed recent seasonal means from the Netatmo
stations to generate station-specific seasonal temperature projections under each

emission scenario.

4. Organizing the projected seasonal temperatures into an Excel workbook, structured by

year, station, season, and scenario, to enable detailed temporal and spatial analysis.

3.7.1. Climate Models Used (ACCESS-CM2 and CESM2)
For the CC projection, we used two General Circulation Models (GCMs) from the NASA

NEX-GDDP-CMIP6 dataset, the first one is “ACCESS-CM2” and the second one is “CESM2”.

3.7.2. Emission Scenarios (SSP1-2.6 and SSP5-8.5)
For projection of climate change, we consider two different SSPs (Shared Socioeconomic
Pathways) scenarios, SSP1-2.6, which is the best-case scenario, and SSP5-8.5, which is the

worst-case scenario when considering the greenhouse gas emission.

SSP1-2.6 represents conditions where nations across the world minimize emissions, use clean
energy, and adhere to strict climate regulations, leading to minimal temperature changes. On

the other hand, SSP5-8.5 presents the conditions where the widespread use of fossil fuels
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persists, climate action is general disregarded, and energy use keeps pace with rapid economic

growth, leading to significant rise in global temperatures.

The resulting temperatures from both scenarios are then compared to the historical reference
temperature from 1984-2014 and when we have significant differences we considered them as
temperature anomalies. These temperature changes are added to the real temperatures observed
from Netatmo weather stations in Stockholm for 2014 to 2023. This method is called delta
change method. It works by taking the current observed temperature and adding the projected

change. This way, we get the future temperature estimates for each station under both scenarios.

We use delta change method because it is simple and strong. It helps combine detailed local
data with big scale climate model results. This way, the study can give a good idea how UHI

might change in Stockholm in the next years.
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4. Results

4.1. Local Climate Zone (LCZ) Map Analysis

After completing the initial UHI analysis, a LCZ map was created to enhance the classification
of the study area and improve the understanding of the relationship between urban morphology
and UHI intensity (Figure. 7). The map shows that there are 13 different classes in the study
area, which are 4 classes less than the original classification. The classes, which are not in the
area are LCZ B, LCZ 1, LCZ 4, and LCZ 7, which represents scattered trees, dense urban areas
with tall buildings, tall buildings with significant open space, and lightweight low-rise,
respectively. LCZ helps us to have a more in depth understanding of how different urban

characteristics can affect the UHI.
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Figure. 7 Local Climate Zone (LCZ) map of Stockholm city, Sweden
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4.2. UHI Mapping Results
The generated maps for each season highlight areas experiencing varying levels of UHI

intensity. The maps were classified based on the table below:

Table. 5 Classification of the UHI threshold

Classes Threshold (°C)
Very Low UHI <=1
Low 1<UHI<=2
Moderate 2<UHI<=4
High 4 <UHI<=6
Very High 6 <UHI<=8
Extreme UHI > 8

In the winter of 2014, January to February experienced the most UHI amongst the other
months. In this month the UHI was mostly moderate and high, especially in areas that did not
experience more UHI. For instance, in the northwest parts of Stockholm in other months, there
were only low values of UHI, however, in January to February these areas faced moderate and
high UHI. On the other hand, in the summer, the UHI mostly were low to moderate and in
small parts high and very high. In the three months of summer, the UHI had similar shape

(Figure. 8).
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Figure. 8 UHI Intensity Map for 2014

In 2015, the UHI patterns were different between the winter and summer seasons. From
December to March, the Urban Heat Island was mostly moderate to high, and in some parts
even very high and extreme. For example, in Dec-Jan the central and eastern areas like around
Sundbyberg (in the central parts of the cast study) had many very high and extreme spots of
UHI. These places maybe did not face such strong UHI in the other months. In Feb-March,
also many areas showed higher UHI compared to Jan-Feb, especially again in central

Stockholm.

