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1. INTRODUCTION

1.1 Urban heat islands, heatwaves,
and urban overheating

Presently, over half of the world’s population lives in cities. Estimates indicate
that by 2050, 2.5 billion people will live in urban areas (Nazarian et al., 2022;
Wahba Tadros et al., 2021). While urbanization benefits economic growth
(Wahba Tadros et al., 2021), it also creates a never-ending demand for housing
and other amenities to ensure comfortable living. Pre-urban land cover is replaced
with artificial materials that cause urban areas to be warmer than their sur-
rounding rural areas (Giridharan & Emmanuel, 2018; Haddad et al., 2020; Oke,
1973; Rajulapati et al., 2022), an effect known as the Urban Heat Island (UHI).

Heatwaves are death-dealing natural disasters characterized by sustained high
temperatures that threaten human livability and impact regional economies
(Meehl & Tebaldi, 2004; Rajulapati et al., 2022). For example, over 30,000 heat-
related deaths were recorded across Europe during the 2003 summer heatwave
(Basara et al., 2010; Cheval et al., 2009; Li & Bou-Zeid, 2013). Heatwaves have
increased in frequency in the 21* century due to climate change (Banholzer et al.,
2014; Perkins-Kirkpatrick & Lewis, 2020). Climate change projections reveal
that the frequency, duration, and intensity of heatwaves will likely increase
further (Basara et al., 2010; Garcia-Leon et al., 2021; Meehl & Tebaldi, 2004;
Seneviratne et al., 2012).

While heatwaves elevate the ambient temperatures of rural and urban areas,
their associated risks are exacerbated in urban areas because of the physical
characteristics and anthropogenic activities responsible for the UHI effect. In the
event of heatwaves, urban areas become overheated, i.e., temperatures exceed
locally set thermal thresholds, resulting in an adverse impact on people’s health,
comfort, and productivity, as well as related urban systems (Garcia-Ledn et al.,
2021; Nazarian et al., 2022; Perkins-Kirkpatrick & Lewis, 2020). The thresholds
can be absolute or percentile-based (Perkins & Alexander, 2013).

The severe impacts of urban overheating require local mitigation strategies
and early warning systems. Evaluating heat hazards at different spatial scales, i.e.,
city-wide or on the street, building (indoor/outdoor), and human (indoor/outdoor)
scales, will inform mitigation strategies and increase urban resilience to heat
hazards (Imhoff et al., 2010; Middel & Krayenhoft, 2019; Nazarian & Lee, 2021).

1.2 Assessing urban overheating at different
urban climate scales
The arrangement of urban surfaces, relevant thermal metrics, and sensor
capabilities determine the scale at which urban overheating is assessed (Nazarian

et al., 2022; Oke et al., 2017). A basic unit of the urban surface is the urban
(building) canyon, which constitutes a street and the buildings adjacent to it
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(Middel et al., 2019; Oke et al., 2017). A group of adjacent urban canyons with
identical structures forming regular shapes (squares, rectangles, or triangles) or
irregular shapes make up a block (Oke et al., 2017). Up the hierarchy after the
block is the local (also neighborhood) scale, which includes land use classes fre-
quently used in urban planning (Stewart & Oke, 2012). The final scale of the
hierarchy is the city, which comprises different neighborhoods.

Overheating in urban canyons, quantified by metrics such as air temperature
and Mean Radiant Temperature (Twvrt), can be observed using weather stations,
net radiometers, and globe thermometers (Crank et al., 2020; Middel et al., 2019;
Nazarian et al., 2022). At the block, local, and city scales, Surface-air Tempera-
ture (SAT) measurements made at 2 m above ground, Land Surface Temperature
(LST), and intra-urban temperature variability are some of the relevant metrics
(Nazarian et al., 2022). Sensing instruments used at the block, local, and city
scales include meteorological networks, remote sensors aboard Earth-orbiting
satellites, and terrestrial mobile sensors (Oke et al., 2017; Voogt & Oke, 2003).
Advances in computational capabilities have allowed for evaluating overheating
at different scales using climate models (Bruse & Fleer, 1998; Chen et al., 2011;
Jarvi et al., 2011; Lindberg et al., 2008; Matzarakis et al., 2010; Middel et al.,
2019; Steuri et al., 2020).

1.3 Assessing UHI and overheating with remote sensing
at the local scale

UHI describes the difference between urban and rural thermal environments (For-
tuniak et al., 2006). The UHI is qualified as either Surface UHI (SUHI), Canopy
layer UHI (CUHI), or Boundary layer UHI (BUHI) depending on the thermal
metric and height of measurement (Oke et al., 2017; Zhou et al., 2019). The
radiative temperature of urban and rural surfaces describes SUHI (Deilami et al.,
2018; Voogt & Oke, 2003). Air temperatures between the surface and the roof
level (urban canopy layer) characterize the CUHI, while those between the roof
and urban boundary layer characterize the BUHI (Cheval et al., 2022; Zhou et al.,
2019).

The application of remote sensing to detect UHIs and assess overheating at
local scales has continued to increase since Rao (1972), according to Voogt &
Oke (2003). The remote sensing approach allows assessing the UHI at larger
scales, which is challenging to achieve using weather stations (Zhou et al., 2019).
Thermal remote sensing is practical for detecting SUHIs because the thermal
sensors record the upwelling thermal radiance from the Earth’s surface (Voogt &
Oke, 2003). The Land Surface Temperature (LST) parameter, calculated from the
thermal radiance, helps identify thermal hotspots and determine SUHI intensities
(Kapwata et al., 2022; Keellings & Moradkhani, 2020; Schwarz et al., 2011). In
addition to the thermal radiance, remote sensing imagery provides other measure-
ments useful in classifying Land Use and Land Cover (LULC) and calculating
metrics such as the Normalized Difference Vegetation Index (NDVI) (Fichera
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et al., 2012; Tucker, 1979). When combined with LST, these additional products
give insight into how different surface types contribute to the urban surface
energy balance and their relationships with LST (Osborne & Alvares-Sanches,
2019; Voogt & Oke, 2003; Weng, 2009; Zhou et al., 2019).

Despite all the advantages remote sensing provides, there are limitations.
Usually, a trade-off between spatial and temporal resolutions must be made when
using remote sensing data to understand urban overheating and UHI (Nazarian
et al., 2022). Properties such as satellite altitude, orbit, and sensor viewing angle
influence the remotely sensed images’ temporal and spatial resolutions. For
example, the Moderate Resolution Image Spectroradiometer (MODIS) LST has
a high temporal resolution (daily) and a coarse spatial resolution of 1 km. On the
other hand, Landsat satellites provide LST at a spatial resolution of 30 m (re-
sampled from 90 m) every 16 days. Furthermore, there is no guarantee that a sensor
will provide seamless images because clouds often obstruct a sensor’s view,
resulting in gaps (Sarafanov et al., 2020). Effective anisotropy caused by a sensor’s
biased view of the Earth’s surface introduces errors in LST estimates (Voogt &
Oke, 2003; Zhou et al., 2019).

1.4 Improving remote sensing datasets to assess SUHI
and overheating at the local scale

Reconstructing missing data and enhancing the spatial resolution of remotely sen-
sed images has received much attention. Crosson et al. (2012) explored creating
seamless MODIS LST products by fusing data from the MODIS Aqua and Terra
satellites. Shen et al. (2016) investigated combining data from different sensors
to fill gaps. Spatial and temporal interpolations using geostatistics have also been
used to fill gaps (Weiss et al., 2014; Zhang et al., 2022). Other studies relied on
the empirical relationships between LST and other parameters, such as NDVI, to
determine LST for missing pixels (Fan et al., 2014; Ke et al., 2013). Approaches
combining several methods have also been considered to fill gaps; for example,
Li et al. (2018) used merging and spatio-temporal interpolation to create seamless
LST for the contiguous United States, while Yao et al. (2021) used interpolation
and the relationship between similar LST products. Metz et al. (2017) also com-
bined interpolation with emissivity and elevation information to predict missing
data in MODIS LST.

Generating synthetic LST products at higher resolution (also downscaling) has
been proposed to make data available at desirable spatial and temporal resolution
(Bechtel et al., 2012; Hutengs & Vohland, 2016; Pu & Bonafoni, 2023). Wang
et al. (2020) downscaled 1 km MODIS LST to 100 m using a geographically
weighted autoregressive model. Weng et al. (2014) fused Landsat and MODIS
data to produce daily LST products without gaps. The Disaggregation procedure
for radiometric surface temperature (DisTrad) and Thermal Sharpening (TsHARP)
are popular in generating high-resolution synthetic LST (Agam et al., 2007; Huryna
et al., 2019; Kustas et al., 2003). TSHARP and DisTrad are techniques that use
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least-squares expressions built between LST and a vegetation cover parameter at
a coarse resolution to generate LST at higher resolutions (Agam et al., 2007; Kustas
et al., 2003).

The use of Machine Learning (ML) models to fill gaps and downscale coarse-
resolution LST data has gained much attention lately (Bisquert et al., 2016;
Hutengs & Vohland, 2016; Li et al., 2019; Sarafanov et al., 2020). The models rely
on the relationships between LST and various predictors. The relationships are
often challenging to model using conventional statistical models. Osborne &
Alvares-Sanches (2019) preferred ML models to evaluate the relationship
between LST and landscape compositions over statistical models. Li et al. (2019)
found ML algorithms superior to the widely used TsHARP algorithm in down-
scaling coarse-resolution LST. Using an ML-based geostatistical method, Xu
et al. (2020) downscaled a 90-m resolution ASTER LST to 10 m.

Most studies have focused on filling gaps or downscaling LST for a single day
or a few days to prove an algorithm’s suitability. Little has been done to generate
seamless daily LST datasets covering heatwave periods, with which SUHI and
urban overheating could be evaluated. Furthermore, attempts using ML models
limit model evaluation to a few regression evaluation metrics, such as Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and Mean Bias Error (MBE).
The explanation of how the models arrive at estimations and the suitability of the
resulting product for different land cover types have received little to no attention.

1.5 Microscale assessment of urban overheating
for heat action planning

Air temperature is a standard metric to evaluate urban overheating using sensor
networks or mobile measurements at microscales (Crank et al., 2020; Nazarian
et al., 2022; Oke et al., 2017). High-resolution satellite LST has also been used at
the microscale (Schwaab et al., 2021; Zhou et al., 2020). Quantifying the impacts
of overheating on urban dwellers at the microscale is essential. Air temperature
and LST are inadequate because they do not explicitly represent the heat load on
a person. Air temperature measurements do not account for the radiative
exchange between a person outdoors and their surroundings. Satellite LST is
limited to the horizontal plane and objects in a satellite’s instantaneous field of
view; the surface temperatures of rooftops are not beneficial in evaluating
pedestrian thermal comfort (Nazarian et al., 2022; Voogt & Oke, 2003).

Shade distribution and Twmrr are essential parameters for assessing outdoor
pedestrian thermal comfort (Dzyuban et al., 2022; Tabatabaie et al., 2019).
Reduced UV exposure, thermal discomfort, and heat stress are all benefits of
shade (Aleksandrowicz et al., 2020; Middel et al., 2021; Schwaab et al., 2021;
Tabatabaie et al., 2019). According to Handy et al. (2002), tree shade influences
people’s physical activity and improves the aesthetic appeal of streetscapes.
Many municipalities worldwide have focused their heat mitigation plans around
street trees to increase the thermal comfort of pedestrians (Jamei & Rajagopalan,
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2017; Speak et al., 2021; Wallenberg et al., 2022). For instance, the Victorian
government aims to increase the percentage of trees in the City North (Mel-
bourne) from 14 to 40% by the year 2050 (Jamei & Rajagopalan, 2017). Like-
wise, Brisbane and Bendigo, Australia, implemented the “shadeways” concept,
which considers street trees crucial to improving pedestrian thermal (Butt et al.,
2019; Deilami et al., 2020).

