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ABSTRACT
The viability of urban life requires a series of changes in Land
Use Land Cover (LULC), incorporating anthropic elements
at the expense of vegetated areas, changing the land cover,
which affects surface albedo. One of the impacts could be the
formation of an Urban Heat Island (UHI), where
temperatures are higher in cities compared to the vegetated
surrounding areas, especially after sunset. Remote Sensing
(RS) data, such as Land Surface Temperature (LST), image
classification algorithms, and vegetation indices, can be used
to understand this dynamic. This research aimed to assess the
sensitivity of RS products to LULC changes and evaluate the
surface thermal behaviour of (Portugal) between 2016 and
2023, during summer and winter. RS was able to identify
some changes in LULC and ascertain that LST, in general,
was higher in anthropic areas, especially during the summer.

Index Terms — Land Surface Temperature, Satellite
image processing, Google Earth Engine, Land use change,
Local Climate Zone

1. INTRODUCTION

To enable housing and basic access for the population in an
area, several landscape and Land Use Land Cover (LULC)
modifications are necessary. These may include building
roads/railways, residences, incorporating irregular and
heterogeneous anthropogenic elements, resulting in changes
in surface temperature due to alterations in the local albedo
(a measure of the rate of reflection of electromagnetic energy
by surfaces) [1-7].

When temperatures in urban areas are higher than in the
surrounding vegetated areas, we experience the Urban Heat
Island (UHI) effect, which can influence the well-being and
health of local inhabitants, atmospheric instability, biological
risks, etc. [8—14]. Within the UHI, there is a subclassification
called Surface Urban Heat Island (SUHI), which corresponds
to methodologies that address UHI considering its temporal
variability [15].

One of the ways to analyse SUHI and LULC changes
includes using Remote Sensing (RS) data, which gathers
information about a target without physical interaction with
the sensor [14]. In mountainous regions, as proposed in this
study, RS can enable data collection that would otherwise be
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challenging in situ [16]. One of the commonly used RS
products in SUHI is Land Surface Temperature (LST), which
represents the average radiation of the target within the
sensor's field of view [17,18]. With the analysis of LST maps,
it's possible to identify surface temperatures and, in
conjunction with LULC classification methods, pinpoint
anthropic areas and verify if they are the warmest. Another
method is the computing of the Normalized Difference
Vegetation Index (NDVI), which is sensitive to the biomass
of a location. Its result varies from -1 to 1, where surfaces
with clouds or water show values lower than 0, and areas with
healthy vegetation are represented by values close to 1 [19].
There are also products that use a variety of distinct sources,
such as RS, topographic surveys, municipal records of zoning
and land use, census data, information from urban and
environmental planning agencies, and studies conducted by
experts and institutions dedicated to urban and environmental
planning, which can be used to understand the LULC. The
Dynamic World is produced using Google Earth Engine
(GEE) and Google Al Plataform, that provides near real-time
location-based data, and the Land Use and Occupancy Map
(COS), which is official and offers a range of details, can be
adapted according to the research objective [20-22].
Considering the availability of RS data and the need to assess
the accuracy of these methods, the objective of this study was
to determine if surface changes in LULC that occurred
between 2016 and 2023 in Braganga - a mountainous region
in Portugal - can be identified using RS products, and whether
LST is higher in anthropic areas compared to vegetated ones.
Braganca was chosen, in fact, because it has been classified
into seven different Local Climate Zones (LCZ), based on the
consideration of various criteria such as LULC, the height of
built structures, and the purpose of their use (residential,
industrial, commercial, etc.) [23,24] and features a network
of sensors measuring Air Temperature (Tair) at 23 different
points, allowing us to analyse thermal behaviour based on
surface distinctions and respectively compare the thermal
behaviour obtained on a satellite scale with local data.

2. STUDY AREA
Located in the extreme northeast of mainland Portugal
(41°48°20" N, 6°45°42" W), Braganga is an urban area in a
mountainous region with variable altitude, and has around
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25,000 inhabitants in an area of approximately 15 km? The
LULC is heterogeneous, with vegetated areas and open
spaces, buildings, commercial and industries [24].