In summer months like June-July, the UHI was mostly low and very low. Large areas were
blue and light blue, which means not so much UHI during that time. July-Aug had similar
pattern. There were some small parts with moderate UHI (yellow), but mostly the map shows

cool or less heated areas. However, in Aug-Sep there were higher UHI values in the case study.
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In general, winter again had stronger UHI than summer in 2015. Also, the shape and pattern of
UHI in summer was similar across the first two months, and in winter the highest values

appeared more in Dec-Jan and Feb-March (Figure. 9).
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Figure. 9 UHI Intensity Map for 2015

In 2016, the UHI in the winter months showed a clear pattern where Jan-Feb had the strongest
UHI compared to the other months. In this period, many areas in central Stockholm, especially
around Sundbyberg and the inner districts, experienced high and very high UHI values. Even
places that usually had low UHI in other months showed moderate to high values in Jan-Feb.
In the months of Dec-Jan, we had moderate class as the main class spread in different parts of
the case study but there are some parts with high class of UHI in the west parts of the area. In
Jan-Feb, we have areas with extreme class showing a big temperature difference between these
areas and rural areas. But in Feb-Mar, these differences are less and the UHI is very similar to

Dec-Jan month.
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In the summer of 2016, the UHI was mostly low to moderate. In June-July, most areas showed
moderate to high UHI. July-August had lower UHI than June-July, with larger parts of the city
showing light blue colors, meaning less UHI. In Aug-Sept, there was a very slight increase
again, with some moderate UHI values appearing in central areas. But in general, the summer
UHI was weaker than winter, and the shape of the UHI zones in summer was more stable across

the months (Figure. 10).
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Figure. 10 UHI Intensity Map for 2016

In 2017, the UHI in winter was again strong, Dec-Jan was the month with the highest UHI. In
that period, many areas in central and northeast Stockholm had very high and even extreme
UHI values. These areas had much stronger UHI than in Jan-Feb or Feb-March. In Jan-Feb,
the UHI was mostly moderate to high, especially in areas like south part of Stockhom, where
very high UHI spots were visible. In Feb-March, some parts still had high UHI, but the intensity
slightly decreased compared to Dec-Jan and Jan-Feb. Still, central Stockholm remained warmer

than the surroundings.
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In the summer of 2017, the UHI was quite low. In June-July, many areas were blue and light
blue, meaning very low or low UHI. The central zones had less UHI than usual. In July-Aug,
the UHI stayed very low, and only a few small areas had moderate values. This was one of the
coolest periods in the summer maps. In Aug-Sept, UHI increased a little again, especially in
the central parts where some yellow zones appeared. But overall, just like in 2016, the winter
UHI was much stronger than the summer, and the UHI shape was similar across the three

summer months (Figure. 11).
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Figure. 11 UHI Intensity Map for 2017

In 2018, the UHI patterns in the winter season showed noticeable differences between the
months. Jan-Feb experienced the lowest UHI compared to the other winter months, with most
parts of the map showing low and very low UHI intensity. The areas were mostly blue, meaning
they were not much affected by UHI during this period. But in Feb-March, the intensity of UHI
increased clearly. The most noticeable part was in the northern area of Stockholm, especially

around Kista, where UHI values became high and even very high. These zones that are usually
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more built-up and urbanized had strong UHI effect during this month. Dec-Jan was more in
between, with the UHI mostly in the moderate level. There were no large areas with very low
or very high UHI and it stayed around average values. In the summer season, the patterns
changed again. June-July had the lowest UHI of the three months, and large parts of the map
were light blue, showing cool temperatures and weak UHI. In July-Aug, the UHI increased,
especially in the central parts of the case study, where yellow and orange areas appeared,
meaning high and very high UHI. This was the hottest month in the summer of 2018. Aug-Sept
came next with lower intensity than July-Aug, but still more than June-July. So, the summer

of 2018 had a gradual rise and fall, with the strongest UHI in the middle month (Figure. 12).

i

~Sollentuna
. %

NGA N, USGS e NS, N, USGS
Botkyrka L8 b Botkyrka ‘ 5 = o
178 17550 17955 18 18°5 1810