Twmrr quantifies the human body’s heat load and is significant in assessing
outdoor thermal comfort in cities (Guo et al., 2020; Hardy & Stoll, 1954; Vanos
et al., 2010). Turr represents all radiative fluxes (short and longwave) (Hoppe,
1992; Lindberg et al., 2008; Nazarian et al., 2022). It is a fundamental parameter
for calculating biometeorological indices such as Physiologically Equivalent
Temperature (PET) and the Universal Thermal Comfort Index (UTCI) (Crank
et al., 2020; Kriiger et al., 2014). A set of three net radiometers with sensors
pointing upward, downward, and in four cardinal directions, or globe thermo-
meters, can be used to measure Turt (Aviv et al., 2022; Guo et al., 2020; Middel
et al., 2016; Middel & Krayenhoff, 2019; Vanos et al., 2021). Although direct mea-
surements give valuable insight into a person’s heat load in a particular space at
a given time, spatially explicit and continuous Tmrr and shade maps are needed
to optimize site selection for municipal heat action plans.

Following Hoppe (1992), Lindberg et al. (2008) developed the SOlar Long-
Wave Environmental Irradiance Geometry (SOLWEIG) model, which simulates
high-resolution, spatially precise shadow patterns, radiative fluxes, and Tmrr for
large areas. SOLWEIG has been used in numerous geographic contexts to esti-
mate Tmrr in heterogeneous urban settings (Acero & Arrizabalaga, 2018; Alek-
sandrowicz et al., 2020; G4l & Kantor, 2020; Kong et al., 2022). In previous
studies, SOLWEIG has performed better than other radiation flux models (Chen
et al., 2014; Gal & Kantor, 2020; Szucs et al., 2014). Observational data used in
previous validation studies were limited to a single day or several days with only
a few sites (Aminipouri et al., 2019; Chen et al., 2014; Gal & Kantor, 2020). The
model’s estimates under different exposure types and urban morphology have not
been thoroughly validated.

1.6 Research questions

This thesis generates thermal and shade distribution datasets to evaluate urban
overheating at local and micro urban climate scales.

The thesis investigates the following questions at the local scale:

e How can ML algorithms such as Random Forest (RF) reconstruct remote
sensing data and generate synthetic products to assess heatwaves effectively?

e Which predictors are influential in reconstructing satellite LST and producing
synthetic NDVI and LST with ML, and what relationships do they have with
the target variables?

e How valuable is a synthetic NDVI product in predicting synthetic LST?
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Articles I and II addressed the effectiveness of the random forest algorithm in
reconstructing and generating (synthetic) remotely sensed data. Article I focused
on filling gaps in MODIS LST over heatwave periods in Estonia. A random forest
model was built using NDVI, surface type fractions, spatial parameters (ele-
vation, distance to the coast, and centroid coordinates), and temporal variables
(day-of-the-year and year) as predictors. Article I also evaluated the performance
of the gap-filling random forest model with gapfill, an established R-based gap-
filling algorithm. Article II used RF models to generate synthetic daily LST and
NDVI products for Tallinn, Estonia. Two NDVI models were created to predict
MODIS-like and Landsat 8-like NDVI at 500 m and 100 m resolutions using
LULC fractions and day-of-the-year (DOY) as predictors. The synthetic LST
products were created using the synthetic NDVI and other features following the
approach in Article I. Articles I and II investigated the importance of predictors
in making estimations and the relationships between predictors and target
variables using Partial Dependence Plots (PDPs). Article II evaluated the
suitability of synthetic NDVI to predict LST at target resolutions. Furthermore,
Article II evaluated the synthetic products to identify how accurate the models
were in making estimations for different LULC types.

Regarding the datasets at the microclimatic scale, the thesis addressed the fol-
lowing questions:

e How accurately does the SOLWEIG model estimate Tmrr for various urban
forms and exposure types?

o How can the shade available to pedestrians in a large metropolis be quantified
for heat mitigation plans?

Both issues were addressed in Article III using the cities of Tempe and Phoenix
in the Phoenix metropolitan area, USA, as case studies. The suitability of
SOLWEIG to estimate Tyrr for different exposure types (sun-exposed, shaded
by trees, and buildings) and urban forms was assessed with the “gold standard”
six-directional setup observations made at 60 unique sites. The City of Phoenix
intends to invest in street trees to reach 25% tree canopy coverage by 2030. In
addition, the City has started a "Cool Corridor" program as part of its Climate
Action Plan Framework, with a target of 100 cool corridors networked across its
districts. To provide valuable data for the program, Article III produced high-
resolution hourly Twmrr and shade maps for a hot, dry, calm summer day to inform
the City and quantified shade coverage on sidewalks in Phoenix and Tempe. The
article separated shades from trees and buildings to identify how they contributed
to shading in the area.
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2. MATERIALS AND METHODS

2.1 Enhancing remote sensing products to assess
heatwaves in Estonia at local scales

The Estonian Weather Service (EWS) has two heatwave classes. A timeframe of
three or more consecutive days with daily maximum temperatures > 27 °C or
daily averages > 20 °C is classified as Level 1. A similar timeframe would be
Level 2 if the daily maximum temperatures are > 30 °C or daily averages are
>25°C.

The daily maximum SAT from 25 automatic weather stations collected over
the summers (May-August) of 2010, 2014, and 2018 were analyzed to identify
heatwaves in Estonia. This thesis defines a heatwave period as the time lapse
from the first day of the first three consecutive days meeting the Level 1 criteria
at any of the EWS stations to the last day of such. Table 1 shows the identified
heatwave periods for the three years considered in this thesis.

The following subchapters present a gap-filling approach to secure seamless
daily 1 km MODIS LST products to study heatwaves across Estonia (Article I).
A two-part downscaling approach that yields seamless daily NDVI and LST at
500 m and 100 m resolutions for Tallinn, Estonia’s capital, is also presented
(Article II). The choice of target resolutions was informed by the scales at which
Statistics Estonia (SE) maps population distribution.

Table 1. Identified heatwave periods in Estonia in 2010, 2014, and 2018. Source:
Article I, Table 1.

Year Period Days
2010 05.07-17.08 44
2014 06.07-11.08 36
2018 12.07-10.08 30

2.1.1 Overview of the random forest algorithm

The RF algorithm proposed by Breiman (2001) operates with an ensemble of
decision trees to overcome overfitting — when a model performs well on the
training data but underperforms on unseen data (Bargagli Stoffi et al., 2022;
Shalev-Shwartz & Ben-David, 2013). Each decision tree in the ensemble
represents a model, and the final output of an RF model is an average (regression,
Figure 1a) or a majority vote (classification, Figure 1b) (Moisen, 2008). Each tree
grows by splitting the instances at the starting node into two based on one feature.
After that, the instances in each node are further split based on one of the features
in a similar fashion. This binary recursive portioning continues until an accept-
able margin of error is attained at a terminal node (Moisen, 2008). Some measures
for determining the margin of error are the mean square error for regression and
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the Gini index for classification (Ethem, 2010; Moisen, 2008). Most ML pack-
ages allow users to define hyperparameters like the number of trees in the forest,
the maximum depth to which trees can grow, and others that ensure a model does
not overfit. As a rule of thumb, several combinations of hyperparameters should
be experimented with to find the most appropriate. The algorithm’s robustness
has made it mainstream for remote sensing applications (Belgiu & Dragu, 2016).

An essential part of any ML project is the interpretation of the model. The RF
algorithm is interpretable using model-agnostic tools (Molnar, 2020). These post-
training tools explain a model in general or/and make specific explanations
(Molnar, 2020). Using these tools makes an RF model explainable.

Instance Instance

/ /[\ T~

» m o

a

Vi Y2 Ya Class B Class A . Class B
— | P — //////
— | — |
| Average (Y, Yas---- ¥n) | | Majority voting |
‘ [
| |
| Final prediction | | Final prediction |

Figure 1. a) Prediction process in random forest regression; b) Prediction process in
random forest classification.

2.1.2 Seamless LST products for countrywide evaluation of heatwaves

The MODIS instruments onboard the Terra and Aqua satellites are established LST
sources for assessing urban heat at local scales (Chakraborty et al., 2020; Cheval
et al., 2022; Roth, 2013). The MODIS instrument on each satellite provides a
daytime and nighttime LST product daily at a 1 km resolution. While the temporal
and spatial resolutions are appropriate for countrywide analysis, missing data due
to cloud contamination is a limitation (Li et al., 2018; Liu et al., 2020). Gaps in
MODIS LST data covering Estonia were filled using an RF model to obtain a set
of seamless products appropriate for evaluating the variability of surface tempera-
tures during the heatwave periods. Figure 2 shows the gap-filling approach.
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Figure 2. Gap-filling workflow.

Data

Vegetation abundance, LULC characteristics, and other spatial properties like
elevation and distance to the sea or tidal bodies influence the LST of a place
(Asgarian et al., 2015; Bernales et al., 2016; Guo et al., 2015; Osborne & Alvares-
Sanches, 2019; Peng et al., 2020). Therefore, parameters representing these pro-
perties were employed as features for the ML model.

LST and NDVI from MODIS were downloaded using Google Earth Engine
(GEE). LST composites for each day of the heatwave periods were generated in
GEE using the daytime data from the Aqua (MYD11AT1) and Terra (MODI11AT1)
satellites. The corresponding daily NDVI (MODIS/006/MCD43A4 006 _NDVI)
products are generated from MODIS surface reflectance composites (Asadi et al.,
2019). The LULC data from the Estonian Topography Database (ETAK) was
used to represent land cover information in the model. ETAK is highly detailed,
with 55 LULC classes. The LULC was reclassified into 15 broad categories: agri-
cultural facilities, built-up commercial use, built-up mixed use, open space-com-
mercial use, open space mixed use, roads, croplands, extraction sites, forests, reeds
and bushes, water, urban greenery, wetlands, grassland, and other. In addition, the
objects in the database,except water were classified into surface types: building,
impervious, and pervious.

Using the 1 km population grids from SE, the shares of reclassified land use and
surface types in each grid cell were calculated. Using simple spatial averaging,
the mean elevation for each grid cell was calculated by resampling a 5 m reso-
lution Digital Elevation Model (DEM) from the Estonian Land Board. Finally,
the distance from each grid cell’s center to the Estonian coastline was calculated.
In the final data matrix, each grid cell (instance/row) had 15 columns for land use
fractions, three columns for surface type fractions, and a column each for eleva-
tion, distance to the coast, X centroid coordinates, Y centroid coordinates, LST,
NDVI, DOY, and Year. Because the lengths of the heatwave periods are unequal,
the final data matrix was sampled to ensure a balance in the data before modeling.
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Modeling

The relationships between the features and LST were explored using a correlation
matrix. A subset (n = 3104) of the data was set aside to validate the final model
with a gap-filling algorithm. The remaining data matrix was split into two parts
in the ratio of 60: 40. 60% of the data was used in training two linear regression
baseline models using Ordinary Least Squares (OLS). The first baseline model
used the 15 land use fractions and the rest of the features. The second baseline
model used the three surface type fractions, the fraction of water, and the rest of the
features. The land use and surface type fractions were not used together in the
baseline models because the latter is a derivative of the former. The baseline
models were tested using the remaining 40 % of the data using the RMSE metric.
The RMSEs from both models were similar. The combination that included the
surface type fractions was selected for the main model built with the RF algorithm
because of its simplicity and explainability. The LST of a grid cell is expressed
as a function of the predictors in eq. 1.