The 23 sensors installed in the city measuring Tqir are of the
TGP-4500 model, TinyTag, Gemini Data Loggers,
Chichester, UK. The installation locations followed the
classification of the LCZs as follows: i) Compact low-rise
(CLR): represented by the old city center, with buildings of
medium-low height, high density and the presence of inlaid
stone and brick (sensors 4 and 6): ii) Compact midrise (CM):
areas with high-density modern construction, medium-high
height, and paved surfaces (sensors 3, 7 and 13); iii) Urban
green spaces (GAB): urban green spaces, predominantly
green, covered with trees and undergrowth (sensors 2, 8, 9
and 11); iv) Large low-rise (LLR): commercial and industrial
area, with low or medium density, low and high buildings,
with paved parking lots (sensors 5, 17 and 21); v) Open
midrise (OM): represented by streets with low or isolated
houses of medium density (sensors 10, 12, 18 and 22); vi)
Sparsely built (SB): transition space between urban and rural
environments, scattered houses with agricultural and forestry
surroundings (sensors 1, 14, and 15); and vii) Rural areas
(RCD): isolated rural areas on the outskirts of the city
(sensors 16, 19, 20 and 23) [24,25] (Figure 1).

7>

Figure 1. Braganca (Portugal) and the spatial distribution of the 23
sensors used in this study: Compact low-rise (CLR) (gray); Compact
midrise (CM) (red); Urban green spaces (GAB) (light green); Large
low-rise (LLR) (orange); Open midrise (OM) (blue); Rural areas
(RCD) (green); Sparsely built (SB) (purple); (adapted from [25]).

3. DATA ACQUISITION AND PROCESSING

We calculate RS products using the GEE, a cloud-based
software  that  consequently  optimizes  computer
processing/storage time and capacity [25,26]. For image
selection, we considered those that had below 20% cloud
coverage and additionally applied a cloud mask within the
study area to ensure more representative results. The final
maps were prepared in ArcGIS Pro. As seasonality influences
vegetation behaviour and, consequently, results, we separated
some analyses into winter (January, February, and March)
and summer (July, August, and September) - periods during
which surface thermal behaviour is also influenced by lesser
and greater availability of electromagnetic energy due to solar
angle, respectively [27,28].

To identify changes in the quantity of vegetated areas, we
used Equation 1 [19] and processed the NDVI using the '

COPERNICUS/S2_HARMONIZED'  collection  from
January 11, 2016 to August 26th, 2023, with a spatial
resolution of 10 m. We calculated three NDVI maps: 1) refers
to the average of data obtained in the summer, over the entire
period analyzed; ii) the same methodology was applied, but
just for the winter period; iii) to identify areas that remain
vegetated throughout the analyzed period, we calculate a
persistence index. We applied a mask that assigned the value
“1” to pixels with NDVI > 0.3 (referring to the presence of
vegetation [19]), added these values and divided them by the
total number of images, in order to normalize the result
between 0 and 1, in each pixel. Finally, to calculate the
vegetated areas in each image, we applied a mask considering
NDVI values > 0.3 for each pixel and exported these values

to a .csv file. To calculate the area, we applied Equation 2.
NIR-RED

NDVI = NIR+ RED (W [19]
where NIR is the near-infrared band and RED is the red band.
_ (Npixel * Apixel)
Axmz = 1.000.000 @)

where Npixer 1S the number of pixels and Apix is the pixel
resolution, in m? (in this case 100 m?).

We employed a different approach to analyse LULC changes,
utilizing the 'GOOGLE/DYNAMICWORLD/V1' collection
with a resolution of 10 m. We selected 2016 as the starting
year and 2022 as the ending year, considering complete years.
The maps were generated using the mode of the class with the
highest probability in each pixel. We highlighted distinct
classes between the two maps and compared it with the data
provided by Google Earth Pro to identify corresponding
alterations.