T
5010

Water Bodies

——  Soundary 2
v Low erate ig fery Hig! — | Kilometers

______ Terrain Refsrsnce Urban Heat Island Intensity Level

Figure. 12 UHI Intensity Map for 2018

In 2019, the UHI intensity in the winter was stronger than in 2018. Jan-Feb had one of the
highest UHI intensities, with only a few small spots showing low UHI. Most of Stockholm was
covered in moderate to extreme UHI values, especially in places that are more urbanized. This

month really stood out in terms of heat accumulation. Dec-Jan and Feb-March also showed
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strong UHI, and the pattern between them was quite similar. In both maps, places like Kista
and other dense zones had higher UHI. These are the areas where population and buildings are
more concentrated, so they usually have stronger UHI during colder seasons. The maps didn’t
change a lot in shape between these two months, but the intensity was quite consistent and
strong. In the summer of 2019, the pattern was more stable. June-July and Aug-Sept both had
similar UHI distribution. Most parts of the map were in low to moderate levels, with not many
areas having very high UHI. But in July-Aug, the UHI rose clearly and many places became
warmer. There were more orange and yellow spots, especially in central and southern parts.
That month had the peak summer UHI in 2019. So, like in 2018, the middle summer month

had the strongest heating (Figure. 13).
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Figure. 13 UHI Intensity Map for 2019

In 2020, the winter months showed consistent and quite high UHI intensity throughout the
whole season. Dec-Jan was the month where the UHI became stronger compared to the

previous years, with large parts showing high UHI, especially in the central parts of the case
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study. Jan-Feb followed with almost the same pattern. Most areas had moderate to extreme
values, and only some few parts had low UHI. The whole city seemed to be affected more than
usual. Feb-March continued with the same strength, and the pattern didn’t change a lot. That
winter had very strong UHI in general, and it was visible across all three months. In summer,
Aug-Sept had the highest UHI of the three months, with many zones in the center and west
showing high and very high UHI. Yellow and orange colors were more dominant in this map.
July-Aug was the second hottest month in the summer, still showing high values but a bit less
than August-September. June-July had the weakest UHI in 2020 summer, but still higher than
the same period in some other years. In general, the summer in 2020 had overall higher UHI

values than usual, and the central urban zones were the most affected (Figure. 14).
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Figure. 14 UHI Intensity Map for 2020

UHI intensity in Stockholm showed distinct seasonal trends in 2021. During the summer the
highest UHI were mainly “Low” to “Moderate”, with the exception of Kista where “Very

High” levels of UHI were observed. Kista is an urban region in north-western Stockholm where
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the presence of impervious surfaces and lack vegetation might have intensified UHI.
Conversely, areas bordering green spaces and water bodies recorded “Very Low” to “Low”
levels. In the winter of 2021, overall UHI was more intense, particularly in central parts of the
city and suburban areas with greater populations. At the same time, some urban areas still
recorded “Very Low” to “Low” intensity. These results indicate that UHI persists during colder

months (Figure. 15).
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Figure. 15 UHI Intensity Map for 2021

The patterns for the summer of 2022 were similar to the previous year. However, areas with
“Moderate” UHI intensity covered a larger portion of the city, likely due to higher temperatures
or decreased vegetation coverage. Areas bordering green spaces and water bodies maintained
“Low” UHI intensity, similar to 2021. In winter, UHI intensity was higher compared to 2022,
but areas with “High” and “Extreme” intensities showed a broader distribution compared to

2021, suggesting that localized effects persisted (Figure. 16).
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Figure. 16 UHI Intensity Map for 2022

