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Abstract: Vitoria-Gasteiz has taken several urban greening actions such as the introduction of a
ring of parks that connect the city’s surroundings, a sustainable mobility plan, and urban green
structure strategies. Previous studies establish a connection to the importance of greening to mitigate
the surface urban heat island (SUHI) and evaluate the effectiveness of these measures on urban
climate. In this study, land surface temperature (LST), a remote sensing (RS) parameter, recorded
by Landsat satellites (5, 7, and 8) was used to evaluate the effect of SUHI in Vitoria-Gasteiz between
1985-2021. The aim was to evaluate whether the urban greening actions influenced the local thermal
conditions and, consequently, helped minimize the SUHI. Thirty sampling locations were identified,
corresponding to different local climate zones (LCZ), at which LST data were extracted. A total of
218 images were processed and separated into summer and winter. Four of the 30 locations had,
since 2003, on-site meteorological stations with regular air temperature (Tair) measurements which
were used to validate the LST data. The results showed that Spearman’s correlation between Tair
and LST was higher than 0.88 in all locations. An amount of 21 points maintained the same LCZ
classification throughout the analysed period and nine underwent a LCZ transformation. The highest
average temperature was identified in the city centre (urbanized area), and the lowest average was in
a forest on the outskirts of the city. SUHI was more intense during the summer. A significant increase
in SUHI intensity was identified in areas transformed from natural to urban LCZs. However, SUHI
during satellite data acquisition periods has shown a minimal change in areas where sustainable
practices have been implemented. RS was valuable for analysing the thermal behaviour of the LCZs,
despite the limitation inherent in the satellite’s time of passage, in which the SUHI effect is not
as evident.

Keywords: land surface temperature; Landsat; Google Earth Engine; surface urban heat island;
urban greening

1. Introduction

The growth of human settlements has an impact on the local climate, generating an
increase in urban temperature. It is one of the most relevant human-driven climatological
effects and one of the most studied and documented due to its impact on human comfort
and quality of life [1]. Howard (1833) introduced the urban heat island (UHI) concept as a
local climate effect consequence of urbanization [2]. This effect refers to the persistence of
higher temperatures in urban areas when compared to surrounding rural areas. The UHI
effect is stronger during summer nights when there is a greater difference in temperature
between the city and the periphery [3] and it has also been shown that the UHI effect is
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intensified in the presence of heat waves, as cities tend to present aggravated effects when
compared with rural areas [4,5].

When addressing the impact of cities on environmental thermal behaviour, it is impor-
tant to consider characteristics, such as (i) surface structures: their geometry, the properties
of building materials or the density of buildings, factors that can modify the airflow, heat
transport and surfaces’ radiation balances [6,7]. (ii) Natural cover: vegetation absorbs
solar radiation and converts it into chemical energy through the process of photosynthesis.
This stored energy is then used to fuel the plant’s growth and metabolism, and it is not
stored as heat. In contrast, paved surfaces absorb and store heat from the sun, leading to
increased temperatures in urban areas. Additionally, vegetation contributes to the cooling
of the surrounding environment through the process of evapotranspiration, where water
is released from the leaves and into the atmosphere [8,9]. Finally, (iii) human activity:
increased heat from everyday activities such as transport use, industrial metabolism or
waste energy, also contribute to heat input into the environment [10,11].

The UHI effect, when combined with the rise in temperatures, causes a series of
consequences on citizens’ quality of life, such as: (i) compromised human health and
comfort: with higher air-pollution levels, higher daytime temperatures and less capacity
for night-time cooling in the cities [12]; and (ii) increased energy consumption: urban
overheating demands for more energy consumption for cooling purposes [13].

To quantify the UHI effect, data on temperature from rural and urban areas were
gathered. To assess the urban heat island effect, various sources can be used including in situ
automatic meteorological stations that measure air temperature (Tair) and satellite sensors
that measure land surface temperature (LST). This approach has become increasingly
popular since the turn of the century [14]. One of the great advantages of remote sensing
(RS) data is the fact that it can provide information from the surface, extracted from each
pixel of a satellite image [15].

As LST values can be used to estimate UHISs, the result is an indirect estimate of this
phenomenon, known as surface urban heat island (SUHI) [16]. LST measurement is not
the same physical variable as Tair obtained from meteorological in situ stations, but it is
an indication of the surface heating, which then affects the air temperature at the lower
atmosphere [17]. Although the correlation between LST and air temperature may also
be influenced by factors such as vegetation cover, soil moisture, and urbanization, there
is an expected relation between the thermal behaviour of surfaces and the air above it,
furthermore, data from both sources were found to be highly correlated [18-20].

Rao [21] carried out the first SUHI study using RS measurements in 1972. Since then,
a variety of sensor-platform combinations (satellite, aircraft, ground-based) have been
used in SUHI studies [22,23]. To facilitate access to and the processing of satellite data, the
Google Earth Engine (GEE) was created. It is a cloud-based platform that provides access
to a large geospatial dataset from a variety of satellite and Earth-observing RS imagery [24].
This multi-petabyte curated collection includes the entire Landsat archive.

Since 1972, eight Landsat missions have been launched uninterruptedly [25] and, from
Landsat 4 onwards, all satellites include at least a thermal band that allowed them to
estimate LST data at a high spatial resolution, which made it particularly appropriate for
local and small-scale studies [26,27].

The classical approach to quantify SUHI using RS data starts with the differentiation
of the study area into urban and rural areas, to then extract LST values from pixels in both
categories [15]. This is a widely used method to assess temperature differences between
urbanized and vegetated /rural areas. However, when the study focuses on analysing the
influence of environmental characteristics on SUHI, the differentiation between “urban”
and “rural” cannot sufficiently describe the microscale effects. To improve and standardise
such approaches in urban climate studies, in 2012 Stewart and Oke [11] developed a local
climate zone (LCZ) classification. These LCZs are universal urban landscape typologies
based on expected characteristics at the neighbourhood scale, with an approximate impact
on the local climate.
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Several studies using LCZs employ a single classification map, which can be created
with software provided by the World Urban Database and Access Portal Tools (WU-
DAPT) [28]. This tool allows the identification of areas representing different LCZs in
the same study area. This database provides information for all pixels belonging to each
LCZ, allowing recurrent analysis of the SUHI [29]. On the other hand, these types of
maps are not as useful when there is interest in analysing information at specific locations,
with specific characteristics. For these cases, the best approach to study the SUHI is to
visually identify and classify LCZs for specific locations. This method is mostly used in
multi-annual approaches to analyse the impact of urban transformation over the years [18].

