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Abstract: Heat wave episodes are becoming more frequent and severe worldwide, especially in areas
such as the Mediterranean region. This study is aimed at assessing the impact of heat waves in an
urban environment and the ways areas of urban green infrastructure (UGI) can play key roles in
moderating the impacts of these high-temperature events. We analyzed land surface temperature
(LST) and normalized difference vegetation index (NDVI) data retrieved from Landsat 8/9 satellite
images. These data were recorded during heat wave episodes from 2017 to 2022 in a representative
Mediterranean medium-sized compact city. We carried out a correlation analysis between LST and
NDVI per area type and as individual units to assess how UGI elements can contribute to the cooling
of the urban matrix during heat wave episodes. Those small green spaces distributed throughout the
city, defined as “Other” areas, showed stronger negative correlation. These spaces are particularly
relevant for Mediterranean cities, where highly limited space in city centers hinders the possibility
of having larger-surface UGI elements. The study highlights the need for further research into the
composition of those small public green spaces to understand how their components enhance the
city’s cooling capacity given the climate conditions and water scarcity in the Mediterranean region.

Keywords: heat waves; urban green infrastructure; land surface temperature; normalized difference
vegetation index; green spaces; compact city; urban cooling capacity; Landsat 8/9

1. Introduction

Climate change has increased the frequency and intensity of extreme environmental
events in urban and rural areas around the globe [1,2]. These extreme episodes have
included heat waves, floods, droughts, and cold spells, among other phenomena, at a wider
spatial scale [3]. In particular, heat waves in urban areas worldwide have experienced a
significant increase in rate of occurrence and magnitude over the last 20 years of the 20th
century and during the first decade of the 21st [4,5].

The impacts of heat waves in cities have been widely evidenced by their negative
effects in several ways, including health impairment, air quality reduction, higher energy
demands, and social implications [6]. A heat wave is commonly described as an extended
period of unusually hot weather that lasts for multiple consecutive days and nights and
“indices based on local climatological conditions are used to objectively characterize and declare a
heat wave” [7]. These extreme events have direct effects on inhabitants’ health by causing
respiratory problems, exacerbating chronic diseases, or increasing heat-related illnesses,
mortality, and morbidity [8]. Hot spells are also associated with a reduction in urban air
quality, triggering higher pollutant concentrations and consequently leading to health is-
sues [9–11]. In addition, events of extreme high temperatures have structural and economic
implications in cities since such episodes can lead to power supply problems, higher energy
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demands in buildings, as well as increases in cooling costs, while the pedestrian thermal
comfort can be harmed at the same time by these consumption requirements [12]. The
social impacts derived from heat waves are also a significant matter of concern since these
episodes make it difficult for people to spend time outdoors, something which directly
affects social interactions and citizen welfare [13–15].

The latest 2022 data presented by the Copernicus Climate Change Service highlights
the critical impact of these extreme high-temperature episodes throughout the European
region, which suffered the hottest summer on record in 2022, (air temperature 0.4 ◦C above
the 2021 average for the months of June, July, and August), with the western Mediterranean
(the Iberian Peninsula and parts of France and Italy) being the most affected [16]. In
addition, the Intergovernmental Panel on Climate Change (IPCC), operating with high
level of reliability, has warned about the urgent need for cities to adapt to these heat waves,
which have been primarily increased by human-induced climate change and are projected
to become more intense and longer-lasting over the short and mid-term throughout the
entire continent [17].

Such scenarios of high-temperature episodes will impact European cities across the
whole region in the near future, with more significant impacts felt in the distant future [18].
Central Europe is projected to see double the occurrence of warm spells for the period
2020–2049 [19]. The magnitude of heat waves is also expected to increase more for southern-
central European cities, while the largest increase in the number of heat wave days is
projected to occur in Mediterranean cities [20,21]. In fact, the forecast is critical for high-
temperature climate events along the Mediterranean region in the short term, where the
temperature is expected to increase by 2.2 ◦C by 2040 [22]. This forecast has been specifically
made for the Iberian Peninsula, with the present-day conditions acting as the reference
point. For the mid-term (2046–2065), the estimation foresees heat wave recurrences and
durations to increase between 2 and 4 times, whilst for the long term (2081–2100) the
increase is projected to range from 4 to 40 times more [23].