LSTl = f(NDVIl,OC LSL,CCL,DCL, MEL'DOY, Y) (1)

LST; is the LST of cell i, NDVI; is the NDVI of cell i, x LS; represents the
fractions (shares in percentages) of land surface types and water in cell i, CC; are
the centroid coordinates of cell i, DC; is the distance to the coast from cell i, ME; is
the mean elevation in cell i, DOY is the day-of-the-year, and Y is the year.

Before building the main model, k-fold grid search cross-validation was done
to identify the best combination of hyperparameters. In this cross-validation, the
training data is divided into k-folds, and the algorithm is fit to k-1 folds and tested
on the remaining fold; the process is done k times, with each fold being used as
the test data once (Anguita et al., 2012; Raschka, 2015; Siji George & Sumathi,
2020). The k value used in this task was 5. Finally, the RF algorithm was fitted
to the training data using the best combination of hyperparameters.

Model evaluation and gap-filling

The performance of the final model was evaluated using the RMSE metric and
the coefficients of correlation (R) and determination (R?). Additionally, the mo-
del’s response to variations in each feature was investigated using PDPs, a model-
agnostic interpretation tool (Hastie et al., 2008). PDPs highlight the marginal
influence of predictor values on the target and reveal linear relationships (Fried-
man, 2001; Molnar, 2020). The model’s performance was compared with an
R-based gap-filling algorithm that predicts missing data by applying quantile
regression to the data using spatio-temporal features (Gerber et al., 2018). The
gaps in the MODIS LST collected for the heatwave periods identified in Table 1
were filled with the final model after the evaluation.
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2.1.3 Synthetic NDVI and LST for city-wide evaluation of heatwaves

While a 1 km-resolution LST is appropriate for assessing SUHI, there could be
significant geometric and structural variability within a 1 km cell. LST at
relatively higher resolutions is essential to evaluating cities’ surface urban heat.
This section aimed to generate LST products at 500 m and 100 m resolutions for
Tallinn and its immediate environs (Figure 3) for the summer of 2018. In this
thesis, Tallinn is considered the Central Urban District (CUD). The CUD and its
suburbs form the Tallinn Urban Agglomeration (TUA). The SE maps the
population in the CUD at 100 m and 500 m in the TUA. The set limits for the
study site included settlements within the TUA and those within a 5 km buffer.
The CUD is predominantly a large low-rise Local Climate Zone (LCZ), and the
surrounding areas are dominated by dense trees and low plants LCZ (Demuzere
et al., 2019)

5 e
\M‘l A\\ =

...... : Tallinn TUA
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Open space-commercial use
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I Extraction sites
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Urban greenery
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Cropland
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Grassland
Reeds and bushes
Wetlands
] Water
Other

Figure 3. A map of the study area showing LULC distribution. The insert map shows the
study area’s location (red mark) relative to other parts of Europe. Source: Article II,
Figure 1.

Currently, no satellite mission provides daily LST products at these resolutions
over the area of interest. From Section 2.1.2, NDVI was significant in predicting
LST. However, daily NDVI products at these resolutions are currently unavail-
able.

Hence, a two-part approach (Figure 4a) was proposed to generate the LST at
the desired resolutions. The first part dealt with predicting NDVI at these reso-
lutions. The second part used the predicted NDVI and other features to predict LST.
The NDVI and LST modeling were executed using the schematic in Figure 4b.
Each process began with using an RF to model the relationship between the target
and the predictors at a coarse resolution of 1 km (Figure 4b). Next, the models
were used to predict the target features (NDVI, LST) at the desired resolutions
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using the predictors at the same resolutions. The premise was that relationships
between the target and the predictors are similar at coarse and high resolutions
(Bechtel et al., 2012). Table 2 summarizes the data and processes used in this
section.

Table 2. Summary of datasets used, Source: Article II, Table 2

Dataset Resolution Processing

Landsat 8 NDVI 30 m Resampled to 1000 m, 500 m, and 100 m

MODIS NDVI 1000 m  Target in MODIS-NDVI model and a predictor in the
LST model

Landsat 8 LST 30m  Resampled to 500 m and 100 m

MODIS LST 1000 m  Target feature in LST model

DEM 25m Resampled to 1000 m, 500 m, and 100 m

Surface-air Hourly = Mean daily temperature for daytime MODIS

temperature (SAT) overpass window (10:00 am — 2:00 pm)

* The local weather station in Tallinn is located at 59.3981 N and 24.6029 E

a b
Target feature at Predictors at
RF model for coarse resolution coarse resolution
predicting
NDVI
Modeling
( Predicted NDVI ]
Predictors at fine
RF model for Model resolution
predicting
LST
Target feature at 1 —
[ Predicted LST ] [ fine resolution validations

Figure 4. a) A schematic of the two-step approach to generating synthetic products;
b) The general workflow adopted for modeling at each process step in (a). Source:
Article I, Figure 2.

Generating synthetic NDVI

The land cover types in a pixel influence a pixel’s NDVI value. Hence, NDVI has
been employed in research to classify land cover (Defries & Townshend, 1994;
Jeevalakshmi et al., 2016; Sasidhar et al., 2019). This thesis assumed that, given
the proportions of different land cover types in a pixel, the NDVI could be
determined. Two models to predict NDVI at the desired resolutions were created
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using the RF algorithm. One model predicted a Landsat 8-like NDVI and the
other predicted a MODIS-like NDVI. Figure 5 shows the detailed approach to
predicting NDVI at the desired resolutions.

Landsat 8 images for the study area were downloaded to create the Landsat 8
NDVI-based model. Landsat 8 provides an image every 16 days. After discarding
cloud-contaminated images, 19 images were used. Details for the images are
provided in Article II, Table 1.

LULC fractions at 1 km ;
DOY NDVI at 1 km
NDVI RF
modeling
LULC fractions at 500 Predicted NDVI at 500
m and 100 m; DOY m and 100 m

NDVI RF model

Figure 5. The detailed approach to generating synthetic NDVT at the desired resolutions
(500 m and 100 m). Source: Article I1, Figure 3a.

Images for two days (the 17" of May and the 2" of June) were reserved for validating the
models. The Landsat 8 NDVI was calculated using the formula in eq. 2.

(Pnir—pr)
NDVI] = —/——— 2
(Pnirter) ( )

pnir and p, are the surface reflectance in the near-infrared band and red band,
respectively.

Using the 1 km grid from SE for the study area, each grid cell’s LULC type
fractions were calculated using the reclassified LULC in Section 2.12. Two data
matrices were created afterward. The first consists of 15 columns for LULC
fractions, one for Landsat 8 NDVI, and one for the DOY on which the images
were sensed. In the second matrix, each instance had 15 columns for LULC
fractions, one column for MODIS NDVI, and the DOY for the MODIS NDVI
product. The MODIS NDVI product for 2018 from Section 2.12 was used here.

Landsat 8 has a native spatial resolution of 30 m; therefore, the NDVI was
resampled to 1 km using spatial averaging. In addition, the Landsat 8 NDVIs for
the validations were resampled to 500 m and 100 m using spatial averaging.
LULC fractions were also calculated at 500 m and 100 m to predict the NDVI.

Each data matrix was split into 60% for training and 40% for testing. Three
baseline models were run on each data matrix using OLS linear regression, ridge
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regression, and RF with Scikit-learn’s default parameters. RF stood out as the
best-performing algorithm when the baseline models were evaluated. Hence, an
RF model was created with each data matrix after performing hyperparameter
tuning, as presented in Section 2.1.2. The NDVI is expressed as a function of the
predictors in eq. 3. The Landsat 8-like and MODIS-like daily NDVI at 500 m and
100 m resolutions were generated using their respective models. The mean
predicted NDVI values from both models were also calculated.

NDVI; = f(« LULC;, DOY) 3)

NDVI; is the NDVI of cell i, « LULC; represents the fractions (shares in per-
centages) of LULCs present in cell i, and DOY is the day-of-the-year.

The models were evaluated by calculating the R, R?, and RMSE between the
predictions and the Landsat 8 NDVI from the reserved images. In addition, grid
cells with underestimated or overestimated predictions and their predominant
LULC were examined to assess the performance of the models for different
LULGCs. Cells where the difference between the predicted NDVI and the vali-
dation was >+ 0.3 were marked as overestimated. Cells where the difference was
< —0.3 were marked as underestimated.

Generating synthetic LST

An RF model at a spatial scale of 1 km was built to predict the daily LST at 500
m and 100 m following the procedure outlined in Section 2.1.2. The differences
between both models lie in the number of features and instances. Since this
section focused on predicting daily LST for the summer of 2018, the “Year”
feature was excluded from the data matrix. Figure 6 shows the modeling pro-
cedure and the approach employed to predict the LST at the desired resolutions.

NDVI at 1 km Lar'1d surface Spatial and temporal predictors LST at 1 km
fractions at 1 km at 1 Km
I [
LST RF
modeling
. Land surface Spatial and temporal predictors
fractions at 500 m and 100 m (500 m and 100 m)

LST RF model

[ Predicted NDVI at 500 m and 100 m ] 4[ Predicted LST at 500 m and 100 m ]

Figure 6. The workflow used in generating synthetic LST at the desired resolutions
(500 m and 100 m). The NDVI used at the modeling stage is the MODIS NDVI product
used in Figure 5. The predicted NDVIs at 500 m and 100 m are the mean predictions from
Figure 5. Source: Article II, Figure 3b.
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The surface type fractions and values for the other features for the 500 m and 100
m grids were calculated following the approach used in Section 2.1.2. The mean
predicted NDVI at 500 m and 100 m from both NDVI models were used as input
features to predict the LST at the respective resolutions.

LSTs for the Landsat 8 images reserved for validation were calculated by
applying the single-channel algorithm proposed by Cristobal et al. (2018) on the
thermal bands (Band 10). Finally, the LSTs were resampled to 500 m and 100 m
resolutions using spatial averaging. Further analyses were done to identify the
predominant LULC in grid cells where the model overestimated or underesti-
mated the LST. Grid cells with a difference >+ 3 °C were flagged as overes-
timated, and those with a difference <— 3 °C were underestimated. The thre-
sholds were set following Malamiri et al. (2018). The trend of SAT measurements
from a local weather station was compared with those of the predicted products.

2.2 Microscale thermal data and shade distribution
for heat action planning

The human body’s exposure to radiation fluxes and how complex urban forms and
shade distribution affect thermal comfort are essential for heat mitigation plann-
ing. This section validates the SOLWEIG Twmrr estimates and generates Tvrr and
shade distribution maps for the Phoenix-Tempe area. The section also evaluates
hourly shade coverage on sidewalks in Phoenix and Tempe. Figure 7 presents the
workflow used in this section.