The literature has demonstrated the advantages of green spaces in providing a cooling
effect in cities, which reduces the impact of SUHIs [30]. However, the evaluation of the
efficiency of urban greening measures requires long-term temperature data that is not
always available from in situ measurements. On the other hand, when using RS data,
the main limitation is the spatial resolution of the sensor, which must be high enough
to obtain urban-scale data [20]. Medium-resolution remotely sensed satellite data such
as Landsat, has been used to estimate LST for long-term temperature observations from
the early 1980s. For instance, the effectiveness of urban greening strategies to reduce the
SUHI effect has been widely demonstrated [31-33]. According to the literature, there are
two approaches to studying the SUHI effect: (i) based on a single city to focus on temporal
dynamics [34], and (ii) comparing multiple cities using the same method [19]. The present
study adopts the first approach, applied to the Spanish city of Vitoria-Gasteiz. This city
is known worldwide as a green city, given the effort by local institutions in promoting
urban sustainable development, ensuring the well-being of its citizens, while promoting the
conservation of the natural environment [35]. Although it is argued that the implemented
measures should reduce the SUHI effect [36], there are no previous detailed studies of this
effect in this city.

Given the relevance of analysing the presence of the SUHI effect in Vitoria-Gasteiz, a
reference city in urban greening, this research uses RS data to analyse the environmental
characteristics of different LCZs associated with the increase or decrease in the SUHI effect.
For this purpose, this study has the following objectives: (i) assess urban and peri-urban
areas to evaluate the changes in LCZ classification over the period of 1985-2021; (ii) identify
urban and peri-urban LCZ changes over the period of 1985-2021; (iii) determine which
LCZs had the SUHI effects and potential reductions; and (iv) evaluate the impact of LCZ
transformations on the SUHI intensity. As a hypothesis, the SUHI effect is expected to
decrease in areas subject to sustainable urban strategies and to increase in areas that have
undergone an urbanization process, to evaluate the impact of urban transformations in
this context.

2. Materials and Methods
2.1. Study Area

Vitoria-Gasteiz is the capital city of Basque Country, located in the province of Alava
in northern Spain, with a total population of 253,672 inhabitants (2022) [37]. It is located
in a central plain, with an average elevation of 539 m above sea mean level (asml) and
surrounded by several mountains reaching an altitude of about 1000 m asml, with a
maximum elevation of 1167 m asml. The Zadorra River, a tributary of the Ebro River, flows
through the outskirts of Vitoria-Gasteiz, and several streams cross the city (Figure 1) [30].
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Figure 1. Terrain elevation map of Vitoria-Gasteiz, Zadorra River, and streams (modified from [38]).

According to the Koppen climate classification, Vitoria’s climate is temperate and
humid, corresponding to subtype Cfb [39,40]. Summers are warm and winters are cold, with
average temperatures between 17.1 °C and 4.4 °C, respectively, for the period 1991-2021.
Given its oceanic climate, Vitoria-Gasteiz weather tends to have frequent cloudy conditions,
with an average annual rainfall of 817 mm (1991-2021) recording the highest levels in
November and the lowest in June [41].

Since the late 18th century, a large fraction of the rural population settled in the
urban area, looking for better services and opportunities [40]. Therefore, Vitoria-Gasteiz
experienced quick growth in its urban area, leading to a populational increase of 18%
between 1996 and 2022 [37]. During these years, Vitoria-Gasteiz underwent an important
industrialization process (automobile and metallurgical industry) and consequently, gravel
pits and rubbish dumps start to settle in vast areas on the urban periphery, turning it into
degraded areas where the environmental impact threatened the richness of the habitats
and their biodiversity [35].

In 1992, to regenerate the degraded periphery of Vitoria-Gasteiz, a local project began
to implement a network of green spaces around the city, called the Green Belt of Vitoria-
Gasteiz. The aim of this project was to enhance ecological connectivity between peri-urban
spaces and the surrounding regional natural areas [42]. Over the years, various ecological
and landscape restoration initiatives have been implemented in the outskirts of Vitoria-
Gasteiz, ultimately resulting in the development of a Green Belt. Figure 2 shows the parks
that currently exist in the Green Belt. The result will be a 79 km corridor around the
city. Some of the actions carried out include the recovery of wetlands, the restoration
of the Zadorra River, and the development of ecological corridors [43]. Several studies
demonstrate the environmental benefits that the Green Belt had on biodiversity, ecology,
and ecosystem services in the area [44,45].



Remote Sens. 2023, 15, 3110

50f22

2°42'0"W 2°38'24"W

z X Z

@ Q= Green Belt

N7 [N

o o

N N

< <

z g

< <

N N

o1 (=]

10 A0

N N

o 2P\ 1<
0 1 2km
L SS—

2°42'0"W 2°38724"W

Figure 2. Green Belt of Vitoria-Gasteiz in 2019 (modified from [42]).

The Green Belt has become an icon of the city, but there are more environmental
measures carried out in the city over the years. Figure 3 shows the implementation in
chronological order of the most relevant interventions and other important moments that
have occurred in Vitoria-Gasteiz.

CHRONOLOGY OF RELEVANT EVENTS

1992 Begins the construction of the Green Belt to regenerate the degradaded periphery

Implementation of Agenda 21, a Plan with yearly updates, that informs citizens on
1995 environmental conditions. Vitoria-Gasteiz was the first provincial capital in Spain to
approve its Agenda 21.

Implementation of the Sustainable Mobility and Public SpacePlan, created to
support sustainable transport and to increase the space allocated to people and green
spaces

2007

2012 Vitoria-Gasteiz became the European Green Capital in recognition of being at the
forefront of environmentally friendly urban living.

Implementation of a Green Infrastructure Strategy to connect the main urban spaces with

ZO1S each other and with the Green Belt, through axes and tree-lined streets.

Vitoria-Gasteiz was selected as Global Green City by the Global Forum on Human
LUEl  Settlements. This award promotes the implementation of sustainable development
goals in cities around the world.

Figure 3. Timeline with some of the measures implemented in the city of Vitoria-Gasteiz and
international recognition prizes.