We carried out extensive heat wave monitoring in cities through the analysis of the
land surface temperature (LST), which is a suitable indicator of temporal and spatial
scales [24,25]. Apart from field measurements, satellite images were the main source of
information used to perform this analysis, and Landsat was increasingly used for thermal
urban environment assessments due to the precision it gives in terms of resolution [26].
Nevertheless, some pitfalls suggesting that “warm surfaces” result in “high air tempera-
tures” are present in the literature, especially for urban heat island-related studies [27]. In
this study, we considered that LST may act as a good proxy for air temperature at a city scale
using the spatial resolution of TIR remote sensing. Although LST and air temperature can
present different magnitudes, the relationship between these variables suggests statistical
significance and aligned spatial distribution patterns, meaning that areas of high LST can
be co-located with areas of high air temperature [28–32].

The LST value retrieval from satellite imagery can highlight that the major contribution
to lessening and moderating the impact of heat waves is mainly associated with urban
green infrastructure (UGI) assets, such as urban forests, parks, water bodies, leisure spaces
with impervious surfaces, or smaller green spaces (i.e., green roofs or pocket parks) [33–37].
The assessment of those UGI areas in terms of greenness or any other type of land cover
can be efficiently carried out with the normalized difference vegetation index (NDVI).
This is largely used in vegetation mapping and is expected to be correlated with LST
values [38–41]. A negative correlation between NDVI and LST is expected to vary from
greener areas (high NDVI values), which potentially strengthen the cooling capacity of
cities during heat waves, to those built-up areas with less capacity to buffer the impact of
warm spells [26,42–44].

The thermal effects of green infrastructure and the correlation between LST and NDVI
values at various spatial scales are generally assessed from an urban to a regional, national,
or continental level. In a systematic review carried out by Bartesaghi et al. (2018), the
researchers underline how relationships between LST and vegetation coverage are tradi-
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tionally assessed in terms of large areas or whole cities and regions. This research highlights
the type and composition of those specific UGI areas most effective for outdoor thermal
comfort during high-temperature episodes at local levels [45]. Nevertheless, there are
studies which give insights at a finer scale within urban environments into LST assessment,
using as the extent unit local climate zones. These are defined as “regions of uniform sur-
face cover, structure, material, and human activity that span hundreds of meters to several
kilometers in horizontal scale” [46]. Local climate zones are considered as predefined static
elements assessed as individual units during high-temperature episodes [47,48]. Thus,
there would still be a challenge in managing specific UGI elements as single units in such a
way that they can fulfill their purpose of being especially effective in mitigating heat stress
at a microscale for sustainable and resilient urbanization [49,50].

In view of the above and given that the climate projections point to the Mediterranean
region as being a hot spot for heat waves [51], it becomes more crucial to analyze the role
of urban green spaces as buffers against such extreme episodes in the cities of this area [52].
This study, consequently, is aimed at analyzing and assessing how UGI areas, both per
type and as individual units, performed during heat wave episodes which occurred in the
last five years in a typical Mediterranean compact city via an analysis of LST and NDVI
value variation with time and their correlation. Finally, those types of UGI areas with
the best potential capacity to buffer the impact of warm spells within the urban matrix
are identified.

2. Materials and Methods
2.1. Study Area

For this research, we used as a case study a representative medium-sized compact city
(Granada) of the Mediterranean region which contains a defined UGI [53]. Granada is lo-
cated in the southeast of the Iberian Peninsula (37.179937, −3.603489; 680 m above sea level),
and it has a total area of 88.9 km2 with a population density of 2657.93 inhabitants/Km2