In 2023, the winter showed some clear variation between the months. Feb-March had the
highest UHI among the three winter months. Many areas in the central and northern parts had
orange and red colors, meaning high and very high UHI. This was the peak winter month in
terms of UHI. Dec-Jan had mostly moderate values, with a mix of yellow and green colors. It
wasn’t too low or too high, just stayed in the middle range. Jan-Feb had the lowest UHI, where
a lot of parts of the case study were in light blue shades. That means the UHI effect was not
strong during that period. In the summer, the result was a bit different than in previous years.
Surprisingly, June-July had the highest UHI intensity. In this month, especially in the central
areas of Stockholm, there were many yellow and even some orange spots. July-Aug and Aug-
Sept followed with similar UHI shapes and moderate values. But it was clear that early summer
was the hottest period in 2023, not the middle or end. The distribution stayed quite stable

between the summer months, but the intensity was strongest in June-July (Figure. 17).
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Figure. 17 UHI Intensity Map for 2023

For the temporal evolution analysis of UHI, the results showed a noticeable increase in UHI
intensity, especially for the summer months. For instance, in some areas like dense build-up
areas, which have impervious surfaces and low vegetation cover we have increased
temperatures. Also, there are some interannual variability and the overall trajectory shows a

increase of UHI over time.

With respect to LCZs, areas with higher building density in the city centre and those with larger
populations experienced higher UHI intensity, likely reflecting the larger number of buildings,
limited green spaces, and more surface area to absorb heat. LCZ 2 class (compact mid-rise)
were most affected but UHI through the entire study period, showing moderate to very high
UHI. Areas belong to LCZ 2 class are mainly located in central and eastern Stockholm, and

rarely experience low UHI values.

LCZ 8 class, which is large low-rise: Large low-rise structures and is placed around north parts
of the case study particularly, Kista, had also the most UH intensity between the LCZ classes.
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This area known as one of the more populated areas in the case study. In most of the months
and years, Kista showed very high and even extreme values of UHI, especially in winter
seasons. Since LCZ 8 includes large structures with less ventilation and also more heat sources,
it makes the area warmer. After LCZ 8, LCZ 6, which is open low-rise: low-rise buildings with
open space class showed more UHI intensity in the area. These are the more suburban areas
with some open space between buildings, but still not much greenery. UHI in these areas was
mostly moderate to high in several periods, although sometimes they showed low values too,

depending on the month.

On the other hand, LCZ A, dense trees: forests with high, continuous canopy cover class as
expected showed the lowest UHI intensity for the study period with very low to low UHI
intensity in most years in the study period. These areas are more natural, and located more
outside of the built-up zones. Because they have more trees and shade, and also cooler surfaces,
they usually didn’t show any high UHI even during the summer months. Most of the time, LCZ
A areas were blue or light blue in the maps, which means less heat. They were quite stable and

consistent and didn't experience strong changes in UHI across the seasons.

4.3. Machine Learning Model Performance
With a 10-year dataset (using a total of 40,000 sample points and a 70-30 train-test split),
multiple models were tested, and the results were obtained. Table. 6 represents the results and

performance of machine learning models, considering all the datasets.

Table. 6 Performance of different machine learning models

Models RMSE (°C) R? MAE (°C)
Linear Regression 6.7194 0.4045 5.6834
Ridge Regression 6.7194 0.4045 5.6834
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Support Vector 5.5186 0.5983 3.1915

Regression (SVR)
Decision Tree 0.8954 0.9894 0.3314
KNeighbors 4.9362 0.6786 2.8893
Random Forest 0.6527 0.9944 0.2566
Extra Trees 0.7382 0.9928 0.3332
XGBoost 0.6816 0.9939 0.2917

Tree based models (i.e., Random Forest, Extra Trees, and XGBoost) outperformed simple
linear models. Overall, the Random Forest model exhibited the most consistent and robust
performance due to their ability to capture non-linear relationships and complex interactions
between multiple features, which are common in environmental and urban datasets, making it

the ideal model across seasons and years due to its accuracy and stability.