Since the implementation of the green infrastructure strategy in 2014, over 111 inter-
ventions have been carried out. These include the planting of 250,000 trees in streets and
squares to improve climate comfort and increase CO; capture, the installation of orchards
and urban forests on unused plots, and the creation of lagoons in peri-urban parks to
prevent flooding [43]. Vitoria-Gasteiz currently has 445 hectares of urban green areas and
827 hectares of peri-urban green areas in its Green Belt, which places it among the European
cities with the largest surface area of urban and peri-urban green spaces [35].

2.2. Identification of LCZ Study Locations

For this study, 30 locations were chosen to represent different LCZs, based on the
Stewart and Oke [11] classification. This classification consists of 17 standard LCZs and is
divided into “built types” 1-10 and “land cover types” A-G (Table 1).
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Table 1. Definitions of the local climate zone (LCZ) types (modified from [11]).

Built Types

Definition

Land Cover Types

Definition

1. Compact high-rise

Dense mix of tall buildings to tens of
stories. Few or no trees.

A. Dense trees

Heavily wooded landscape of trees.
Land cover mostly pervious
(low plants).

2. Compact midrise

Dense mix of midrise buildings
(3-9 stories). Few or no trees.

B. Scattered trees

Lightly wooded landscape of trees.
Land cover mostly pervious
(low plants).

3. Compact low-rise

Dense mix of low-rise buildings
(1-3 stories). Few or no trees.

C. Bush, scrub

Open arrangement of bushes, shrubs,
and short, woody trees. Land cover
mostly pervious (bare soil or sand).

4. Open high-rise

Open arrangement of tall buildings to
tens of stories. Abundance of previous
land cover (low plants, scattered trees).

D. Low plants

Featureless landscape of grass or
herbaceous plants/crops. Few or
no trees.

5. Open midrise

Open arrangement of midrise buildings
(3-9 stories). Abundance of previous
land cover (low plants, scattered trees).

E. Bare rock or paved

Featureless landscape of rock or paved
cover. Few or no trees.

6. Open low-rise

Open arrangement of low-rise buildings
(1-3 stories). Abundance of previous
land cover (low plants, scattered trees).

F. Bare soil or sand

Featureless landscape of soil or sand
cover. Few or no trees.

7. Lightweight low-rise

Dense mix of single-story buildings.
Few or no trees.

G. Water

Large, open water bodies such as seas
and lakes, or small bodies such as rivers,
reservoirs, and lagoons

8. Large low-rise

Open arrangement of large low-rise
buildings (1-3 stories). Few or no trees.

9. Sparsely built

Sparse arrangement of small or
medium-sized buildings in a natural
setting. Abundance of pervious
land cover.

10. Heavy industry

Low-rise and midrise industrial
structures (towers, tanks, stacks). Few or
no trees.

The selection of the study locations was done through a detailed visual analysis of the
study area from historical satellite images using Google Earth Pro and aerial images avail-
able by the National Geographic Institute (IGN) of Spain [46]. The 30 selected locations are
scattered across the study area and include the different land cover and urban development
contexts (Figure 4). The LCZ typologies 1, 3, 7, and 10 were not identified in the study
area. Of the 30 selected locations, 21 maintained the same LCZ between 1985-2021 and
nine underwent some transformation, culminating in the change of LCZ during this period

(Table 2).

Table 2. Classification of the sample locations according to their local climate zones (LCZ) type.
Altered locations indicated the transition year.

21 Stable Locations

9 Altered Locations

LCZ Type Sample Location Tral;lgfzc) :rigteion Transition Year Sample Location

2. Compact midrise 6,13 B-A 1998-2001 7
4. Open high-rise 15 C-G 2006-2009 20
5. Open midrise 14,19, 28 C-5 2002-2007 29
6. Open low-rise 16, 30 D-8 1998-2001 17
8. Large low-rise 18 D-B 1994 24
9. Sparsely built 21,27 F-8 1998-2001 1
A. Dense trees 9 F-6 1998-2001 4

B. Scattered trees 11,22 F-4 2004-2011 10
D. Low plants 2,5,23,26 F-E 1998-2001 12
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Table 2. Cont.

21 Stable Locations 9 Altered Locations
. LCZ Type - .
LCZ Type Sample Location Transformation Transition Year Sample Location
E. Paved 25
F. Bare soil 3
G. Water 8
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A

Figure 4. Satellite view (Google Earth image) of Vitoria-Gasteiz, with stable (in blue) and transformed
sampled locations (in pink). The number in the figure is equivalent to the analysed point, from

1 to 30.

2.3. Estimation of LST Data from Landsat Thermal Sensors

A GEE open-source code for LST estimation from Landsat series modified from
Ermida et al. [26] was used. This code includes time series analysis, so the result is the
combination of Landsat 5, 7, and 8 observations over the period of 1985-2021. Ermida
et al.’s [26] code was first published in May 2020 and has since been applied in multiple
urban climate studies [31,47,48] proving its efficiency in LSTs values collected from Landsat
series. Figure 5 illustrates the processing chain for generating Landsat LST values from the

code proposed by Ermida et al. [26].

—

( Load TOA BT collection ) (
Top-of-Atmosphere and Brightness Mask cl

Temperature
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]

Compute ASTER FVC

—

Compute LST

Figure 5. Google Earth Engine (GEE) processing chain for retrieving Landsat land surface temperature

(LST) (modified from [26]).

All Landsat data is available on GEE, including top-of-atmosphere (TOA) and surface
reflectance (SR) data of each satellite/sensor. For this study, TOA reflectance collections



Remote Sens. 2023, 15, 3110

8 of 22

have provided the thermal infrared (TIR) bands and SR datasets have provided the near-
infrared (NIR) and red bands. Both collections are combined to obtain LST data.

The code uses two other collections available within GEE: atmospheric data from the
National Centers for Environmental Prediction (NCEP) [49] and the National Center for
Atmospheric Research (NCAR) [50] and surface emissivity from the Advanced Spaceborne
Thermal Emission and Reflection Radiometer Global Emissivity Database (ASTER GED).
NCEP/NCAR provide data on total column water vapor (TCWV), required to better ac-
count for atmospheric contributions in the TIR observations. ASTER GED dataset provides
prescribed values of surface emissivity used to correct the Landsat TIR band [26].

The normalized difference vegetation index (NDVI) is computed to calculate the
fraction of vegetation cover (FVC) and ASTER FVC, both used to obtain the surface emis-
sivity for each Landsat TIR band. Values for NDVI were considered in the threshold of
0.2 and 0.86 for completely bare and fully vegetated pixels, respectively. The code applies a
cloud mask to TOA reflectance and SR collections using the quality information bands [26].
Additionally, a filter has been applied to discard images with more than 20% of cloud cover,
which has reduced the initial 836 images to 218.