(Figure 1). It presents a Mediterranean–continental climate, with an average annual tem-
perature of 14.0 ◦C for the period of 1981–2018 [54], and is one of the Spanish cities most
impacted by heat waves since 1975, with the highest rate of recurrence of heat waves since
2011 [55–57].
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The target green areas are located in the urban matrix and belong to the proposed
urban green infrastructure (UGI) model of Delgado-Capel and Cariñanos [53]. This UGI
proposal defines four types of green areas based on their extension, location, and capacity
to provide regulating ecosystem services. “Core” areas are defined as large-sized patches
with a high capacity to provide regulating, provisioning, and cultural ecosystem services,
such as natural parks or urban forests. “Node” areas are defined as medium-sized patches,
such as small forests, dense shrubs or grasslands, parks, gardens, or squares, with medium
and high capacities to provide ecosystem services. “Link” areas are those with linear spatial
distributions which connect core and node areas with each other. “Other” areas correspond
to those smaller public urban green spaces (scattered shrubs with or without grasslands,
continuous grasslands, isolated groups of trees, or pocket parks combining vegetated
with non-vegetated permeable surfaces), heterogeneously distributed, which possess both
medium and high capacities to provide cultural and, particularly, regulating ecosystem
services, such as local climate regulation, air quality improvement, and pollination, flood,
and erosion prevention.

The pre-existing UGI database has been updated with the latest geospatial vector
data provided by the national land cover system (Spanish Land Use and Land Cover
Information System—LCIS) for 2016 at a 1:10,000 scale. This was released in 2021 [58] with
the ArcGIS 10.6 software. In total, 396 urban green spaces have been identified as target
areas (Figure 2). New data have been added using Overlay tool. The Map Algebra tool has
been used to estimate LST and NDVI values, and the Zonal Statistics tool has been used to
export LST and NDVI data to the appropriate format for further statistical analysis.
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2.2. Heat Waves Indentification

The definition of “heat wave” used in this study is the one given by the Spanish Agency
of Meteorology (AEMET). This defines a heat wave as an episode, lasting 3 consecutive days
or more, in which at least 10% of meteorological stations registered maximum temperatures
above the 95th percentile of their series of maximum daily temperatures for the months of
July and August from the period spanning 1971 to 2000 [59].

2.3. Estimation of Land Surface Temperature (LST) and Normalized Difference Vegetation
Index (NDVI)

We carried out NDVI and LST retrieval from Landsat 8 and 9 OLI/TIRS satellite
images derived from the U.S. Geological Survey [60]. The suitability of Landsat images for
use in this study was mainly related to their temporal resolution (every 16 days), spatial
resolution, and the probability of obtaining minimal cloud cover [60–62] (Table 1). It should
be noted that data were only available for daylight hours.

Table 1. Spectral bands used for NDVI and LST retrieval from Landsat 8 and 9 (OLI/TIRS) images.

Sensor Band Wavelength Resolution

Operational Land Imager
(OLI)

4 Red (R) 0.64–0.67 µm 30 m

5 Near-Infrared
(NIR) 0.85–0.88 µm 30 m

Thermal Infrared Sensor
(TIRS) 10 TIRS 1 10.6–11.19 µm 100 m

NDVI was calculated from the Landsat 8–9 OLI sensor as a ratio between the red band
(R) and near infrared band (NIR) [63] (Equation (1)).

NDVI =
(NIR − R)
(NIR + R)

(1)

LST was calculated from TIRS band data by using the following algorithm [64–69]
(Equation (2)):

LST =
BT{

1 +
[(

λBT
ρ

)
lnελ

]} (2)

where
BT = Brightness Temperature,
λ = Wavelength of emitted radiance (Band 10), 10.8 µm.
ρ = h × c/σ = 1.4388 × 10−2 mK (h = Planck’s constant = 6.626 × 10−34 Js, c = velocity

of light = 2.998 × 108 m/s and σ = Boltzmann constant = 1.38 × 10−23 J/K).
ελ = land surface emissivity.
In order to retrieve the LST values per the algorithm presented in Equation (2), the

first step was to calculate the brightness temperature (BT), adjusted to degrees Celsius, by
converting the top of the atmosphere spectral radiance [70] (Equation (3)):

BT =
K2

ln[(K1/Lλ) + 1]
− 273.15 (3)

where
K1, K2: Thermal constants from the Landsat 8–9 file metadata.
Lλ: Spectral radiance, calculated from the Band 10 image re-scaled by its specific

multiplicative, additive, and correction factors (Watts/[m2 × srad × µm]).
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Second, the land surface emissivity (ελ) was determined by previously calculating the
proportion of vegetation (Pv) from NDVI values [66] (Equation (4)):

Pv =

(
NDVI − NDVImin

NDVImax − NDVImin

)2
(4)

Finally, land surface emissivity (ελ) was retrieved by means of the NDVI threshold
method [71], which has been proven to be the most accurate and to have the best per-
formance across methods of LST retrieval from all Landsat missions [72] (Equation (5)).