The models also revealed the most important factors influencing UHI intensity. Random Forest
and XGBoost were particularly remarkable in this regard, revealing the critical role of
vegetation cover, impervious surfaces, and proximity to water bodies. The results suggest that
expanding green areas and improving the design or urban environments can reduce UHI
intensity the most severely affected areas. Such models are especially practical in areas with
limited data and rapidly expanding urban areas. These models can infer general patterns and
make generalization for unforeseen situations, making them a valuable tool under current and
future conditions. Scenario-based modeling using these tree-based models enables
policymakers and planners to base decision making on the predicted impacts of interventions,

leading to more resilient and climate-aware urban planning.
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4.4. Climate Change Projections Results

4.4.1. Projected UHI Trends for Winter (2030-2039)

For the SSP1-2.6, the results shows that the UHI value is increasing towards the year 2039,
which shows a change in temperature in this scenario, which is a low emission and best scenario
between climate change scenarios. In the first years of the projection, for example around 2030,
the UHI value is estimated to be close to 1.12. But this value did not remain constant and
showed a consistent increasing trend, reaching approximately 1.22 by the year 2039. This
increase trend is not very high compared to the other scenario but yet shows a rise given the
study area’s current urban layout and population density. The steady rise in UHI under this
scenario suggests that even moderate increases in temperature due to climate change can have

a compounding effect on urban environments (Figure. 19).

With the worst-case scenario, scenario SSP5-8.5, the results of UHI are worse than before, for
instance, in 2030, the projected UHI is already around 1.21. As the years progressed, the trend
was upward, indicating a rise in urban heat intensity. By the year 2039, the UHI value had
surged to approximately 1.27, showing a much more dramatic increase compared to SSP1-2.6
(Figure. 18). This sharp rise highlights the severe impacts that higher global warming scenarios
can have on cities, especially when no significant mitigation strategies are implemented. The
growing heat intensity in this scenario can potentially lead to more frequent and intense
heatwaves, increased energy demand for cooling, and heightened risks for heat-related health

problems, making it a serious concern for urban planners and policymakers.
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Figure. 18 UHI trend in winter under SSP1-2.6 and SSP5-8.5

4.4.2. Projected UHI Trends for Summer (2030-2039)

Under the SSP1-2.6 climate change scenario, an increasing trend was observed for 2030 to
2039, with higher values of UHI during summer months. The reason behind this event can be
associated with higher weather temperature during the summer season. According to the
obtained results, UHI intensity for the year 2030 was around 2.45, a high value for UHI,
followed by an increasing trend in the following years, reaching to a value of 2.5 by the year
2039 (Figure. 19). This increase in UHI values can be associated with the land use change,
urban expansion, and climate change impacts. This increasing trend underscores the thermal

stress in cities, even in those with moderately controlled emission rates.

For the SSP5-8.5 scenario, the trend of projection also showed an increase of UHI intensity in
the projection period. The projected UHI intensity in this scenario was of course more than the
SSP1-2.6 scenario, since SSP5-8.5 scenario is the worst SSP scenario. For instance in the year
2030, the UHI showed a high value of around 2.5, which is a higher value compared to this
year for SSP1-2.6 (Figure. 20). This trend of projection is increasing year by year making the

summer 2039 the highest UHI intensity with around 2.6. Although the increase in the values
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might seem not high, when considering this increase with some other variables and factors like

humidity or other factors, the values can be considered significant.
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Figure. 19 UHI trend in summer under SSP1-2.6 and SSP5-8.5
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5. Discussion

5.1. Interpretation of UHI Seasonal Trends

This study revealed the similarity in seasonal patterns across different years. Larger differences
were observed between urban and rural areas during winter, particularly in January—February
or in some cases December—January. The most affected areas remained the same across the
year, including central Stockholm, Sundbyberg, and Kista, where there is dense development

and limited green spaces.

A shift from low to moderate or high intensity levels of UHI was recorded in January-February
of 2014, 2015, and 2016. During this time, some areas in the northeast and northwest of the
city experienced moderate to high UHI, which is unusual since such intensities were not

recorded in these areas even during summer.