As each satellite incorporates different measurement instruments due to its continuous
updates, they have different characteristics which must be considered when processing the
data (Table 3). The three satellites have a spatial resolution of 30 m (with the exception of
TIR bands, which is 100 m) and a temporal resolution of 16 days.

Table 3. Sensor, activity time, and equatorial crossing time (ECT) for each Landsat satellite used.

Satellite Sensor Spatial Resolution Temporal Resolution Activity E.CT?
Landsat 5 TM, Thematic Mapper 30m 16 days 1984-2013 9:45 a.m.
Landsat 7 ETMs, Enhanced Thematic 30m 16 days 1999-active 10:00 a.m.

Mapper Plus
OLI, Operational Land Imager 30 m . .
Landsat 8 TIRS, Thermal Infrared Sensor 100 m 16 days 2013-active 10:00 a.m.
! £15 min.

RS studies rely on data that are collected during satellite passages, which capture
thermal conditions at discrete times. As a result, UHI effects can be evaluated for specific
times of the day. In this study, the image data corresponds to path 201, row 30 of the
Worldwide Reference System (WRS) [51], as Landsat satellites pass over Vitoria-Gasteiz
between 9:00 a.m. and 11:00 a.m., an interval in which the UHI effect is not expected
to be the most intense. Interpreting SUHI during the period between 9:00 a.m. and
11:00 a.m. is complex due to the lower angle of solar radiation incidence on surfaces,
which is influenced by existing structures. Additionally, the extensive shadows cast dur-
ing this time, as compared to the noon period, can further complicate SUHI interpreta-
tion [52]. Therefore, results must consider the potential effects of shadows cast by nearby
physical elements.

Studies conducted during stable overnight conditions can provide data on the higher
values for SUHI, with an expected maximum value just before sunrise. During the night,
physical elements play a more stable role in the thermal behaviour of surfaces, as LST is
highly influenced by the rate of energy released from surfaces, which is conditioned by the
level of openness of the urban landscape. As a result, higher SUHI intensity is expected in
more densely urbanized areas [3].

2.4. Validation with In Situ Data

The LST data obtained with GEE has been compared with in situ data from four
meteorological stations managed by the Basque meteorology agency, Euskalmet [53]. These
stations have been active since 2003 and are equipped with Rotronic sensors that record,
among other variables, Tair, every 10 min. Their location corresponds to locations 1, 2, 4,
and 5 in the study area (Figure 4). All the meteorological records from these stations can be
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accessed from the Esukalmet website (https://www.euskalmet.euskadi.eus, accessed on
23 February 2023) [53].

Both meteorological and satellite data were collected from 2003 to 2021; 149 images
were obtained from the three Landsat satellites, providing LST values for each sam-
pling location. Firstly, to compare the LST values with the in situ Tair, data for these
two parameters were collected for the timeframe of the satellite passage over the study
area (which ranged from 9:48 UTC to 10:57 UTC). LST and Tair values were then computed,
and the root mean square error (RMSE) was calculated as an estimation of data uncertainty.
To assess the normality of the data, a Shapiro-Wilk test was performed, showing that the
data series did not present a normal behaviour. Therefore, Spearman’s non-parametric
correlation test was applied to assess the association between the two variables.

2.5. SUHI Quantification

To study the SUHI effect, multiple analyses were performed. First, LST was deter-
mined the for each location on the 218 data collection days and plotted the results on
a boxplot graph. This process was repeated for summer (74 images) and winter days
(31 images) to compare seasonal differences in the SUHI effect.

Subsequently, the SUHI effect was evaluated for the 21 stable locations, according
to common approaches of SUHI indicators [54]. For this purpose, three rural LCZs were
selected as a reference [43] for rural areas, namely, LCZD, LCZA, and LCZG (croplands,
forest, and water bodies areas, respectively). The SUHI intensity (SUHIlint) was calculated
as the difference in temperature between urban and rural areas, according to Equation (1):

SUHIint = LSTpan — LSTruml(LCZx) @

where LST,,,;(1czx) are LST values of the different LCZD, LCZA, and LCZG locations,
and LST,;p,, are the remaining LST values of locations that are not LST,,q1(1.czx)-

In some cases, LCZ typologies may have more than one representative sample location
within the study area. For example, in this study, four LCZD locations were present in the
measured data. In such cases, the average value was used to calculate SUHIint data.

For each of the three SUHI indicators (LCZD, LCZA, and LCZG), a boxplot graph with
the SUHIint for all the LCZurban was created. The result was also computed distinguishing
summer and winter seasons. Additionally, to better describe the SUHIint evolution over the
time series 1985-2021, a dispersion graphic using LCZD as a SUHI indicator was created.

Finally, the remaining nine locations that changed during the period studied
(1985-2021) were analysed considering the changes in LCZ classification. In those cases,
just LCZD locations were considered as LST,,,,; when applying Equation (1), as it is the
main LCZ type in the surrounding area. Then, the mean LST is analysed for each location
before and after the LCZ transformation.

To analyse the SUHIint evolution in the altered locations, a five-year moving average
was applied to the 1987-2021 period to evaluate the potential trends in the dataset. Addi-
tionally, for the periods before and after the urban transformation, a regression trend was
calculated. For this analysis, only summer data were considered for the period of 1987-2021,
since there were no available images for 1985 and 1986 due to the image selection criteria
used in this study. In those cases where LCZ transformation took several years, data from
the transition years were disregarded. Statistical normality test Shapiro-Wilk was applied,
showing normal behaviour in all series of values. Therefore, t-test for parametric data was
used to evaluate the differences in LST values before and after the transformation.

Figure 6 presents a summary of the steps that have been carried out in the methodology
of the study.
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METHODOLOGY DIAGRAM

1. Define study area

2. Identify 30 sample points and classify them by LCZ

3. Obtain LST data from GEE

4. Validate LST data with in situ Tair

5. Quantify UHI effect

* Organize LST data according to LCZ type and climatic seasons summer and winter

* Calculate UHIint in the 21 stable points considering L.CZs D, A and G as LSTrural

* Calculate the variation of UHIint in the 9 transformed points considering LCZD as
LSTrural

Figure 6. Diagram of the steps followed in the methodology of this study.