‘ Surface models Weather data

’ Street centerlines ‘ SOLWEIG — Tyrr Maps ‘
|

‘ Buffer analysis ‘ Hourly Shade maps Validation ‘

‘ Sidewalk polygons }— Intersection — Sidewalk shade coverage ‘

Figure 7. The workflow of the study including input data (yellow), GIS operations (grey),
validation with MaRTy observations (green), and output data (blue). Source: Article I11,
Figure 2.
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2.2.1 Study sites

The Phoenix metropolitan area is an amalgamation of 24 cities in Maricopa
County, Arizona, USA (Figure 8). The area is located at 33°25°00.8”°
N 111°58°41.5”> W. The cities of Phoenix and Tempe make up the urban core
with an area of 1051 km?® and 442 census tracts (population of 4,837,000), which
accounts for about 29% of all census tracts in Arizona. The area is in the Sonoran
Desert and has a subtropical desert climate (Koppen Climate Classification sub-
type Bwh). The maximum air temperature reaches or exceeds 38 °C between June
and August. Tvrt can be as high as 76.2 °C in sun-exposed sites in the summer
(Middel et al., 2021). Phoenix is mainly an open low-rise LCZ with an open high-
rise downtown area. Tempe is primarily an open low-rise LCZ with an open mid
to high-rise downtown area (Wang et al., 2018).

Maricopa county, Arizona Phoenix-Tempe, Arizona

*r—r—\,,,\// ””””71\ A
s

: * KV\

N

[ Maricopa County
. Phoenix-Tempe area

0 25 50 km
—

[0 Maricopa County
[ Arizona 0
[ Conti United States

750 1,500 km N Phoenix-Tempe area 5 10 km

. Tempe

Figure 8. A map of the study area in the Southwestern US: Phoenix and Tempe in the
Phoenix metropolitan area. Maricopa County, Arizona. Source: Article III, Figure 1.

2.2.2 Mean radiant temperature modeling with SOLWEIG

SOLWEIG requires spatial and meteorological inputs to simulate Tmrr. The
spatial inputs include a surface model of buildings, a DEM, and a vegetation
canopy height model. Air temperature, wind speed, relative humidity, and global
solar radiation are the required meteorological inputs. Users can include direct
and diffuse shortwave radiation if available. Otherwise, they can be estimated on-
the-fly using global solar radiation.

The surface models were created using a high-resolution LiDAR point cloud
from the United States Geological Survey. The points are pre-classified and col-
lected in 1 km X% 1 km overlapping tiles. A 1 m resolution surface model repre-
senting the elevation of the ground and all above-ground features, hereinafter
referred to as the Full Digital Surface Model (FDSM), was created using triangu-
lated irregular networks (Franklin et al., 2006). The FDSM for each tile was
modeled after eliminating all points classified as noise. A DEM for each tile was
created using ground points only. A Building Surface Model (BSM) was gene-
rated for each tile by extracting pixels in the FDSM masked by buildings using
building footprint data from the Arizona State University library. The BSM was
finished by filling the pixels outside the building footprint (no-data pixels) with
corresponding data from the DEM. The Canopy Digital Surface Models (CDSM)
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for all the tiles were created by subtracting the DEM from the FDSM for pixels
outside the building footprints; pixels covered by building footprints were set to
zero. Pixels with values less than or equal to 1.3 m were set to 0 in the CDSM
because they were regarded as not high enough to provide shade for a standing
person with an average height.

SOLWEIG estimates the Tyrr at a location by resolving the mean radiant flux
(Rstr)- R 1s a function (eq. 5) of short and longwave radiation in six directions,
angular factors, and a representation of human posture, as suggested by Hoppe
(1992). View factors control radiation exchange in urban environments (Lindberg
et al., 2008). The model calculates the view factors using the surface models (BSM,
CDSM, and DEM).

Rgr = Qi 1'6:1 KiF; + &p Zi6=1 LiF; ©)

K; represents shortwave radiation fluxes and L; are the directional longwave
radiation fluxes. F; are the angular factors between a person and the surrounding
surfaces. j is the absorption coefficient for shortwave radiation, &, is the
emissivity of the human body. F; was set as 0.22 in the cardinal directions and
0.06 in the upward and downward directions to represent a standing person. {j
and &, were set as 0.7 and 0.97, respectively (Lindberg et al., 2008; VDI, 1998).
Twmrr is calculated in degree Celsius from Ry using the Stefan-Boltzmann law
(eq. 6).

Tyurr = 4\/ (Rser/(8p0)) + 273.15 (6)

o is the Stefan-Boltzmann constant (5.67 x 10® Wm K ™).

2.2.3 Validation of the SOLWEIG model

SOLWEIG Twmrr estimates were validated with Tmrr measured directly with
MaRTy — a mobile human-biometeorological station that measures radiative
fluxes in six directions (Middel & Krayenhoft, 2019). The measurements were
made between 07:00 h and 21:00 h local standard time over nine hot summer days
in 2016, 2018, and 2019 (Middel et al., 2021). A total of 763 measurements were
made at 60 unique sites distributed across the Arizona State University Tempe
campus and in Kiwanis Park, Tempe (Figure 9). The measurements were ob-
tained under trees, in building canyons, and at open sites.
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a ASU campus, Tempe b Kiwanis park, Tempe C MaRTy

Figure 9. a) Model validation sites on Arizona State University’s Tempe campus;
b) model validation sites in Kiwanis Park; ¢) MaRTy, the biometeorological cart (Middel
and Krayenhoff, 2019). Source Article III, Figure 3.

The Twmrr for the campus and park was calculated using SOLWEIG for the days
and times of the validation data. Meteorological data from the Arizona Meteoro-
logical Network’s Encanto Park weather station (AZMET, 2022) was used in
forcing the model. The model’s performance was evaluated based on exposure
(sun-exposed or shaded; this classification is time-dependent for each site) and
exposure type (open, shaded by trees, shaded by buildings). Linear relationships
between the SOLWEIG-estimated and MaRTy-observed Turt were identified by
calculating R and R%. Willmott’s index of agreement (d), a bounded and non-
dimensional metric (Willmott, 1982), was computed for both sets of Tmrr. The
evaluation metrics were compared with thermal stress standards (ISO7726) set
by the International Organization for Standardization (ISO, 1998). After the
validation, hourly 1 m resolution Tyrr maps for the 27™ of June 2012 (07:00—
20:00), a hot, dry, calm summer day, were generated for the Phoenix metropolitan
area using the respective forcing data from AZMET.

2.2.4 Sidewalk shade assessment

SOLWEIG’s shadow function was used to generate hourly shade distribution
maps for the study site for June 21, 2019, from 7:00 h to 19:00 h. The function is
based on the shadow-casting algorithm for DEMs originally developed by Ratti
et al. (1999). Lindberg & Grimmond (2011) enhanced the algorithm when they
considered the influence of vegetation. The algorithm is an iterative process in
which a surface model is continuously shifted with a reduction in height at each
step based on the Sun’s altitude to get a shadow volume. The surface model is
subtracted from the total shadow volume, and the result is reduced to a binary
map where 0 indicates shade and 1 otherwise. The total shade is a function (eq. 7)
of the transmissivity of foliated vegetation for shortwave radiation (t) and
shadows from buildings and tree canopy.
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Sh; = Shbuilding - (1 - Shcanopy) *(1-1) 7N

Sh; is the total shade at location i, Shyyiqing is the shade cast by buildings at
location i and Sh¢gypy is the shade cast by tree canopy at location i. T was set to
0.03 (3%). The total shade provided by buildings and trees was calculated for all
time steps considered. Shade maps of buildings and vegetation were generated
separately to evaluate the fractions of total shade provided by buildings and vege-
tation.

Using street width information provided in the city’s guidelines for street design
(City of Phoenix, 2009), sidewalk centerlines were identified by creating buffers
around arterial and local street centerlines (Figure 7). Polygons representing the
sidewalk were generated by creating buffers around the sidewalk centerlines
using half of their corresponding design width as the buffer sizes.

The total shade coverage on each sidewalk and the contribution of shade from
buildings and vegetation at a 1 m spatial scale were determined by intersecting
the sidewalk polygons and the shade maps. The Maricopa Association of Govern-
ments’ Active Transportation Plan advises that a 20-minute pedestrian route
should have a minimum acceptable shade coverage of 20% (Maricopa Asso-
ciation of Governments, 2020). This threshold was used as the benchmark for
evaluating the walkability of the area’s sidewalks.
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3. RESULTS

3.1 Enhancing remote sensing products to assess
heatwaves in Estonia at local scales

The RF algorithm was used to fill gaps in MODIS LST products and was imple-
mented in a two-part approach to create seamless synthetic daily NDVI and LST
products. The findings, which include performance metrics, feature importance,
and the partial dependence of the target variables on predictors, are presented in
the following subchapters.

3.1.1 Seamless LST products for countrywide evaluation of heatwaves

Building and impervious surface fractions had a moderately positive correlation
(Article I, Figure 3). The fractions of water and pervious surfaces had a moderate
negative correlation. The same relationship was noticed between the Y centroid
coordinates and the distance to the coast (Article I, Figure 3). The rest of the
correlations were low.

The feature importance values reveal a feature’s influence in predicting the
LST. The importance (I) of a feature lies between 0 and 1. The sum of all feature
importance values is 1. DOY was the model’s most important feature in pre-
dicting LST (I=0.51), followed by NDVI (I =0.11). The year had an importance
of 0.1. The rest of the features, including the surface type fractions, spatial fea-
tures (elevation, centroid coordinates, and distance to the coast), and water,
all had importance values of <0.1 (Figure 10). The closeness of the RSMEs
(training = 0.9 °C, test = 1.4 °C) for the training and test data suggests that the
model did not overfit. There is a strong agreement between the predicted and
actual data given the R (training = 0.96, test = 0.92) and R? (training = 0.93, test =
0.85) values. The residuals mainly lie within the +5 °C and —5 °C (Article I,
Figure 5). In a few cases, the predictions were off by as much as 20 °C (Article
L, Figure 5).
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Impervious surface
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Figure 10. Feature Importance in the gap-filling model.
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The feature importance values do not give any insight into what an estimate
would be given a specific predictor value. The PDPs (Figure 11) show the model’s
average predicted LST, given a particular value of the predictors. Figure 11
suggests that when a cell’s water fraction is < 20%, the model predicts an LST of
about 26 °C. The predicted LST gradually reduces as the cell’s water fraction
increases. A cell entirely covered by water would have a predicted LST of about
25 °C. The predicted LST is the same for different values of all three surface type
fractions. The NDVI PDP shows that if the NDVI of a cell is less than 0.5, the
model predicts the same LST (> 29 °C). The predicted LST decreases as the
NDVI of the cell increases from 0.5 and stabilizes at 25 °C as the NDVI ap-
proaches 1.0. The influence of distance to the coast is perceivable between 0 and
a few kilometers; the predicted LST is relatively stable as the distance increases.
A similar effect is noticed in the plot for elevation, where cells with a height of
less than 30 meters have a slightly lower predicted LST, while those above
30 meters have almost the same predictions. The variations of the predicted LST
along the East-West and North-South directions are captured in the X and Y
coordinates’ PDPs. There is more variation in the X-coordinate than in the Y-
coordinate. The general temporal variation of LST across the three heatwave
periods is represented in the DOY plot.
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Figure 11. Partial dependence plots for the gap-filling model. Source: Article I, Figure 4.
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The RF model (RMSE = 1.5 °C) outperformed gapfill — the R-based algorithm
(RMSE = 2.6 °C) on the holdout data. The RF model’s RMSEs on the holdout
and test data are similar, indicating the model’s ability to generalize well. Figure 12
shows some original images and their respective filled versions.
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Figure 12. Original MODIS LST (upper row) and RF model filled (lower row), Source: Article I,
Figure 6.