ελ =


ελ, NDVI > NDVIs,

εvλPv + εsλ(1 − Pv) + C, NDVIs ≤ NDVI ≤ NDVIv,
εsλ + C, NDVI > NDVIv

(5)

The NDVI values range from −1.0 to +1.0. While bare soil surfaces, water bodies, or
snow usually show values below 0.1; areas with sparse vegetation may present values
between approximately 0.2 and 0.5; and values above 0.6 mainly correspond to dense
vegetation [73]. In Equation (5), εsλ is the soil emissivity (0.966) and εvλ is the vegetation
emissivity (0.973); NDVIs is set to 0.2 and NDVIv is set to 0.5 to cope with global conditions;
and C includes natural surface roughness and internal reflections [65,67]. Land surface
emissivity (ελ) takes the value of soil emissivity (εsλ, 0.966) when the NDVI pixel score is
lower than 0.2 (NDVIs), whilst ελ takes the value of vegetation emissivity (εvλ, 0.973) when
the NDVI pixel score is higher than 0.5 (NDVIv). When the NDVI pixel score is between
0.2 and 0.5, the ελ values depend on the proportion of vegetation (Pv) and C, which is
defined by the expression εvλ Pv + εsλ(1 − Pv) + C.

In terms of validation, the accuracy of the estimations given by Landsat satellite
images for calculating both NDVI and LST (using operational land imager (OLI) Bands
4 (red) and 5 (near-infrared) for NDVI and using thermal infrared sensor (TIRS) Band 10 for
the LST input) showed no errors with representative magnitudes and were reasonable for
the targeted areas [65,74]. In addition, calculations with wavelength ranges and different
spectral responses for emissivity of vegetation, water, and soil confirmed that the proposed
method was effective for the retrieval of LST from Landsat 8 and 9 [75,76].

2.4. Statistical Analysis

We analyzed LST and NDVI data with the MATLAB R2020b software. The mean
average, maximum, and minimum values were calculated for each heat wave episode
and for each type of UGI area. Since there was only one record for core area type within
the urban boundary, it was excluded from the calculations. Therefore, from the total of
397 target areas under considerations, statistical analysis was carried out against 396 of
them (Node, Link and Other types).

We assessed the sample distribution using the Kolmogorov–Smirnov test for both
variables, LST and NDVI, in all episodes and per event as well (Appendix A, Table A1). For
all cases, the test of normality pointed to a non-parametric distribution. Accordingly, we
calculated the Spearman coefficient correlation (p < 0.05) between LST and NDVI retrieved
values in all episodes, for separated events, and for each type of UGI area (excluding the
Core type since there was only one record within the urban boundary).

3. Results
3.1. Retrieved Information for Heat Wave Episodes

Based on the heat wave definition adopted by the Spanish Agency of Meteorology
(AEMET) and the historical records available [57], Table 2 shows the heat waves registered
in Granada since 2017, when the proposed UGI by Delgado-Capel and Cariñanos was
originally mapped [53]. The shortest episode was HW #3, which lasted for only 3 days,
while the longest was HW #12, lasting almost 3 weeks (18 days). The remaining recorded
episodes lasted between 5 and 9 days.
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Table 2. Heat Wave (HW) episodes in the city of Granada for the period 2017–2022.