3. Results
3.1. Validation of LST Data

The results from the comparison between LST and Tair data of the four in situ stations
show RMSE higher than 7 °C, whereas the Spearman correlation shows high values,
therefore showing similar behaviour in both datasets. Statistical results are shown in
Table 4.

Table 4. Validation statistics of land surface temperature (LST) with air temperature (Tair) root mean
square error (RMSE), Spearman correlation coefficients, and height of the in situ sensors.

Station RMSE (°C) Spearman Correlation Height (m)
1. Alegria 10.54 0.876 4.5
2. Arkaute 8.86 0.890 1.7
4. Gasteiz 9.88 0.899 6.2
5. Abetxuko 7.81 0.874 14

3.2. LST for Stable Locations

The highest LST median value of all the data series is 37.99 °C in P18, representative
of urban LCZ8, and the lowest is 21.27 °C in P9, representative of rural LCZA. Figure 7
shows that rural locations (LCZ types D, B, F, G, and A) have lower LST median values
than urban locations, having significant differences between both spots after applying the
non-parametric Kruskal-Wallis test, H(1) = 171.632, p <0.001.
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Figure 7. Boxplot with land surface temperature (LST) values of the period 1985-2021 for the
21 stable locations. Locations are organized by local climate zone (LCZ) type, from left to right, first
the urban typologies and then the rural ones.

Results for summer and winter seasons show that the distribution of the LST values
in the winter was more heterogonous than in summer, with higher interquartile ranges,
as shown in Figure 8. Still, in winter, the median LST difference between urban and rural
zones is near 1 °C, while in summer differences rise to approximately 5 °C between both
types of zones. Table A1l with data from all the locations is present in Appendix A.
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Figure 8. Boxplot with land surface temperature (LST) values in summer and winter of the period
1985-2021 for the 21 stable locations. Locations are organized by local climate zone (LCZ) type, from
left to right, from urban to rural typologies.

3.3. Temporal Variation of SUHI in Stable Locations

Figure 9 shows the SUHIint in all the stable sample locations considering the three
different rural LCZs (LCZD, LCZA, and LCZG). In the three cases, SUHlIint is higher in
urban LCZs than in natural LCZs. P18, representing LCZ8 (open arrangement of large-rise
buildings with no trees and land cover mostly paved), shows the highest values: 9.05 °C
when compared with LCZD (Figure 9a), 14.38 °C with LCZA (Figure 9b), and 14.50 °C
with LCZG (Figure 9¢). When considering the three rural contexts, higher differences were
found when comparing LCZA (forest), while the use of the LCZD (croplands) as a reference
provides the lowest SUHL
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Figure 9. Boxplot with surface urban heat island (SUHI) values of the period 1985-2021 for each
stable location concerning rural local climate zones D, cropland (a); A, forest (b); and G, water (c).

Relevant differences are found when comparing SUHIint in summer and winter.
Figure 10 shows the results considering the three rural scenarios. In the three cases, SUHI
is more intense during summer showing significant differences after applying the non-
parametric Kruskal-Wallis test: LCZD (H(1) = 85.076, p < 0.001), LCZA (H(1) = 482.225,
p <0.001), and LCZG ((H(1) = 443.464, p < 0.001). The highest values are again found for
P18: 10.99 °C respect LCZD (Figure 10c), 14.38 °C respect LCZA (Figure 10b), and 14.50 °C
respect LCZG (Figure 10c). Additionally, in the summer, the difference in SUHIint between
urban and rural locations is much higher than in winter. Tables A2-A4 with data from
all the locations for each case (LCZD, LCZA, and LCZG, respectively) are presented in
Appendix A.
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Figure 10. Boxplot with surface urban heat island (SUHI) values in summer and winter of the
period 1985-2021 for each stable location concerning rural local climate zones D: cropland (a), A;
forest (b) and G; water (c).
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SUHI evolution was assessed in comparison with LCZD, as is the main LCZ type
in the suburbs of Vitoria-Gasteiz. Figure 11 shows the linear trends of the urban LCZ
typologies. Results show that the SUHI effect has increased between 1985 and 2021, since
the trend for all urban LCZs is positive. LCZ8 presents the highest slope and LCZ4
the lowest.

13
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Figure 11. Linear trend of surface urban heat island (SUHI) values of urban locations concerning local
climate zone D (cropland), from dispersion plot of summer values between 1987 and 2021. Equation
of the linear regression for each local climate zone (LCZ) showing the slope.

3.4. Temporal Variation of SUHI in Altered Locations

Median values before and after the LCZ transformation of the nine altered locations
are shown in Table 5. Six of these locations have suffered a transformation from a natural
LCZ to an urban LCZ, namely: P1, P4, P10, P12, P17, and P29. For these locations, the LST
median is higher after the urbanization process. The remaining three locations, placed in
the green belt, had a major transformation from a natural LCZ to another natural LCZ,
namely: P7, P20 and P24. For these locations, the LST median is very similar before and
after the transformation.

Table 5. Altered locations with their respective local climate zone (LCZ) and years of transitions,
median summer land surface temperature (LST) for each period, and the significance value of the
t-test, applied for both periods of each location.

Altered Locations Traigfzo ITIz’lIa);OII Transition Years Median LST (°C) Sign]ijﬁig;;rce: (C te- test)
. = o i
P4 igég ;?)3? gz:g; -
p7 s 2002 o 0.922
- Lz 201 355 0192
P12 s Yoo P <0.001
P17 e oo Py <0.001
P20 LCZC 2006 27.41 0.829

LCZG 2009 26.91
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Table 5. Cont.

Altered Locations LCZ Type‘ Transition Years Median LST (°C) . ]?}fference
Transformation Significance (¢-test)
LCZD 26.65
P24 LCZB 1994 26.87 0.99
LCZC 2002 34.86
P29 LCZ5 2007 36.63 0.078

Locations P1, P4, P12, and P17 show significant differences in LST values before and
after the transformation (sig. < 0.05 in t-test); their analyses are further detailed below,
while the rest of the locations did not present significant differences.

P1 evolution is shown in Figure 12. This location corresponds to LCZF between 1985
and 1998. The median LST of this first period was 34.28 °C. The linear regression of SUHI
values shows a slope of 0.157. From approximately 2001, P1 was transformed into an urban
area, LCZ8. The median LST for this second period was 37.61 °C and the SUHIint shows a

0.030 slope trend.
10
8 .
Moving average
6
‘ Original data
o 4 g [
3, T ) ‘ i —— LC2ZF
I ' y=0.1579x-311.9
0 LCZ8

y =0.0304x-57.24
1987 1991 1995 1999 2003 2007 2011 2015 2019

Figure 12. Surface urban heat island (SUHI) original values of summer data from 1987 to 2021, five
period moving average and linear trend in Location 1 (P1) transformed from local climate zone F
(bare soil) to 8 (large low-rise).