3.1.2 Synthetic NDVI and LST for city-wide evaluation of heatwaves

This subchapter presents the results of the two-part approach that generates
synthetic NDVI and LST at 500 m and 100 m resolutions. The performances of
the two RF models based on Landsat 8§ and MODIS NDVI products are presented.
The output of the RF model used to generate the LST at the desired resolutions is
also presented here.

NDVI models

Before the baseline modeling, the MODIS and Landsat 8 NDVI were compared.
Comparing the two products at a 1 km resolution revealed a strong positive
correlation (R = 0.88, R?= 0.78, RMSE = 0.07). The evaluation of the baseline
models for both products revealed that three features (built-up commercial,
agricultural facilities, and grasslands) were of no importance (feature impor-
tance = 0). Hence, these features were not included in the final RF models.

Figure 13 shows the importance of each LULC type fraction for both models
in estimating a cell’s NDVI. The fraction of water in a cell was the most important
feature (I =0.41) in determining the NDVI for the Landsat 8 model, while for the
MODIS model, it was the share of forest with an importance of 0.23. For the
Landsat 8 model, the percentage of forest was the second most relevant feature
(I=0.19), while the proportion of water in a cell took the same position in the
MODIS model (I = 0.16). The DOY had similar importance in both models
(Landsat 8 model = 0.15, MODIS model = 0.19). The remaining features had
importance values of < 0.1 and were almost the same for some features in both
models. However, croplands as well as reeds and bushes had higher values in the
MODIS NDVI model than in the Landsat 8 NDVI model. The feature importance
values are given in Article II, Table 3.
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Figure 13. Feature importance for the models used in generating synthetic NDVI.

PDPs were employed here, as in Section 3.1.1. At first glance, the plots
(Figure 14) show that the models “think™ alike; both models predict lower NDVI
values as the water fraction in a cell increases. The models estimate higher NDVI
values with an increase in the share of reeds and bushes. The estimates from the
models were mostly stable for different fractions of forests, wetlands, built-up
mixed-used, and open space commercial. The striking difference in the PDPs is
the range of predictions from both models. The MODIS model makes NDVI
estimations from 0.4 to 0.8 (Figure 14b), while the Landsat 8 model’s estimations
range from —0.2 to 0.7 (Figure 14a). The ranges result from what the models
learned from their respective training datasets.

Table 3 summarizes the performance of the models. Both models did not over-
fit, as indicated by the RMSEs from the training and test data. The levels of agree-
ment between the predicted and measured NDVI for the test data are high for
both models.

Table 3. Performance metrics for NDVI models. Source: Article I, Table 3.

R R? RMSE (°C)
Model Landsat 8§ MODIS Landsat 8 MODIS Landsat8 MODIS
Training 0.98 0.99 0.97 0.99 0.03 0.01
Test 0.94 0.99 0.89 0.99 0.05 0.02
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LST model

In Figure 15, the DOY was the LST model’s most relevant feature (I = 0.73), just
as in Section 3.1.1. NDVI was the next with a feature importance of 0.06,
followed by the centroid coordinates X (I =0.06) and Y (I = 0.05). The fractions
of the surface types were the least important features (I < 0.05). The feature
importance values are given in Article II, Table 4.

Pervious Surface
Impervious Surface
Building Surface
Water

Elevation

Distance to coast

Features

Y

X
NDVI
DOY

00 01 02 03 04 05 06 07
Importance

Figure 15. Feature importance for the model used in generating synthetic LST.

The PDP generated for this LST model (Figure 16) is identical to that in Section
3.1.1. The significant difference lies in the range of LST predictions. The model
in Section 3.1.1 had estimations ranging from 20 °C to 30 °C, whereas the esti-
mates ranged from 15 to 30 °C for this model. The difference in the ranges can
be attributed to the temporal extent. Instances (rows in training data) for the model
in Section 3.1.1 cover three heatwave periods (2010, 2014, and 2018), while
those for this model cover the summer of 2018. A strong agreement was noticed
between the original LST and the predicted LST in the training (R = 0.97,
R?=0.96) and test data (R = 0.95, R?=0.91). The RMSE on the training data was
0.9 °C and 1.3 °C on the test data.
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Figure 16. Partial dependence plots for the model used in generating synthetic LST.
Source: Article I1, Figure 5.

Synthetic NDVI products

The predictions from both MODIS and Landsat 8 NDVI models were similar, but
a single NDVI product was required to determine the LST at the desired reso-
lutions. The mean prediction for each grid cell was computed and used in the
subsequent steps. Figure 17 shows the resampled Landsat 8 NDVI calculated for
validation, the mean predicted NDVI, and the difference between the validation
and the mean predictions. The differences were more significant at 100 m
compared to 500 m (Figure 17). Table 4 shows that over 95% of the predictions
from both models had differences (A) within the set range (for absolute figures,
see Article I1, Table 5). The mean product improves this statistic, suggesting that
calculating the mean yields more estimations within the set range.

The predicted NDVI from both models showed high agreement with the
validation NDVI, with over 70% of the variance explained at 500 m resolution
(Table 4). At 100 m resolution, the proportions of variance explained (MODIS
model = 63% and Landsat 8 model = 59 %) were relatively low despite the strong
correlation between the validations and predictions. The correlation and the
variance explained were enhanced in the mean product at both resolutions, even
though the RMSEs did not significantly improve (Table 4).
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Figure 17. Resampled Landsat 8 NDVI, mean predicted NDVI, and difference maps for
17-05-2018. The difference maps are the results of subtracting the resampled Landsat
NDVI from the mean predicted NDVI. Source: Article II, Figure 6a.

Table 4. Evaluation metrics for synthetic NDVI products. Sources: Article II, Tables 5
and 6.

Estimations
within range

500m 100m 500m 100m 500m 100m 500m 100m

MODIS model 98.4% 970% 085 0.79 0.73 063 0.09 0.13
products

Landsat 8 model  99.1% 964% 084 0.77 0.72 059 0.11 0.15
products

Mean predictions 993 % 974% 0.87 0.79 0.76 063 0.09 0.14

R R? RMSE

Synthetic LST products

The predicted LST and the LST estimated from the Landsat 8 images reserved
for validation were compared. Figure 18 shows the resampled Landsat 8 LST at
500 m and 100 m resolutions, the predicted LST, and the difference between the
resampled validation and the predictions. The predicted LST was mainly overes-
timated. However, remarkable similarities exist between the validations and the
predictions, especially in the CUD area (Figure 18). The agreement metrics were
high at both spatial scales (R; 500 m =0.78 and R; 100 m = 0.72). The percentages
of variance explained were moderate (500 m = 61% and 100 m = 52%). The
observed RMSEs were 4.3 °C at 500 m and 100 m resolutions. The estimations
within the set range were less than 30% at both resolutions (500 m = 26% and
100 m =29%)
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Figure 18. Resampled Landsat 8 LST, predicted LST, and difference maps for 17-05-
2018. The difference maps are the results of subtracting the resampled Landsat LST from
the predicted LST. Source: Article II, Figure 7a.

Temporal analysis of the predicted LST and SAT

The SAT measurements from the local weather station were compared to the
predicted LST at both resolutions. The comparison demonstrated a significant
temporal correlation between the field measurements and the predicted LST
(Figure 19). Correlation coefficients of 0.68 and 0.70 were observed between the
SAT measurements and the predicted LST at 500 m and 100 m, respectively. In
both cases, a p-value < 0.005 was observed, indicating significance.
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Figure 19. SAT versus predicted LST trends. Source: Article II, Figure 9.
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Assessment of synthetic NDVI and LST based on LULC

The predicted products (LST and mean NDVI) were evaluated to identify the
predominant LULC type in the cells in which the LST or NDVI were underesti-
mated or overestimated. There were more misestimations at the 100 m resolution.

NDVI was mostly overestimated in cells predominantly covered by water,
although there were relatively few water-dominated cells where NDVI was unde-
restimated (Figure 20a). Overestimations were also noticed in cells primarily
covered by croplands, extraction sites, open space commercial land use, and other
LULC types.

Grid cells predominantly covered by forests, croplands, reeds, and bushes had
their LSTs overestimated (Figure 20b). A relatively negligible number of cells
covered by the open space commercial LULC type had their LST underestimated.
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Figure 20. a) Predominant LULC in overestimated and underestimated grid cells for the
mean NDVI products for all validation days; b) Predominant LULC in overestimated and
underestimated grid cells for the LST products for all validation days. Overestimated
NDVI (A >0.3); underestimated NDVI (A <-0.3). Overestimated LST (A>3 °C);
underestimated LST (A <-3 °C). Source: Article II, Figure 8.

38



3.2 Microscale thermal data and shade distribution
for heat action planning

This subchapter covers the findings from evaluating the Twmrr estimations from
SOLWEIG under different conditions with field observations. The subchapter
also presents sidewalk shade coverage analysis results for Phoenix and Tempe.

3.2.1 Validation of the SOLWEIG model

A strong linear relationship (R =0.91, d = 0.95) was observed between the SOL-
WEIG Twrr estimates and the MaR Ty-observed Tmrt, with 83% of the variance
in the MaRTy-observed data explained. The overall RMSE and MAE were
5.59 °C and 4.60 °C, respectively (Table 5). Overall, the model overestimates, as
can be gathered from the MBE value of 1.59 °C (Table 5).

High positive correlations were observed between SOLWEIG estimates and
MaRTy-observed data for different exposure conditions, regardless of exposure
type or urban form. The R-value for shaded locations was 0.75 and 0.70 at sun-
exposed sites, respectively. Despite the high correlation values, the percentages
of variance explained were not significantly high (shaded sites = 56% and sun-
exposed sites= 49%). The RMSEs at shaded and sun-exposed sites were 5.12 °C
and 6.60 °C, respectively, and the MAEs were 4.47 °C and 4.93 °C. These
figures indicate that the model functions better in shaded conditions than in sun-
exposed conditions. From Table 5, the model is expected to overestimate Tyrr in
shaded areas (MBE =3.21 °C) and underestimate it in sun-exposed areas
(MBE =-2.28 °C).

The model’s performance under trees was the lowest among the three cate-
gories of urban form and exposure types. A positive correlation (R = 0.75) was
observed between the estimated and the observed data, with 56 % of the variance
explained (Table 5). The RMSE under trees was 5.44 °C. As the MBE 0of 4.16 °C
(Table 5) demonstrates, the model overestimates Turr under trees. Under trees,
most of the errors were in the —4 °C to 11 °C range, with half in the -2 °C to
—7 °C range (Figure 21). Outliers for trees were as high as 10 °C (Figure 21). The
estimates at open sites were strongly correlated with the MaRTy-observed data
(R=0.92 and 85% of the variance explained) despite the high RMSE of 6.23 °C.
The model underestimates Tyrr at these locations, as the MBE of —1.78 °C
suggests (Table 5). The error range for open sites was the highest (—15 °C
to 10 °C), with half of the sites having an error between —5 °C and 3 °C
(Figure 21). The best performance of the model was noticed in building canyons
(RMSE = 4.38 °C) with the strongest linear relationship between SOLWEIG and
MaRTy-observed Twmrr (R = 0.94, and R* = 0.88). The model underestimates
Tuvrr (MBE = —0.24 °C) in building canyons, with errors ranging from -9 °C to
10 °C with half in the — 3 °C to 2 °C bracket (Figure 21).
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Figure 21. Distribution of the modeling errors for different exposure types. Source:
Article II1, Figure 4.