Regarding the LST data, we utilized the data recorded by
Landsat 8, specifically from the
'LANDSAT/LCO08/C02/T1_L2' collection during the period
from March 1st, 2016 to August 12th, 2023, with a spatial
resolution of 30 m. We extracted the results for each of the
23 sensors, separated into winter and summer and conducted
a correlation using the R software, considering the values
obtained in LST and the average values of T, recorded in the
in situ sensors, between 10 am and 12 pm for compatibility
with the Landsat 8 overpass time, which is close to 11 am.
Despite not measuring the same physical variables, there
some studies compare LST and T.: because both are
influenced by the availability of electromagnetic energy. In
other words, on warmer days, both the surface temperature
and the temperature of the lower atmosphere will be higher,
and vice versa [25,29-32]. To identify the data distribution,
we applied the Shapiro test [33], and since the data did not
exhibit normality, we opted for Spearman correlation [34].
Finally, we utilized the COS 2018 dataset to assess the
behaviour of LST and determine if temperatures are higher in
anthropic areas. We divided the data into summer and winter
seasons between 2016 and 2023. We opted to use the same
COS dataset due to its updated nature, and since the initial
analysis period (2016) is not far removed from this version.
We adopted level 2 because anthropic classes are
differentiated, while vegetation classes are not disaggregated
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[22]. We extracted the average LST value and aggregated it
for each distinct class within the COS, level 2. We presented
the outcome depicting the average LST within each class
during summer and winter.

4. PRELIMINARY RESULTS AND DISCUSSION
For the NDVI data, we processed 141 images, consisting of
100 from summer and 41 from winter. Figure 2 represents
the separation of processed images per year. The difference
in the number of images can be attributed to cloud cover,
resulting in limited data availability for the intended analyses,
especially”during winter.

14

2016 2017 2018 2019 2020 2021 2022 2023
Year

Figure 2. The quantity of images used for the calculation of the
Normalized Difference Vegetation Index (NDVI), separated by year
and into summer (in orange) and winter (in blue).
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Figure 3 shows the average annual area with NDVI > 0.3,
divided into summer (orange) and winter (blue). The NDVI
exhibited a typical behaviour, with larger areas in summer for
most of the years analysed. This can be justified by higher
growth activity and vegetation density, contrasting with the
more inactive or less dense vegetation conditions during
winter [35]. Also, it is worth considering that more images
were analysed in summer, which might have interfered with
the data variability. In summer, there is a greater and longer
incidence of sunlight, alongside higher temperatures,
contributing to the seasonal growth of plants and denser
foliage due to increased photosynthesis. During winter, many
plants shed their leaves and minimize their activities through
dormancy [30,36].

= Summer
‘ | |  Winter
. i I I

2016 2017 2018 2019 2020 2021 2022 2023
Year
Figure 3. Average annual area with NDVI > 0.3, divided between
summer (orange) and winter (blue).
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Regarding the average NDVI maps depicted in Figure 4, it is
possible to observe the urban area in the center of the map (in
shades of yellow) in both the winter and summer maps.
Highways and roads are also easily identifiable in both
images. In the summer, there are more vegetated areas
compared to the winter, which aligns with the results and
discussions proposed in the analysis of areas with NDVI >
0.3. It's noteworthy that RS data was able to distinguish
seasonality. About the persistent NDVI between 2016 and

2023 (Figure 5), the urban area is characterized as an
unchanged area, while the surrounding areas marked in green
have changed.
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Figure 4. Map of the Normalized Difference Vegetation Index
(NDVI) average, for summer and winter (scale ranging from yellow
to green, representing -1 and 1, respectively).
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Figure 5. Map of the persistent Normalized Difference Vegetation
Index (NDVI) during the analysed period (scale ranging from
yellow to green, representing unchanged areas and altered areas,
respectively).

Regarding the changes in LULC using 'Dynamic World’,
seven classes were identified: water, trees, grass, crops, shrub
and scrub, built, and bare. When comparing the maps from
2016 to 2023, we noticed changes in the classes, particularly
an increase in the built class (red) (Figure 6).

2016
T

Figure 6. Land Use and Land Cover (LULC) maps for the years
2016 and 2023 (water (blue), trees (dark green), grass (light
green), crops (orange), shrub and scrub (yellow), built (red)
and bare (brown)).

Figure 7 presents an example of how the method successfully
identified a change that occurred during this period in the
Tojal de Pereiros street region. About the LST, we processed
45 images, with 33 in the summer and 12 in the winter. The
Spearman correlation results between LST and Tir (measured
with in situ sensors) were “strong” and “very strong”,
considering the scale of p = £0.40 to £0.69 and p > +0.70,
respectively [37]. In summer, the average value was p=0.77,
the minimum was p = 0.64 (sensor 17), and the maximum
was p=0.91 (sensor 11). In winter, the average was p = 0.82,
the minimum was p = 0.60 (sensor 2), and the maximum was
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p=0.95 (sensor 22) (Figure 8), providing similar results to a
past study conducted in the region [25].