P4 evolution is shown in Figure 13. This location corresponded to an LCZF profile
between 1985 and 1998. The median LST of this first period was 33.97 °C. The linear
regression of SUHI values shows a trend of a —0.047 slope. From approximately 2001, P4
was transformed into a residential and leisure area, categorised as LCZ6. The median SUHI
of this second period was 36.97 °C and SUHI shows a slope of 0.118. SUHI was higher
when P4 corresponded to LCZ6 than LCZEF, as the slope trend changed when the location
was transformed into an urban area.

12
10
8 Moving average
6 b e
: [ ) BB Original data
— 4 = ——
& - 4
S [~ i . ——LczF
0 $J : y =-0.0473x+ 96.036
= ] L 4
. Lcz6
-4 i y=0.118x- 234.44
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Figure 13. Surface urban heat island (SUHI) original values of summer data from 1987 to 2021,
five-year moving average and linear trend in Location 4 (P4) transformed from local climate zone F
(bare soil) to 6 (open low-rise).
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P12 evolution is shown in Figure 14. This location corresponded to an LCZF between
1985 and 1998. The median LST of this first period was 34.68 °C, while the linear regression
of SUHI values shows a slope of 0.064. From approximately the year 2001, P12 was
transformed into a parking area, categorised as LCZE. The median SUHI for this second
period was 41.32 °C and the following changes presented a slope of 0.069. SUHI is more
intense when P12 represents LCZE than LCZFE. The trendline slope is similar for both
periods. This particular location illustrates the negative impact of urbanization on local
thermal conditions since the change in land use corresponded to a high increase in UHIint.

14
12
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10 — 4
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4 ‘\\ ( ! / $ )
8 > 1A 57 1 [ Original data
6 Nl I —1 4
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4 ] —— LCZF
/ = -
, TN ) y =0.0648x- 127.41
T e 4
o —— LCZE
ol i y =0.0695x- 132.23
=2
1987 1995 1999 2003 2007 2011 2015 2019
Figure 14. Surface urban heat island (SUHI) original values for summer data from 1987 to 2021,
five-year moving average and linear trend in Location 12 (P12) transformed from local climate zone F
(bare soil) to E (paved).
P17 evolution is shown in Figure 15. This location corresponded to LCZD, between
1985 and 1998. The median LST for this first period was 32.47 °C. The linear regression
of SUHI values shows a slope of 0.112. In 2001, the P17 location was transformed into
an industrial area, categorised as LCZ8. The median SUHI for this second period was
40.05 °C and SUHI shows a slope of 0.036. SUHI is more intense than when it corresponded
to LCZD. The trend slope is lower after this location was transformed into an urban area.
Similarly to P12, this location also illustrates the impact of urbanization on SUHIint.
14
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Figure 15. Surface urban heat island (SUHI) original values of summer data from 1987 to 2021,
five-year moving average and linear trend in Location 17 (P17) transformed from local climate zone

D (cropland) to 8 (large low rise).
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4. Discussion

As expected, LST values were significantly higher in urban areas when compared
with rural areas since paved surfaces retain more heat and release heat more slowly than
natural surfaces in rural areas [55]. P18 shows the highest LST values, corresponding to a
LCZ8—an open arrangement of low-rise buildings with no trees and the land cover mostly
paved. The low albedo of paved surfaces causes most of the radiation coming from the
sun to be absorbed and accumulated, resulting in a higher LST value [2,6,7]. Additionally,
the presence of low-rise buildings reduces the influence of shading which could reduce
the LST at the time of satellite passage [45]. This can be observed for LCZ2—compact
midrise buildings, where the surface is also paved and there is no vegetation, but LST
values are lower than in LCZ8, which can be a consequence of the shadow cast by the
midrise buildings.

On the other hand, P9 presents the lowest LST values, representing a LCZA—a
heavily wooded landscape of trees, where the land cover is mostly covered by high plants.
Vegetation provides humidity to the air by evapotranspiration, helping to regulate the
temperature of the surface.

In the summer, the median LST in urban areas was approximately 5 °C higher than in
rural areas, while in winter the difference is almost 1 °C. This circumstance can be explained
by the lower radiation intake and the effects of shading [56]. In addition, Vitoria’s climate
during winters is quite humid and rainfall is very frequent, which increases the moisture
over surfaces and the air humidity, decreasing the LST in urban settings [57]. The opposite
happens in summer, when the sun’s radiation hits the surface more directly and for longer
periods, resulting in higher heat retention in paved urban areas [5]. Dry weather and
heat wave episodes coupled with the lower wind to ventilate and cool the surface are also
contributing factors that influence the differences between urban and rural LST and take
place mostly during the summer [5].

When using LCZA (forest) as a rural reference, results show higher SUHIint values
than when considering LCZD (cropland) and LCZG (water). The characteristics of such
a densely wooded area (natural cover and evergreen trees) are in contrast with urban
areas (mostly paved cover, no trees, and construction materials), so the result is an extreme
interpretation of the SUHI effect and could be overestimated. Moreover, as LCZA areas do
not predominate in the surrounding of Vitoria-Gasteiz, other indicators may provide more
consistent results. By using LCZG (water) as an indicator, higher SUHIint values were also
expected, since the low heat capacity of water does not allow it to retain as much heat as
other surfaces. This shows that the presence of water bodies favours thermoregulation and
cooling. On the other hand, cropland areas (LCZD) are the most abundant LCZ in the rural
areas surrounding the city of Vitoria-Gasteiz and is also a widely used indicator in other
SUHI studies [57,58]; therefore, it was used as a reference for the SUHIint calculation.

Urban areas with an open structure and the presence of vegetation, such as LCZ4,
LCZ5, LCZ6 or LCZ9, show lower SUHIint than areas with no vegetation, such as LCZ2
or LCZ8, due to the positive effects of vegetation, such as the interception of solar energy
reducing sensible heat and the humidity supply by evapotranspiration [9,59]. This is in
line with what has been found in other similar studies [20,31], where urban areas record
higher LST values than areas with vegetation. In summer, SUHI is more intense than in
winter, in line with what other authors have previously found [8,18,60].