Table 5. Summary of SOLWEIG’s performance under evaluated conditions: Overall,
under shade, at sun-exposed locations, under trees, at open sites, and in building canyons.
Source: Article IIT, Table 1.

Metric Overall  Shade Sun- Trees  Open sites Building
exposed canyons
R 0.91 0.75 0.70 0.75 0.92 0.94
R? 0.83 0.56 0.49 0.56 0.85 0.88
d 0.95 0.9 0.97 0.86 0.97 0.97
RMSE (°C) 5.59 5.12 6.60 5.44 6.23 4.38
RMSEz (°C) 2.86 3.3 2.72 4.3 1.84 1.71
RMSEu (°C) 4.81 3.91 6.01 3.33 5.95 4.03
MAE (°C) 4.60 4.47 493 4.90 4.61 345
MBE (°C) 1.59 3.21 —2.28 4.16 -1.78 -0.24

3.2.2 Hourly mean radiant temperature and shade maps

Hourly Tmrr and shade maps were generated after the validation using the respec-
tive forcing data. The highest Tvrr was 83 °C at sun-exposed sites and 41 °C at
shaded locations (Article III, Figure 5a). An illustration of an hourly shade
distribution map (combined shade from trees and buildings) used to determine
the amount of sidewalk shade is shown in Figure 22. Downtown areas had more
shade coverage. Due to the low sun elevation angle, shade coverage is most
significant immediately following sunrise and just before sunset.
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Figure 22. Shade distribution map of the Phoenix-Tempe area at 16:00 h local time on
June 21, 2019, base map source: Open Street Maps. The dark patches in the southwest
and north result from no data. Source: Article III, Figure 5b.

3.2.3 Sidewalk shade assessment

The hourly shade maps were intersected with sidewalk polygons to determine the
amount of shade available on the sidewalks in the area. Sidewalk shade coverage
at crucial times of the day: 07:00 h and 18:00 h (people commute to and from work
or school), 16:00 h (maximum air temperature), and 12:00 h (Sun reaches the
highest altitude) were examined further.

In the morning, North-South-oriented sidewalks were more shaded than those
with other orientations (Figure 23a). At midday, the shade coverage was remark-
ably low for all sidewalks, with the most coverage at less than 20% (Figure 23b).
At peak solar altitude, trees with large enough crowns accounted for the shade on
sidewalks, which met the coverage requirements. Because of low solar ele-
vations, the shade coverage increased at the hottest time of the day due to the long
shadows cast by buildings and trees. In the evening, shade coverage for most
sidewalks increased dramatically, even at locations with minimal vegetation.
Buildings primarily provided this shade.
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Figure 23. Total shade coverage for selected sidewalk polygons in Tempe on June 21,
2019, a coverage at 07:00 h; b 12:00 h; ¢ 16:00 h; d 18:00 h. Sidewalk widths are enlarged
in the figure for clarity Source: Article III, Figure 6.

Only 8% of all sidewalks in the study site achieved the 20% shade requirement
throughout the day. Just before sunset at 19:00 h, most sidewalks exceed the 20%
shadow coverage threshold. Less than half of the sidewalks fulfill the minimum
criteria between 08:00 h and 17:00 h. The overall sidewalk shade coverage and
shade contributions from trees and buildings per census tract were estimated for
the times of interest listed above to enable a neighborhood-level shade avail-
ability analysis (Figure 24). Tracts with adequate shade coverage are mainly in
central Phoenix and Tempe. Although all tracts achieved the minimum shade
target for at least one hour in the day, only two tracts (< 1% of the total) met the
requirement at all times. Tracts with a median total shade coverage of 20% or
higher numbered 84, making up 23% of all tracts. Most tracts had their maximum
shade coverage at 19:00 h and their minimum at either 12:00 h or 13:00 h. Vege-
tation shade accounts for over 50% of total shade in most tracts, especially at
midday. The proportion of building shade in the study area is more significant in
the mornings and evenings when the Sun’s elevation angle is low.
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Figure 24. Total sidewalk shade and shares contributed from buildings and vegetation
per census tract in the Phoenix-Tempe area on June 21, 2019, a) coverage at 07:00 h;
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preserves with few residential areas. Source: Article III, Figure 8.
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4. DISCUSSION

4.1 Enhancing remote sensing products to assess
heatwaves in Estonia at local scales

This subchapter discusses the approaches used to fill gaps in the MODIS LST
and generate synthetic LST and NDVI for local scale assessment of heatwaves in
this thesis. The subchapter also covers the suitability of the random forest algo-
rithm, the output products, and their limitations.

4.1.1 Gap-filling satellite LST

Gaps resulting from cloud contamination (Crosson et al., 2012; Li et al., 2018)
hinder the utilization of satellite LST to evaluate the spatial variability of surface
temperatures at local climate scales over large spatial extents (regional, country-
wide, and continental).

This thesis filled gaps in MODIS LST using an approach that combined com-
positing and empirical relationships. The compositing focused on combining
MODIS Terra and Aqua daytime products. The assessment of the composites
revealed that, while the method is relatively simple, it does not guarantee seam-
less products. In some composites, the area with missing data was less than 10%
of the total area; for some, it was about 90% (Article I, Figure 2). This effect is
also seen in Crosson et al. (2012), where the compositing method did not yield
seamless products despite the appreciation of data coverage by about 24 to 26%.
Therefore, compositing alone may not be appropriate for some seasons and
regions, like Estonia, where cloud contamination is common.

Spatial and temporal interpolation have been identified to yield seamless pro-
ducts. For example, Zhang et al. (2022) reported an RMSE of 1.88 °C using their
spatial and temporal interpolation approach. In this thesis, the temporal features
were significant in making LST predictions (Figure 10). Hence, it could be hypo-
thesized that the temporal features alone could yield predictions with acceptable
accuracies. While Zhang et al. (2022) had an adequate error margin, the LST of
a place is not only influenced by spatial and temporal properties (Bernales et al.,
2016; Feng et al., 2019).

This study filled the remaining gaps based on empirical relationships between
LST and features like NDVI, spatial and temporal features, and surface type frac-
tions after compositing. These features have been identified to influence LST
(Feng et al., 2019; Osborne & Alvares-Sanches, 2019). The RMSE on the holdout
data from the model was better by 1 °C compared to that of the gapfill algorithm,
which uses a spatio-temporal approach. The empirical method Yao et al. (2021)
used also performed better than gapfill and other spatial and temporal algorithms
for filling gaps. The results of this research indicate the advantage of an empirical
approach over a spatio-temporal method.
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4.1.2 Generating synthetic NDVI and LST products

Studies focusing on the dynamics of terrestrial ecosystems have relied on syn-
thetic remote sensing products generated at various spatial resolutions to compen-
sate for data unavailability due to low temporal and spatial resolutions (Atkinson,
2013; Gu & Wylie, 2015; Nomura & Oki, 2021). In this thesis, two synthetic
remote sensing products (NDVI and LST) widely used for evaluating and under-
standing the urban thermal environment were generated using RF.

Synthetic NDVI

The comparison of NDVI from both sensors revealed a strong correlation between
both products, which is also reported by Albarakat & Lakshmi (2019) and Ke et
al. (2015). Discrepancies in NDVI derived from both sensors may result from
differences in sensor properties and the processing algorithms utilized in atmo-
spheric corrections for the respective bands (Franke et al., 2006; Gastellu-Etche-
gorry et al., 2012; Ju et al., 2012; Y. Ke et al., 2015; Steven et al., 2003; Trish-
chenko et al., 2002). Although the MODIS-like and Landsat 8-like NDVI pro-
ducts had strong relationships with the validation data, the mean product was
preferred in predicting the LST at the target resolutions. Some biases (Figure 14)
inherent in the models were assumed to be reduced after calculating the mean
predictions.

The MODIS model overestimated the NDVI in grid cells covered mainly by
water. The cause for this overestimation is visible in Figure 14, where the MODIS
model does not make estimates below +0.4, although water bodies are known to
have lower NDVI values. The Landsat 8 model also misestimated water-domi-
nated cells. The NDVI of water bodies can be impacted by in situ flora and fauna.
As a result, it is possible that in cases where a cell is entirely covered by water,
the information on the proportion of water in a grid cell won’t be sufficient to
estimate its NDVI. The inaccurate predictions for croplands could be caused by
variations in crop types and growing seasons — information not captured in the
training data. In the mean predictions, there was a significant reduction in the
count of misestimations for specific LULC categories, indicating the advantage
of the mean product. The prevalent LULCs in the overestimated and underesti-
mated grid cells at 500 m were the same as those at 100 m resolution (Figure 20a).

Despite being good, the RMSEs for the synthetic NDVI products did not
match those obtained by Filgueiras et al. (2020), which ranged between 0.035 and
0.06. The differences in the predictors could be a reason for the difference in
RMSEs. This study employed LULC fractions as predictors. Filgueiras et al.
(2020) used surface reflectance for different bands as predictors, which have also
been used in other works (Gao et al., 2017). To obtain NDVI for each day, as was
intended in this study, predictors with the same temporal and spatial resolutions
must be used. As a result, using surface reflectance may be difficult, especially
when satellite missions are the primary sources. As Bonafoni et al. (2016) and
Hassan-Esfahani et al. (2017) illustrate, this difficulty may be overcome by using
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drone imagery. The downside of using drone imagery to overcome this challenge
is the significant planning and fieldwork the data collection requires. Radiative
modeling to obtain sensor-like spectral reflectance is an alternative (Gastellu-
Etchegorry et al., 2012).

Synthetic LST

A strong correlation was noticed when the predicted LST was compared with the
LST used for validation. The difference in sensing times is a potential reason for
the disparities in the LSTs. The model was created using MODIS LST products,
which are daily composites from two observations made at separate times that
differ from those of the validations. Furthermore, LST varies diurnally (Hu et al.,
2020; Sharifnezhadazizi et al., 2019; Weng & Fu, 2014); thus, it was not anti-
cipated that the predicted LST would be close to the validation. Despite this, some
researchers produced better RMSEs using data from different sensors and fea-
tures (Hutengs & Vohland, 2016; Xu et al., 2020). The relatively high RMSE for
this thesis could be attributed to the significant presence of forest and cropland
patches in the study area. On these patches, the model failed to perform well.

The evaluation of the synthetic products with respect to the LULC is critical
to appreciating their applicability (Pan et al., 2018). Bartkowiak et al. (2019) noti-
ced varying error sizes when they estimated the LST for different vegetation
types. The model in this thesis misestimates LST for vegetated surfaces. LSTs
for predominantly forested grid cells were the most difficult to estimate, as the
model overestimated at both resolutions. These misestimations may result from
not distinguishing forest and crop types in the modeling phase. In this thesis,
NDVI was the only feature to serve this purpose because of its suitability (Fan
et al., 2021); however, the results indicate that it was not good enough. Therefore,
additional predictors like canopy and crop height, which are obtainable with
terrestrial laser scanning and valuable in distinguishing crops and forest types,
could be considered to improve the predictions (Farhadur Rahman et al., 2022;
Tilly et al., 2013).