Changes between 2016-2023

Legend

B e

Figure 7. Land Use and Land Cover (LULC) chances between 2016-
2023 on Tojal de Pereiros street (water (blue), trees (dark green),
grass (light green), crops (orange), shrub and scrub (yellow), built
(red) and bare (brown)).
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Figure 8. Results of Spearman Correlation between Land Surface
Temperature (LST) and Air Temperature (Tair)

Finally, the average behaviour of LST in the classes of COS
2018 was higher in summer than in winter due to the
availability of electromagnetic energy [27,28]. Considering
both winter and summer, the four classes that exhibited lower
LST wvalues are associated with the presence of vegetation:
Brushland, Forests, Permanent crops, and Heterogeneous
agricultural areas, supporting studies that link the presence of
vegetation as mitigating factors for LST [38] (Table 1).

Table 1. The average behaviour of Land Surface Temperature (LST)
within each class of the Land Use and Occupancy Map (COS) 2018.

Class Summer | Winter
Brushland 3491 12.99
Built-up areas 42.65 17.22
Equipment 43.01 17.59
Forests 36.52 14.03
Heterogeneous agricultural areas 37.01 13.33
Improved pastures and natural pastures 42.68 18.01
Industry, commerce, and agricultural facilities 38.84 14.48
Inert extraction areas, Waste deposition areas 4082 15.27
and construction sites
Infrastructures 41.75 17.84
Parks and gardens 38.38 15.44
Permanent crops 36.75 13.14
Temporary crops 42.36 16.81
Transportation 4191 16.23
Average 39.81 15.57

Regarding the classes with higher values, in summer they
were: Equipment, Improved pastures and natural pastures,
Built-up areas, and Temporary crops. In winter, three
repeated, in order: Improved pastures and natural pastures,
Infrastructures, Equipment, and Built-up areas. The presence

of the class Improved pastures and natural pastures both in
summer and winter can be explained by their configuration:
being a horizontal area, there is greater absorption of
electromagnetic energy in the early morning hours,
coinciding with the satellite's passage around 11 am
(Coordinated Universal Time - UTC). These surfaces tend to
be warmer compared to those with vertical obstacles (such as
urban areas with buildings and areas with trees), due to the
projection of shadows [24,25]. Thus, the analysis of SUHI
after sunset is advisable, although limited by the availability
of RS data. Additionally, the dryness of vegetation in summer
can also contribute to heat storage, both for this class and for
Temporary crops. Overall, there's a relation between the
presence of anthropogenic areas and higher LST values.

In general, there was coherence between the results obtained
in the analyzed parameters, as the vegetation areas identified
in the LULC show higher NDVI values and the LST values
are less intense in LCZs with vegetation presence. In
anthropic areas, such as those represented by the urban patch
in the center of the study area, the results are inverse, meaning
that the NDVI is lower and the LST is more intense.

5. CONCLUSION
Changes in LULC, essential to ensure housing, access, and
well-being for the population, can impact the local
microclimate due to vegetation suppression and an increase
in areas with less permeable materials that have a higher
capacity to store electromagnetic energy on their surface.
There are various ways to analyse this impact, as suggested
in this research, where we utilized a series of RS products and
assessed the methodology's sensitivity in identifying areas
with LULC alterations and which classes were associated
with higher LST values. Despite Braganca not undergoing
significant LULC changes within the analysed period, the RS
products managed to highlight some alterations, such as the
persistence of vegetation (including seasonality), the
construction of roads, and the LST values, which were higher
in summer and in anthropic areas.
For future studies, we recommend incorporating other RS
data, such as orthophotomaps, drone imagery, and
unsupervised classifiers like K-means (which groups pixels
into similar clusters) and Principal Component Analysis
(PCA) (which reduces data dimensionality while preserving
much of the variation, creating a new and independent set of
variables). Furthermore, as the initial approach aimed to
identify whether RS was a suitable methodology to detect
LULC changes, we recommend conducting more detailed
analyses of the processed materials to complement the
research and contribute to the literature.
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