In winter, it has been found that LST values in urban areas are often lower than in
rural LCZD areas, which results in a negative SUHIint. This is known as the urban cold
island effect (UCI). This phenomenon is more common in winter because the solar radiation
trajectory is lower and the buildings often cast shadows on vast urban areas, slowing the
temperature rise during the early hours of the day. Meanwhile, in rural areas such as LCZD,
fewer obstacles to solar radiation directly hit the surfaces, leading them to faster warming
when compared with those located in densely built urban areas [61]. UCI is more common
during the early hours of the day, and since the time of passage of the satellite is between
9:00 and 11:00 a.m., this effect is not uncommon.
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The global trend of the SUHIint shows an increase between 1985 and 2021 in all studied
urban areas. When comparing different zones, it was found that SUHIint at LCZs 2, 8, and
9 had a higher increase than other LCZs. These three urban locations share the presence
of medium-low-rise buildings and were, therefore, more exposed to solar radiation than
areas with higher buildings or trees. On the other hand, LCZ4, which corresponds to open
high-rise buildings, presented the lowest SUHI. In these locations, at the satellite passage
time, the presence of high obstacles makes the surface less exposed to direct radiation,
contributing to a reduced or negative SUHL

The change in SUHIint over time on the places that had some kind of urban trans-
formation shows that newly forested spots on the periphery (P7, P20, and P24) located
inside the greenbelt of Vitoria-Gasteiz have no significant differences before and after the
transformation. These results suggest that planting trees in areas that already have some
pre-existing vegetation, either with low vegetation as in P24 or with low tree density as in
P7, will generate mild effects due to the pre-existence of a wide vegetation cover.

In contrast, the transformation of locations P1, P4, P12, and P17 meant a change
from rural LCZs (F, F, F, and D, respectively) to urban LCZs (8, 6, E, and 8, respectively),
generating a noticeable increase in the LST. Results suggest that an abrupt transformation
from semi-natural to urban areas does intensify the SUHI effect. These four cases support
the physical basis of the SUHI effect since when the same location belongs to a natural LCZ
(either F or D), it retains less heat than if the same location corresponds to an urban LCZ
(such as 8, 6 or E), promoting an increase in the SUHIint.

P10 and P29 have also undergone a transformation from a rural LCZ into an urban
LCZ (from LCZF to LCZ4 and from LCZC to LCZ5, respectively), but their median LST
difference before and after the transformation was not significant. LCZ4 and LCZ5 are
open areas of medium and high-rise buildings, so shading by large buildings hinders
solar incidence and surface heating, in contrast to urban areas with low-rise buildings,
such as LCZ6, where the surface is more exposed to solar radiation and, therefore, records
higher LST values. This is in line with the notion that the vertical expansion of cities can
mitigate the SUHI effect during the initial hours of the day by providing a shading effect
that decreases solar incidence [62]. Nonetheless, these same areas are more prone to have
the highest daily SUHIint during the night just before sunrise, due to the heat retention
caused by the low sky view factor, slowing longwave radiation emission by the surfaces [3].

The study results and conclusions are based on the SUHI effect, offering a close
expression of the UHI effect on the time of the satellite passage, as they assume a strong
relationship. This is the first study on UHI conducted in Vitoria-Gasteiz, offering relevant
historical results to be considered both in the future urban development of Vitoria-Gasteiz,
as well as in urban strategies in cities around the world that seek solutions to adapt to
the UHI effect. However, as a consequence of the limitations of RS, this study promotes
the need to carry out complementary studies to achieve the proposed objectives in a
more satisfactory way, specifying the type of urban planning measure and its influence
on reducing the SUHI effect. Such studies should establish a relationship between the
spatial morphology of green areas and the intensity of UHIs. For this purpose, there
are methodologies that may allow quantifying the contribution of morphological factors
that influence the UHI, such as random forest [63] or the feed-forward neural network
(FNN) [64], which both have proven to be a good tool for establishing effective mitigation
measures to reduce the intensity of the UHI effect.

To this end, it is worth noting that the spatial resolution of the Landsat sensors,
obtained at 100 m and resampled at 30 m, can be a limiting factor in this study which
can be complemented with data from unmanned aerial vehicles (UAV), equipped with
thermal sensors. In this case, each pixel would represent more reliably the type of land
cover, minimizing the averages between distinct types (such as vegetation and asphalt, in
transition zones).
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5. Conclusions

The analysis of Landsat data from 1985 to 2021 in Vitoria-Gasteiz shows that LST is
higher in urban areas than in rural ones, with the differences between both areas being
greater during summer than during winter. LCZD (croplands) has proved to be a good
indicator of rural reference for calculating SUHIint. During the satellite passage time of the
day, the highest SUHIint value was 10.99 °C for P18, representative of LCZ8—large low-rise
building area and LCZD. Results under this study’s conditions show that the SUHI effect
in Vitoria-Gasteiz has increased over the period of 1985-2021. In urban areas composed
of low-rise buildings such as LCZ8 or LCZ9, higher SUHIint values were recorded than
in urban areas with medium-high-rise buildings such as LCZ4 or LCZ5. Non-urban
areas with vegetation cover such as LCZB or LCZF show significantly lower SUHIint
values for the same study conditions. The transformed locations in the green belt do not
show a significant decrease in SUHIint using this study methodology, nor do those areas
transformed from rural, such as LCZD or LCZF, into mid-high-rise building areas such
as LCZ4 and LCZ5. On the other hand, areas transformed from rural areas into low-rise
buildings areas such as LCZ6 and LCZ8 or simple paved areas such as LCZE, have shown
a significant increase in SUHIInt after the transformation.

The use of RSdata is a key tool for urban climate studies based on long time series but
also requires identifying, in detail and coherently, the location of the sampling locations
where LSTs are to be obtained, for which having only the remote visual analysis of the
study area may be a limiting factor. To investigate the impact of urban structure changes
on the SUHI effect, it is crucial to identify areas that have remained stable as a baseline for
SUHI behaviour interpretation, and then compare them with transformed areas to pinpoint
any differences.

The results suggest that the presence of the green belt reduces SUHIint, as LST is
lower than core urban areas. However, once the ring area was restored, the implementation
of further naturalisation measures did not significantly reduce the SUHI effect during
this study’s conditions. On the other hand, the transformation of green areas into urban
areas is shown to substantially increased SUHIint. As expected, this study suggests that
naturalising urban areas could offer a noticeable decrease in the SUHI effect.