Year HW Episode Start–End Dates Duration

2017 HW #1 13–21 June 2017 9 days
2017 HW #2 12–16 July 2017 5 days
2017 HW #3 28–30 July 2017 3 days
2017 HW #4 2–6 August 2017 5 days
2018 HW #5 31 July–7 August 2018 8 days
2019 HW #6 26 June–1 July 2019 6 days
2019 HW #7 20–25 July 2019 6 days
2020 HW #8 25 July–2 August 2020 9 days
2020 HW #9 6–10 August 2020 5 days
2021 HW #10 11–16 August 2021 6 days
2022 HW #11 12–18 June 2022 7 days
2022 HW #12 9–26 July 2022 18 days

On this basis, scenes were collected from Landsat 8–9. From the 12 episodes registered,
9 scenes were available without cloud cover above the urban matrix and with the same
acquisition date (or near enough) as when each heat wave was registered by AEMET
since 2017. All data were obtained during daylight hours, meaning that calculations from
nighttime hours were not included in this study (Table 3).

Table 3. Landsat 8 and 9 (OLI/TIRS) scenes collected since 2017 from USGS. Worldwide Reference
System (WRS): path 200/201, row 034.

HW Episode Data Source Date Acquired Scene Center Time
(GMT+1)

HW #1 Landsat 8 (OLI/TIRS) 19 June 2017 11:49:55
HW #2 Landsat 8 (OLI/TIRS) Not available on required dates
HW #3 Landsat 8 (OLI/TIRS) Not available on required dates
HW #4 Landsat 8 (OLI/TIRS) Cloud cover above the urban matrix
HW #5 Landsat 8 (OLI/TIRS) 9 August 2018 11:49:50
HW #6 Landsat 8 (OLI/TIRS) 25 June 2019 11:50:04
HW #7 Landsat 8 (OLI/TIRS) 18 July 2019 11:56:19
HW #8 Landsat 8 (OLI/TIRS) 29 July 2020 11:50:08
HW #9 Landsat 8 (OLI/TIRS) 5 August 2020 11:56:20

HW #10 Landsat 8 (OLI/TIRS) 17 August 2021 11:50:21
HW #11 Landsat 9 (OLI/TIRS) 9 June 2022 11:49:43
HW #12 Landsat 8 (OLI/TIRS) 19 July 2022 11:50:28

3.2. Land Surface Temperature (LST) Analysis

The results from the LST estimation (Equation (2)) showed values for the whole
urban area between 48.86 ◦C as the maximum temperature and 24.80 ◦C as the minimum
temperature. The warmest episode was the first to occur in June 2020 (HW #8), whilst the
event with the lowest LST values was recorded one year before, in July 2019 (HW #7). The
value range came from the LST estimation for the whole urban area, meaning that data
retrieval covered not only the target areas but also the entire extension of the urban fabric,
allowing for a visual pre-assessment of the whole city (Figure 3).

Figure 4 shows LST values calculated over the targeted UGI areas in Granada. Aver-
ages of the mean, maximum, and minimum LST values were calculated for all the areas
in each heat wave episode. LST estimation referred to HW #7 as the least extreme, with
averages from 32.03 ◦C to 32.65 ◦C over the target UGI areas. The first warm spell event
registered in 2020 (HW #8) was the most impactful one from the whole period under
consideration, with temperature averages between 40.55 ◦C and 41.23 ◦C. The second half
of the period under consideration (years 2020, 2021, and 2022) showed slightly higher LST
values than the first episodes for years 2017, 2018, and 2019 (Figure 4).
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Figure 4. Averages on mean, maximum and minimum Land Surface Temperature (LST) values over
the target areas of Granada´s UGI. Data acquired on dates within heat wave episodes occurred from
2017 to 2022.

The results of LST estimation per UGI area type showed higher average values for
Link-type areas. These were slightly above the values for Node-type areas. The lowest LST
average values were registered for those UGI areas defined as Other. Variations in LST
values over time responded to the same trend for all area types under consideration. From
all the episodes, the event with less intensity occurred in July 2019 (HW #7) for all area
types, and the most severe one took place in July 2020 (HW #8) (Figure 5a). By looking at the
LST estimation per area type for all episodes, the minimum and mean averages presented
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the lowest values in Node areas (36.96 and 37.95, respectively). The highest records of mean
and maximum temperature average (38.03 ◦C and 38.94 ◦C) were registered for Link-type
areas. Other area types showed the highest average of minimum temperatures (37.46 ◦C),
but also showed the lowest average on maximum temperatures (37.81 ◦C), grouping all
the events (Figure 5b). Appendix B (Figure A1) shows same averages from NDVI values,
which do not differ from one type of area to another, and it can be observed that they are
not statistically dissimilar.
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3.3. Statistic Correlation of NDVI and LST Values