Moreover, ETAK lacks information on clear-cut patches, which may affect
the model’s performance. These areas remain vegetated in the database, even
though they are not. In such cases, the LST will not match the data supplied to the
model.

Despite these constraints, the model works well for largely built-up grid cells
(RMSE_500 m =2.8 °C and RMSE 100 m = 3.0 °C). The model’s performance
for built-up cells is critical because the primary goal was to provide LST suitable
for analyzing overheating in the CUD and TUA, where most people live. The
synthetic products are acceptable for assessing intra-urban SUHI and the spatial
variability of heatwaves inside the CUD. The high correlations between the sur-
face-air temperature from the local weather station and predicted LST trends
indicate the synthetic products’ usefulness in evaluating the temporal variations
of LST in the CUD.
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4.1.3 Evaluation of the models and resulting products

The results of this thesis highlight the well-documented applicability of the RF
algorithm to reconstruct or create synthetic remote sensing products (Holloway-
Brown et al., 2020; Jing et al., 2016; Li et al., 2019; Xu et al., 2020). Furthermore,
with RF, parameters influencing LST besides spatial and temporal information
could be incorporated into a model to fill gaps and overcome the limitations
associated with geostatistical and temporal interpolation methods (Sarafanov
et al., 2020; Siabi et al., 2022).

Zhao & Duan (2020) demonstrated that building an RF model with spectral
indices like NDVI, Enhanced Vegetation Index, Normalized Difference Water
Index, surface albedo, and topographic information yields reconstructed LST with
acceptable accuracies. While this research used the NDVI and other features to
fill the gaps, the results are comparable to those Zhao & Duan (2020) achieved.
The advantage of the gap-filling approach used in this research is that it does not
rely on multiple spectral indices, reducing pre-modeling computations. Further-
more, the gap-filled products generated in this thesis will allow for assessing the
spatio-temporal variation of LST during the identified heatwave periods.

In validating the synthetic LST and NDVI, the validation metrics were like
those obtained when NDVI and LST from both missions were compared at coarse
resolutions. Therefore, the RF algorithm can retain relationships well (Li et al.,
2019). However, more studies focusing on different scenarios would be needed
to confirm this based on the suggestions of Dong et al. (2020). While most re-
searchers have validated the suitability of the algorithm to reconstruct or down-
scale remote sensing products in various contexts, their explanation of the models
has been mostly limited to feature importance (Bartkowiak et al., 2019; Hutengs
& Vohland, 2016; Li et al., 2019; Zhao & Duan, 2020). This research explored
the explainability of RF models with model-agnostic tools like the PDP. The plots
give further insight into the range of predictions a model will likely make and the
relationship between each predictor and the target variables.

4.1.4 Limitations and prospects

Although this research’s gap-filled and synthetic products are considered good
and fit for purpose, they are not free from limitations. During baseline modeling,
the surface type fractions model had a similar RMSE to that of the LULC types.
Hence, the surface type model was preferred because it was a “simpler” model
(i.e., a model with fewer features). While this ML heuristic based on Occam’s
Razor (Bargagli Stoffi et al., 2022) helped explain the model, it cost the model’s
accuracy when predicting LST for vegetated surfaces. This limitation was evident
when the errors for the synthetic products were evaluated based on the predomi-
nant LULC types. The accuracy of the models in predicting LST for vegetated
surfaces is relatively low compared to built-up surfaces. Reclassifying all vege-
tation classes as pervious surface types, a broad category that includes non-vege-
tated pervious surfaces, may have contributed to this limitation. Future works
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should consider splitting this category into two categories, perhaps vegetated and
non-vegetated pervious surfaces.

The LST prediction approach relied on a single spectral index. Additional
spectral indices, such as the normalized difference sand index (Pan et al., 2018)
and the normalized difference built-up index (Xu et al., 2020), are also helpful.
However, as Bonafoni et al. (2016) demonstrated, some surface materials, such
as roofs, are not adequately represented by spectral indices; hence, the intended
use of the final products must be considered beforehand. In addition, other para-
meters available at daily temporal resolutions that were not considered here, like
solar radiation and wind speed, could be evaluated as potential features to improve
the LST predictions. For example, the sky-view factor is an excellent metric that
can be used to quantify solar radiation and simulate LST (Hutengs & Vohland,
2016; Scarano & Mancini, 2017).

Considering the study site, the Estonian LULC database was used for this
research. However, LULC data from Open Street Map or LCZ data from the
World Urban Database and Access Portal Tools (WUDAPT) would be more
appropriate to scale this approach to cover areas from different geographic
regions. The LCZ from WUDAPT is based on a classification system that con-
siders the thermal and physical characteristics of surface features (Bechtel et al.,
2019; Demuzere et al., 2019; Dutta et al., 2021; Stewart & Oke, 2012).

4.2 Microscale thermal data and shade distribution
for heat action planning

This subchapter discusses the performance of the SOLWEIG model under the
three evaluated urban forms and exposure types. The evaluated metrics are com-
pared with the accuracy standards set for estimating Twvrr. In addition, the quality
of shading in the Phoenix-Tempe area is discussed.

4.2.1 Validation of the SOLWEIG model

The ISO recommends that Tyrr estimates should be within + 5 °C of observations
in the ISO7726 standard (ISO, 1998). Considering this yardstick, the model’s
overall RMSE of 5.59 °C and MAE of 4.60 °C are satisfactory. Although the
RMSE is 0.59 °C higher than the standard, the model’s estimations are reasonable
because outliers could have influenced this value. Earlier research yielded
comparable results; for example, Gal & Kéantor (2020), RMSE = 5.02 °C, and
Lindberg et al. (2008), RMSE = 4.80 °C. Furthermore, the high index of
agreement (d) indicates that the predictions match the observed data (Table 5).
Except for trees, systematic errors (all <5 °C) were less than unsystematic errors,
indicating that the model has a minimal bias.

For shaded sites, the model tends to overestimate Tyrr. This limitation was
also reported by Szucs et al. (2014) and Gal and Kéntor (2020). Gal and Kantor
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(2020) indicate that using domain-wide surface temperature in estimating long-
wave radiation and the theoretical approach the model follows in calculating
fluxes from sun-exposed and shaded walls account for the overestimations in the
shade. In this study, an imbalance in the dataset (a greater number of shade/tree
observations) presents the model as one that overestimates. A balanced obser-
vational dataset would be needed to validate this hypothesis.

The validation demonstrates that SOLWEIG underestimates Tyrr at sun-
exposed sites with an RMSE above the ISO limit by 1.6 °C. The bias noticed at
these sites is mainly associated with underestimated downwelling radiation. Gal
and Kantor (2020) also observed that SOLWEIG underestimates the lateral short-
wave and longwave estimations for sun-exposed areas. Shade mismatch is an issue
in estimating Twmrr under trees because the model relies on shade distribution to
estimate radiative fluxes. Generating an appropriate tree geometry in the CDSM
is challenging because it depends on the point cloud’s density. Therefore, LIDAR
data with a high point density should be preferred, especially in densely forested
cities, to ensure that the CDSM accurately represents the geometries of tree crowns.
The MaRTy observations used in this study were taken under various tree species
with differing characteristics (leaf area density, canopy size, height, etc.).
Azcarate et al. (2021) also show that tree transmissivity varies with foliation
density. Although different transmissivities were investigated to find the optimum
value for the entire area, a single transmissivity value is not valid for all trees. As
a result, the Twvrr estimations do not match the MaRTy observations beneath some
trees.

Despite the limited information on wall properties and the assumption of a uni-
form albedo for all sites, the model performed well for building canyons. According
to ISO criteria, the building canyon RMSE is well within range, giving credence
to the model. Again, shortwave radiation is underestimated, an observation also
made by Lau et al. (2016).

Information on the land cover was not incorporated into the modeling process
for this study. Prior research found that ground surface features have less influence
on Twmrr than shading, despite being relevant (Lindberg et al., 2016; Middel &
Krayenhoff, 2019). Including ground-surface features would reduce inaccuracies
in upwelling longwave radiation and reflected shortwave radiation.

4.2.2 Sidewalk shade coverage

Most of the Phoenix-Tempe area is not walkable in the summer, according to the
percentage of sidewalks that attain the required shade coverage throughout the
day. Tracts in the downtown parts of Phoenix and Tempe had desirable shade
coverage due to a combination of trees and tall buildings that enhances shade distri-
bution in cities (Sabrin et al., 2021). According to Jamei & Rajagopalan (2017),
tall buildings could offer more shade and lower Tmrr in downtown areas than
trees. However, the sidewalk shade coverage is low outside the downtown area
because the residential neighborhoods feature low-rise structures, broad roads,
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and high sky view factors (LCZ 6). The share of tree shade is significantly greater
than that of buildings in the residential areas.

Planting street trees could significantly improve thermal comfort in tracts with
poor shading (Aminipouri et al., 2019; Sabrin et al., 2021; Tan et al., 2016).
According to studies, adding more street trees could appreciably lower PET and
Twmrr (Aminipouri et al., 2019; Gal & Kantor, 2020; Lachapelle et al., 2023; Sabrin
et al., 2021). According to a study done in a residential area of Freiburg, trees
lower Tmrr by 6.6 °C, which results in a 3.0 °C decrease in PET (Lee et al., 2016).
There is potential for the residential areas in Phoenix and Tempe to achieve a
similar impact, but the trees would need to be mature (Sabrin et al., 2021) and
may require a lot of water, which is a trade-off in hot, dry climates (Middel et al.,
2021). Planners could use advanced computational tools to simulate scenarios
involving certain tree species and other conditions to maximize tree-planting
efforts and increase pedestrian thermal comfort (Azcarate et al., 2021; Tan et al.,
2016; Wallenberg et al., 2022). In the planning and optimization stages, metrics
like the Shade Index employed by Aleksandrowicz et al. (2020) could be used.
Other urban shade sources that have proven to reduce Tmrr comparably, particu-
larly during the day (Middel et al., 2021), may be used as temporary solutions
while trees grow. As Bécklin et al. (2021) demonstrated, the shade analyses carried
out for sidewalks may be reproduced for public spaces like parks and playgrounds
for children with the output maps to assess the thermal comfort at these places.

4.2.3 Limitations and prospects

The lack of readily available sidewalk polygon data could be problematic for
implementing this method in other regions. Given the street width data, this can
be resolved by applying the buffer analysis used in this study. Alternatively, ML-
based models could be used to extract sidewalk footprints from high-resolution
aerial images.

Combining Turr with individual travel data will help evaluate pedestrian heat
perception in dynamic situations (Dzyuban et al., 2022; Lau et al., 2019; Li et al.,
2023). Further research should concentrate on pedestrian travel patterns and the
heat exposure that results from incorporating fine-scale Tmrr data into trip
simulation models.
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5. CONCLUSIONS

Urban overheating is a significant challenge in the 21% century. Heat-related
illnesses and deaths are preventable if the location of vulnerable populations and
local biometeorological conditions are known to target heat mitigation interven-
tions. Spatially explicit thermal data is essential for developing heat mitigation
plans and preparing for extreme heat events. This thesis addresses challenges asso-
ciated with thermal data for evaluating urban overheating at local and microscales.