Summer UHI patterns were different with regard to intensity and spatial and temporal
distribution. Stockholm often experiences low to moderate levels of UHI in June, July, and
August. “Very high” and “extreme” intensities are rare and mainly occur in small parts of the
city centre. Spikes in UHI intensity can be observed in the middle of the summer (i.e., July and
August), but this rise is significantly smaller in magnitude compared to similar events during
winter; the clearest examples of this phenomenon occurred in two consecutive years: 2018 and
2019. It starts with low UHI intensity in June, followed by an increase the value of UHI in July
and August. Finally in September the UHI intensity declines, and the cooling process begins.
However, in 2020, this cycle was broken, showing higher UHI intensity in September and

August in comparison to July. This pattern was observed in 2021 and 2022, as well.

The small gradual rise in UHI during summer (especially in August and September) from low
to moderate levels appears to be independent of the annual UHI trend. This trend could be

explained by urban development and general warming trends.
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In general, the seasonal UHI patterns are consistent, characterized by higher levels in winter
and lower levels in summer. However, more areas experience moderate UHI during summer.

These observations underscore the importance of seasonal UHI analysis.

5.2. UHI in Cold Climate Cities

Literature review revealed that most studies on UHI have been conducted for case studies in
warmer climates. However, studies which explore the UHI, its impacts on human well-being,
energy use in colder climates are rare. The pattern of UHI in cities with colder climate like
Stockholm is complex, making it require new pathways of strategy for heat management

(Manoli et al., 2019).

The more intense UHI observed during winter can act as a buffer against extreme cold and
offset energy cost and energy demand, particularly in highly-developed areas. Furthermore,
warmer temperatures in urban areas can offer a level of protection for infrastructure against
freeze-thaw cycles® by reducing frequency and intensity, leading to savings in maintenance and

repair costs.

However, the negative impacts of UHI should not be overlooked, even in colder climates. The
city centres in these regions are specially affected by heatwaves since there might be lack of
green areas in these regions. These heatwaves can affect the people with health conditions or
elderly people. When the heatwaves become more frequent because of climate change, cities

in colder climates should be prepare for strategies to combat these events.

Overall, cold-climate cities such as Stockholm should strive to achieve a balance between the

opportunities and challenges posed by UHI by developing methods to capitalize on the

4 Freeze-thaw cycles occur when surfaces freeze overnight and thaw during the day, resulting in the damage of
roads, sidewalks, and other infrastructure.
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phenomenon during winter and combat its negative effects during summer. The positive and

negative impacts of UHI in urban environments are summarized in Table 7.

Table. 7 Summary of UHI impacts

Potential Benefits of UHI (in Negative Impacts of UHI
cold climates)
Slight reduction in winter heating Increased summer cooling
energy demand demand
Reduced frost days in urban Elevated risks of heat stress and
areas mortality
Improved winter comfort in Poor air quality due to trapped
outdoor urban settings pollutants

Accelerated climate change
impacts in cities

5.3. Opportunities and Challenges of UHI in Winter

UHI can be beneficial during winter, particularly in colder climates. The captured heat in urban
environments maintains ambient temperatures above the surrounding countryside, which could
lead to a noticeable difference in cold cities such as Stockholm. Although this difference might
seem small, it could lower the total heating energy expenditure over the course of the entire
cold season, leading to economic savings and reduced environmental burden, especially since

heating represents a large share of total energy use (Roxon et al., 2020).

Warmer temperatures during cold months also shield infrastructure (e.g., roads, bridges,
pavements) against freeze-thaw cycles. Freeze-thaw cycles refers to temperature fluctuations
around 0°C which lead to expansion-contraction of materials and repeated freezing and
thawing of water. These repeated cycles of stress could shorted the life of infrastructure and

increase repair, replacement, and maintenance costs. In areas affected by UHI during winter,
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the conservation of heat reduces the number of these cycles, mitigating damage over time (Tan

etal., 2023).