Figure 6 presents the results of the statistical analysis performed on the nine-episode
dataset, one per heat wave event with available data. The Spearman correlation coefficient
between NDVI and LST estimation is shown as statistically significant for all periods
(p < 0.01). Negative correlation coefficients are presented for all periods, with HW #1
(ρ = −0.29), HW #5 (ρ = −0.29), HW #7 (ρ = −0.31) and HW #8 (ρ = −0.26) having the
strongest correlations. Compared to those, a moderate negative correlation is observed
for episodes HW #6 (ρ = −0.24), HW #9 (ρ = −0.20), HW #11 (ρ = −0.23), and HW #12
(ρ = −0.23), while the weakest correlation appears for event HW #10 (ρ = −0.15). The
Spearman correlation analysis between NDVI and LST values per area type for all episodes
shows the most negative correlation for the Other area type (ρ = −0.27). From the same
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assessment, a weaker correlation is observed for Link (ρ = −0.04) and Node (ρ = −0.06)
area types (Figure 6).
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Figure 6. Spearman correlation coefficient between NDVI and LST for all targeted areas per HW
episode (a) and per area type for all episodes (b).

To perform a more granular assessment, we calculated correlations for each type of
area per heat wave episode. For all events, the most negative correlation refers to the
Other area type which was stronger during warm spells HW #1, HW #5, and HW #7, and
slightly less negative for events HW #6, HW #8, HW #11, and HW #12. A weaker negative
correlation, compared to the one associated with the Other area type, can be observed
for Node areas during the first episodes under consideration (years 2017, 2018, and 2019).
However, NDVI and LST are positively correlated for this UGI area type in the event HW
#11. The Spearman coefficient does not show either negative correlation for Link areas for
the last 4 episodes registered (Figure 7).
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4. Discussion

Heat wave episodes have significantly impacted the Mediterranean region over the
last 3 years, and the higher recurrence of these extreme weather events could lead to an
increase in pollutant concentration and heat-related mortality and morbidity, among other
impacts [77–79]. In this study, we conducted an assessment of the LST values in the urban
core of a typical Mediterranean medium-sized compact city during heat wave episodes
between the years 2017 and 2022. Rather than covering the entire urban area as a whole as
in similar research, the analysis we carried out focused on the UGI spaces as individual
units and area types that, presumably, could provide a better picture of the buffering
capacity against high temperatures during hot spell episodes.

The LST values in our study area for the considered period are consistent with similar
research carried out in Granada over the 1985–2020 period in which mean, maximum, and
minimum LST values registered a steady increase of 2.2 ◦C [80]. The surface temperature
averages over the target areas match the generalized analysis for the entire urban area over
time, with episode HW #7 being the least hot and episode HW #2 registering the highest
LST values. The evolution of LST per area type reflects the same trend, with the Other
area type registering the lowest mean records per period (Figure 5a) The lowest average
of minimum LST values is registered for the Node area type, which would be expected
given its capacity to provide regulating ecosystem services compared to the categories of
Link and Other. The highest averages are registered for the Link area type, which would
be expected given the variety of structural elements different from green areas along its
characteristic linear distribution, such as asphalt, sidewalks, and other grey areas devoid
of vegetation along an avenue or walkway. Unexpectedly, the Other area type, which
corresponds to these smaller green spaces distributed across all urban matrices, shows the
lowest average of the maximum LST values. However, the LST mean value per are type in
all periods is not statistically dissimilar (Figure 5b). Whilst the NDVI average values do
not significantly differ between areas type, we see an expectedly high dispersion for type
Other, which is probably due to the diversity of non-vegetated elements composing these
spaces (Appendix B, Figure A1).