The municipality of Vitoria-Gasteiz is referential for its commitment to the implemen-
tation of urban strategies that ensure the well-being of its inhabitants. In order to validate
present and future urban interventions, it is recommended that further studies on the UHI
effect should be carried out. Therefore, additional monitoring should be carried out to
consider the Tair variations across the city and the analysis should be expanded to consider
daily variations in UHI intensity, especially considering the impact of nocturnal conditions,
since the highest UHIlint values are expected to be found in the moments before sunrise.
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Appendix A

Table Al. Land surface temperature (LST) values; expressed in °C, of 218 data days for the 21 stable
locations. Median, maximum, and minimum values for urban and rural areas.

Urban Locations

14 19 28 6 13 16 30 21 27 15 18 25
Period LCZ5 LCZ5 LCZ5 LCZ2 LCZ2 LCZ6 LCZ6 LCZ9 LCZ9 LCZ4 LCZ8 LCZE Median Maximum Minimum
All 30.67 30.70 29.07 30.69 3136 2632 31.16 2828 29.07 2893 3799 2839 29.87 37.99 26.32
Summer 38.03 3633 36.17 37.06 3743 3221 3726 3456 3641 3597 4505 3495 36.37 45.05 32.21
Winter 8.37 7.78 6.70 8.77 9.42 6.31 11.62  7.66 8.08 6.86 12.78  8.17 8.13 12.78 6.31
Rural locations
2 5 23 26 11 22 3 8 9
Period LCZD LCZD LCZD LCZD LCZB LCZB LCZF LCZG LCZA Median Maximum Minimum
All 27.80 2845 26.30 26.57 2522 2613 2698 22.16 21.27 26.30 28.45 21.27
Summer 34.63 34.14 32.69 30.30 30.79 3116 34.09 27.38 26.57 31.16 34.63 26.57
Winter 7.14 9.82 7.97 8.28 6.58 7.19 7.00 6.75 5.50 7.14 9.82 5.50
Table A2. Median surface urban heat island (SUHI) values; expressed in °C, of the period 1985-2021
for the stable location respect Local Climate Zone D (cropland) locations. Median, maximum, and
minimum values for urban and rural areas.
Urban Locations
14 19 28 6 13 16 30 21 27 15 18 25
Period LCZ5 LCZ5 LCZ5 LCZ2 1LCZ2 1LCZ6 LCZ6 LCZ9 LCZ9 LCZ4 L1LCZ8 LCZE Median Maximum Minimum
All 2.10 1.71 1.12 1.87 2.14 —148 2.04 0.41 1.34 0.74 9.05 0.40 1.53 9.05 —1.48
Summer 4.60 3.06 3.17 3.67 4.06 —-1.17 375 0.90 3.07 2.78 1099 154 3.12 10.99 —-1.17
Winter 0.08 —1.11 —-096 0.01 —-0.02 —-172 -026 —-056 —095 —-1.28 4.09 —1.10 —0.76 4.09 —-1.72
Rural locations
11 22 3 8 9
Period LCZB LCZB LCZF LCZG LCZA Median  Maximum Minimum
All —-1.75 —1.86 —0.03 —4.73 -5.19 —1.86 —0.03 —-5.19
Summer —2.45 —1.87 0.68 —6.18 —6.39 —2.45 0.68 —6.39
Winter —0.88 —1.62 —0.62 —2.42 —-3.04 —-1.62 —0.62 —3.04
Table A3. Median surface urban heat island (SUHI) values; expressed in °C of the period 1985-2021
for the stable location respect local climate zone A (forest) location. Median, maximum, and minimum
values for urban and rural areas.
Urban Locations
14 19 28 6 13 16 30 21 27 15 18 25
Period LCZ5 LCZ5 LCZ5 LCZ2 1L1CZ2 1CZ6 LCZ6 LCZ9 1L1CZ9 LCZ4 1CZ8 LCZE Median Maximum Minimum
All 7.38 6.77  6.5425 7.04 7.34 3.55 7.696  5.87 6.94 5.89 14.38  5.88 6.86 14.38 3.55
Summer 1041 9.81 9.238  9.70 9.82 535 9.815 7.29 9407 9.27 1726  8.00 9.55 17.26 5.35
Winter 3.36 253 208 3.37 3.03 1.16 3.33 253 25275 199 7.36 1.52 2.53 7.36 1.16
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Table A3. Cont.

Rural locations

2 5 23 26 11 22 3 8
Period LCZD LCZD LCZD LCZD LCZB LCZB LCZF LCZG Median  Maximum Minimum
All 5.93 5.69 4.47 3.46 2.89 2.84 4.86 0.26 3.97 5.93 0.26
Summer 7.30 7.25 5.86 3.05 3.88 4.40 6.75 0.36 513 7.30 0.36
Winter 3.04 4.13 2.65 2.75 2.03 1.20 2.62 0.06 2.64 4.13 0.06

Table A4. Median surface urban heat island (SUHI) values; expressed in °C of the period
1985-2021 for the stable location respect Local Climate Zone G (water) location. Median, maxi-
mum, and minimum values for urban and rural areas.

Urban Locations

14 19 28 6 13 16 30 21 27 15 18 25
Period LCZ5 LCZ5 LCZ5 LCZ2 1L1CZ2 1CZ6 LCZ6 LCZ9 LCZ9 LCZ4 1LCZ8 LCZE Median Maximum Minimum
All 7.56 7.10 6.6925 7.18 7.56 3.66 7.8285 5.73 6.777  6.24 1450 5.80 6.94 14.50 3.66
Summer 1058 9.34 8837 9.67 9.34 525 94125 7.00 8924 884 1695 740 9.13 16.95 5.25
Winter 2.65 1.34 1.6745 2.36 2.67 0.69 2.402 1.62 1.463 1.18 7.04 1.84 1.76 7.04 0.69
Rural locations
2 5 23 26 11 22 3 9
Period LCZD LCZD LCZD LCZD LCZB LCZB LCZF LCZA Median Maximum Minimum
All 5.50 5.27 421 3.00 2.88 3.06 4.54 —0.26 3.64 5.50 —0.26
Summer 7.15 7.49 5.49 2.69 414 405 664 —036 482 7.49 —0.36
Winter 2.16 3.18 2.39 2.37 1.78 0.63 1.75 —0.06 1.97 3.18 —0.06
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