It is worth noting that overemphasizing the advantages of winter UHI and designing around its
maximization could cause issues during warmer seasons. The same design principles which
make heat capture possible in winter (e.g., heat-retaining materials and compact, low-
ventilation layouts), prevent circulation and radiation of heat during summer, potentially
worsening UHI. At the same time, interventions targeted at cooling during summer (e.g.,
reflective roofs and cool pavements) could lead to heat loss in winter. Therefore, a balance

should be struck between heat preservation and exchange.

5.4. Green Infrastructure as a Mitigation Strategy

Green infrastructure has the unique advantage of offering benefits throughout the year. Tree
canopies, green roofs, and urban parks provide cooling during summer by providing shade and
absorbing heat via evapotranspiration. In winter, the same infrastructure offers insulation,

reducing heat loss and energy demand (Leal Filho et al., 2021).

Venter et al., 2020 found out that vegetation cover can really affect and help to control UHI
effects especially for areas with severe UHI in northern parts of Europe like Oslo, since
vegetation cover can affect microclimates and consequently improving thermal comfort.
Vegetation cover can also provide a good influence on health, which is a very good asset for

urban design.

Every city faces unique challenges with respect to UHI, so the management strategies should
be customized for each location to take into account climate, urban design, and energy use
patterns. In Stockholm, an integrated approach should draw upon the current green spaces and
incorporate innovative solutions to balance heat retention in winter and heat dissipation in

summer.
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6. Conclusion

The temporal and spatial pattern of UHI over the past 10 years was studied in this thesis. With
the help of remote sensing and machine learning the UHI were analyzed and the results shows
that dense, highly developed areas with limited vegetation were more affected by UHI during
summer, while highly reflective areas with more extensive greenery maintained lower
temperatures. Vegetation cover, studied using NDVI is one of the most important features for,
also buildings, studied with the help of NDBI, was the most strongly associated variable with

UHI. LSA and wind speed also played important roles in determining UHI patterns.

Between different LCZs, LCZ 2 class, which represents compact mid-rise and LCZ 8 class,
which is large low-rise showed the most affected class of UHI through the entire study period,
these areas are more populated and denser compared to other regions, while LCZ A, dense
trees: forests with high, continuous canopy cover class as expected showed the lowest UHI
intensity for the study period with very low to low UHI intensity in most years in the study

period.

Several machine learning models were used in this study and the results showed that the
Random Forest model was the best model because of the Random Forest ability to detect
complex non-linear relationships and avoiding overfitting. The model outputs were highly
accurate and offered insights into UHI dynamics. NDVI was the most influential variable once

more, showing the important role of vegetation.

To ensure the accuracy and validate the UHI model, a 70-30 data split method is used and the
results of the UHI analysis are compared and validated similar studies in Stockholm. Although
the model can be used for other case studies as well, but it should be noted that the dataset with

similar spatial resolution should be used.
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There are some limitations in this study that need to be addressed. The first limitation is the
coarse resolution of some data, for instance the CC projection models from NASA NEX-
GDDP-CMIP6 are coarse and since in this thesis we work with higher resolution data, it makes
the analysis more challenging. Also, there are some variables in this thesis, which are
considered constant, which is not something that happens in the real world. These variables are
NDVI, NDBI, LSA, and wind speed. Furthermore, some variables need to be considered for a
more in-depth analysis of UHI, since this thesis is more focused on geophysical analysis,
variables like population density or health impacts can be considered to have a more
comprehensive analysis of UHI. Although the random forest showed the best results, using

these results for an easy and understandable access could be challenging.

This works can be improved and expanded by incorporating projected urban development and
land cover changes into the modelling process. Additionally, using more detailed climate data
such as downscaled data or regional models can improve accuracy. Exploring the human
dimensions of UHI such as demographics, socioeconomics, and health would also enrich future
research by uncovering the most-affected populations. This research methodology could be
used to assess the impacts of different mitigation strategies such as increased green spaces and
reflective surfaces. Lastly, applying this framework to other cold-climate cities can elucidate

whether the patterns observed in Stockholm are generalizable to other cities.
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