Remotely sensed thermal data helps identify hotspots and evaluate urban over-
heating at the local climate scale. However, its utilization is hindered by missing
data due to cloud contamination. Furthermore, there is a trade-off between spatial
and temporal resolutions, given the limitations associated with sensor characte-
ristics. This study addressed these challenges by filling gaps in satellite LST and
generating synthetic products for evaluating urban overheating at the local scale.
The thesis used RF models to fill gaps in 1 km MODIS LST and create synthetic
NDVI and LST products at 500 m and 100 m resolutions. The results validate RF
as a suitable algorithm to fill gaps resulting from cloud contamination and gene-
rate synthetic products at various resolutions. The RF models reconstruct and gene-
rate synthetic remote sensing data based on empirical relationships that are chal-
lenging to represent using statistical and spatial interpolation methods. This thesis
advances the applicability of ML to enhance remotely sensed products by ex-
ploring the relationship between target variables (LST and NDVI) and predictors
to reveal how the models arrive at an estimation using PDPs. In addition to show-
ing how the models make estimations, the PDPs help explain the key influencers
of overheating in urban spaces to policymakers and planners with actual figures.
The approaches used in this thesis to enhance remote sensing products for asses-
sing overheating at local scales are easy to implement; however, the limitations
discussed must be considered beforehand.

Twmrr is a critical parameter for the microscale evaluation of urban overheating
and the development of human-centric heat mitigation plans. This thesis advances
human thermal exposure research by extensively validating the SOLWEIG model
using six-directional field observations. The study shows that Tvrt estimates from
SOLWEIG are acceptable following the + 5 °C criteria required for [ISO7726. To
assist local municipalities with Cool Corridor Planning, the thesis calculated
hourly shade coverage on sidewalks for a hot summer day in the Phoenix-Tempe
area. The calculated shade coverage allows the identification of neighborhoods
that do not meet the minimum shade coverage recommendation outlined in the
Maricopa Association of Government’s Active Transportation Plan. This
research provides essential information on current shade coverage previously
unavailable to local governments to make better-informed decisions on human-
centric cooling strategies. The results will inform municipal plans to optimize
shade presence, use, and effectiveness.

Combined with socio-economic and demographic data, the datasets generated
in this thesis will help identify hotspots and inform heat action plans to make
cities in the respective study sites heat-ready.
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SUMMARY IN ESTONIAN

Erinevas médtkavas soojusandmete genereerimine linnade
ulekuumenemise hindamiseks kasutades kaugseiret,
masindpet ja kiirgusvoo modelleerimist

Inimtegevus, néiteks fossiilkiituste pdletamine ja industrialiseerimine, on pohjus-
tanud maakera kliima soojenemise. Selle nihtuse iiheks viikesemahuliseks
ilminguks on linna soojussaare (Urban Heat Island, UHI) efekti tugevnemine.
UHI on olukord, kus linnas on dhutemperatuur korgem kui linna {imbritsevatel
aladel, mida pShjustab mitmesugune inimtegevus. Kuumalainete ajal on linnas
UHI piirkonnas dhutemperatuur eriti korge. Viimasel ajal on teadlased hakanud
kasutama mdistet linnade iilekuumenemine, mis kirjeldab olukorda, kus kuuma-
laines tduseb linna temperatuur tasemeni, kus see ohustab linnaelanike tervist ja
eluolu. Naiteks registreeriti 2003. aasta suvise kuumalaine ajal iile 30 000 kuu-
musega seotud surmajuhtumi Euroopas. Praegused kliimaprognoosid nditavad, et
kuumalained sagenevad, on pikemad ja intensiivsemad. Seetdttu on hddavajalik
valmistuda sellisteks siindmusteks ja muuta linna, et vihendada tilekuumenemise
negatiivset moju.

Enamiku linnavalitsuste suvise kuuma leevendamise plaanide elluviimist
takistab ruumiliste soojusandmete puudumine. Doktoritdé keskendub sellele,
kuidas kaugseire andmeid, masindpet ja kiirgusvoo modelleerimist kasutada tem-
peratuuri andmekogu koostamiseks, et hinnata linnade iilekuumenemist ja teha
leevendusplaane. Sealjuures késitleti kahte linnakliima mastaapi: kohalik mas-
taap, mis koosneb elamukvartalitest, tdinavavorgustikust voi homogeensest linna-
osast, mida planeerijad kujutavad maakasutusklassina, ja mikroskaala, mille
moodustavad tdnav ja sellega kiilgnevad hooned.

Maapinna temperatuur (LST), mis mdddetakse Maa {imber tiirlevate satel-
liitide kaugandurite abil, on laialt kasutatud linnade iilekuumenemise hindamisel.
Seda eelistatakse ilmajaamade andmetele, sest satelliidipiltidel on lisavairtus
ruumilise katvuse néol. Vaatamata sellele eelisele takistavad satelliidi LST kasu-
tamist pilved, mis varjavad anduri vaadet Maale, pohjustades andmetes liinki.
Teine probleem on seotud kaugseire kujutiste ruumilise (véikseim kauganduriga
tajutav ala) ja ajalise (kujutist on samas kohas saadavuse sagedus) lahutus-
voimega. Kasutades kaugseire andmeid tuleb leida kompromiss ruumilise ja
ajalise lahutusvdime vahel, et mdista linnade iilekuumenemist ja soojasaasrte
efekti. Kuumalained esinevad lithikese aja jooksul, mille jalgimiseks on pidevad
ja sujuvad LST andmed héadavajalikud. Viitekiri késitleb seda probleemi, kasu-
tades masindppe otsustusmetsa algoritmi (Random Forest, RF), et téita liinki
satelliidi MODIS LST kujutistes Eesti alal (artikkel I) ja koostada linna taimes-
tikuindeksi NDVI ning LST andmestikku lahutusvdéimega 500 m ja 100 m kaart
(artikkel IT).

Artiklis I on esitatud otsustusmetsa mudel, mis pShineb LST ning ruumiliste
ja ajaliste tegurite vahelisel empiirilisel seosel, voimaldades tdita MODISe LST
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linki kolme kuumalaine jooksul. Mudeli keskmine ruutviga (RMSE) oli treenimis-
ja testandmetel vastavalt 0,9 °C ja 1,3 °C. Vorreldes liinkade tditmise algoritmiga
gapfill toimis artiklis I RF-mudel paremini. Mudeli RMSE oli 1,5 °C, samas kui
gapfill algoritmi korral oli see 2,6 °C.

Artikli IT eesmirk oli genereerida LST 500 m ja 100 m lahutusvoime kaart,
millega Statistikaamet kaardistab linnade rahvastikku. Artikli I tulemuste pShjal
margiti, et NDVI ennustab LSTd. LST andmete saamiseks 500 m ja 100 m lahu-
tusega tootati vélja kaheosaline 1ihenemine. Esimene keskendus NDVI gene-
reerimisele 500 m ja 100 m eraldusvdimele, mida seejérel kasutati teises osas
ennustamistunnusena LST arvutamiseks samadel lahutusvoimetel. Loodi kaks
otsustusmetsa mudelit, et ennustada MODISe ja Landsati NDVI-d, kasutades
ennustajatena maakasutust ja maakatte fraktsioone. Kui MODISe ja Landsati
NDVI-de tépsus oli piisav, peeti keskmisi ennustusi paremaks ja seetdttu kasutati
neid LST ennustamisel. NDVI RMSE-d olid lahutusvdime 500 m ja 100 m puhul
vastavalt 0,09 ja 0,14. LST ennustamiseks kasutati sama ldhenemist, mida
artiklis I. Siinteetiliste LST vairtuste RMSE-d olid m&lema vdrgulahutuse korral
4,3 °C. Kuid asustatud aladel jadb prognoositava LST RMSE vahemikku + 3 °C.
Mudel ei suutnud tdpselt ennustada enamiku taimkattega pindade LST-d, eriti
metsade ja pdllumaade. Seetottu tuleb piirangut eelnevalt arvestada, kui kasutada
seda metoodikat taimestunud pindade analiitisimisel.

Artiklid I ja II piilidsid selgitada, kuidas masindppemudelid ,,mdtlevad®, et
jouda tulemusteni, hinnates olulisi omadusi ning uurides seoseid ennustajate ja
sihtmuutujate vahel. Sihtmérgi ja ennustaja suhete véljendamiseks kasutati osa-
lise soltuvuse diagramme (Partial Dependence Plots, PDP). Planeerijad saavad
soojuse leevendamise plaanides toetuda PDP-dele kui iihele paljudest teabe-
allikaist.

Kui LST sobib linna iilekuumenemise hindamiseks, siiski ei anna see palju
infotinimese kokkupuutest viliskeskkonna vo6i tdnavatasandi soojusega. Artik-
lis IIT uuriti, kuidas keskmist kiirgustemperatuuri (Mean Radiant Temperature,
TMRT), inimkeha kogusoojuskoormust, saab modelleerida suurtes linnades suure
ruumilise eraldusvdimega. Lisaks uuriti artiklis, kuidas saab kvantifitseerida konni-
tee varju katvust jalakiijatele sobiva varjuarvutamisel. Puude voi muude objek-
tide vari on leevendab kuuma keskkonda. Artiklis III uuriti seda probleemi,
genereerides Phoenixi suurlinnapiirkonnas LiDAR-i punktipilvedest 1-meetrise
eraldusvoimega varju ja TMRT kaardid, kasutades péikese pikalainelise kiirgus-
tiheduse geomeetria (SOlar LongWave Environmental Irradiance Geometry,
SOLWEIG) mudelit, et aidata omavalitsusi ,,jahedate koridoride* planeerimisel.
TMRT hinnanguid valideeriti 763 vaatlusega, kasutades mobiilset inimese bio-
meteoroloogilist 6-suunalist mooteaparatuuri. Valideerimine nditas, et SOLWEIGi
iildine RMSE oli 5,6 °C, kusjuures see oli 6,2 °C avatud aladel, 5,4 °C puude all
ja 4,4 °C majadevahelistes tinavakanjonites. Igatunnised TMRT- ja varjukaardid
ajavahemikul kell 7.00-20.00 koostati 27. juuniks 2012, mis oli tiiiipiline selge,
kuiv ja tuulevaikne suvepdev. Korgeim TMRT oli 83 °C kell 16.00 péikese kies
avatud kohtades ja 41 °C varulistes kohtades. Konniteede pdikese eest varjatust
hinnati vastava plaani alusel. See nditas, et ainult 8% konniteedest vastas soovi-
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tatavale 20%-lisele minimaalsele varjutusele. Kriteeriumile vastas vihem kui
50% konniteedest, mis niitab, et linnapiirkond ei ole tippkuumuseajal inimesele
talutav. Uuringu tulemused annavad teavet omavalitsusele jahedate koridoride
planeerimisel, et optimeerida kuumuse leevendamist.

Viitekiri kdsitleb probleeme, mis on seotud ruumiliste temperatuuri andmete
hankimisega, et vilja tootada kohalikke kuumuse leevendamise strateegiaid linnas.
Koos sotsiaalmajanduslike ja demograafiliste andmetega annavad kdik uuri-
muses genereeritud andmestikud teavet soojuse tegevuskavade koostamiseks.
Tulevased t66d peaksid uurima nahtusi, mis vdivad parandada LST-mudeli ennus-
tustépsust taimkattega aladel. Valdkonna edasised uuringud peaksid keskenduma
jalakéijate liikumisharjumustele ja kuumaga kokkupuutele, mis tuleneb TMRT
tdpsete andmete lisamisest reisisimulatsiooni mudelitesse.
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