The statistical analysis of all the target areas shows a negative correlation between
NDVI and LST values in each of the heat wave events recorded from 2017 to 2022. The
Spearman coefficient for all areas per episode is statistically significant (p < 0.01), presenting
higher correlations for the first 5 episodes, until the warmest event in 2020, and getting
weaker for the last 4 episodes (Figure 6a). This variation over time could be potentially
related to an increase in the heterogeneity of the areas surface under investigation [81]. The
results of the same correlation analysis between LST and NDVI for all episodes, combined
by area type, show higher negative correlations for the Other area type than for the Node
and Link areas (Figure 6b). An expectedly negative correlation is observed in the Node
area type per episode, being moderate in all cases except for the last two episodes in 2022.
No correlation exists for the Link area type in episodes HW #10 and HW #11 and NDVI
and LST positively correlate for episodes HW #9 and HW #12 (Figure 7). This unexpected
behavior is very prone to occur in all types of UGI areas in southern cities of the European
region and this could be due to an increase in water stress or water soil scarcity during heat
waves episodes, an occurrence which would reduce or even reverse the cooling effect of
green spaces as a consequence of the evapotranspiration reduction [82].

The results for the Other area type [53] are consistent with the expected pattern of
behavior, showing a negative correlation between LST and NDVI in all cases. In line
with the observed global trend of recorded temperatures (Figures 4 and 5a), the least
hot episodes show a stronger correlation, and hence a better cooling performance (until
HW #8), whilst the relationship between NDVI and LST weakens for the final events
(from HW #9 onwards), which corresponds to the warmest spells (Figure 7). Whilst the
stronger relationship between NDVI and LST is expected for those greener spaces, such as
Node areas (based on their definition), the resulting correlation is negative for the Other
areas type. These results point to this type of UGI area, which combines vegetated with
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non-vegetated permeable surfaces, as being capable of strengthening the city’s cooling
capacity during heatwave episodes [83–86]. These areas correspond to small public green
spaces distributed heterogeneously throughout the urban matrix and mainly comprise
scattered shrubs, grasslands, a mix of medium- and low-height vegetation with scattered
or isolated trees, and small parks with irrigation and diverse surface composition. The
results suggest the potential suitability of these spaces for mitigating the effects of heat
waves, not only due to their green components, but also due to the crossed interaction
with other human-introduced permeable materials (such as pervious surfaces, sand, silt, or
clay materials) [87,88], which could potentially enhance even more the cooling capacity in
busy and space-limited urban areas [89,90]. It is worth highlighting the added value that
the Other area type can provide Mediterranean medium-sized compact cities since, being
distributed throughout the entire city, they act as rest areas and shelter locations in touristic
and historic locations during heat wave episodes [91,92].

It should also be noted that the heterogeneity in LST values across the whole urban
area highlights the need to address the current challenge of alleviating the impacts of heat
waves through the use of sustainable measures. In this context, green planning presents as
a key mechanism with which to enhance microclimate conditions. For example, in [93–95],
role of green spaces, like that of the Other area type, is seen to ameliorate the impact of heat
waves as much as larger and greener areas [96–98].

5. Conclusions

This study presents relevant information on how the small green spaces distributed
throughout the city, defined as “Other” areas, would potentially help to ameliorate the
effects of heat waves heat wave episodes in medium-sized compact cities of the Mediter-
ranean region. The analysis per type of green space revealed that this area type registers
the lowest LST average values. “Other” areas showed a stronger negative correlation in all
heat wave episodes, indicating the superior cooling capacity of these green spaces against
extreme temperatures during heat wave episodes. A stronger negative correlation was
also found between NDVI and LST data for the Other area type per episode, which was
consistent with their potential to strengthen the buffer capacity against the impacts of
warm spells.

The potential buffer capacity observed in the Other area type during heat wave
episodes stresses the need to identify the composition of those small public green spaces
distributed heterogeneously throughout the urban matrix, and to understand how their
components contribute to the city´s cooling capacity enhancement. This finding would be
particularly relevant for Mediterranean cities, where highly limited space in city centers
hinders the expansion of UGI areas or the creation of new ones to increase the cooling
capacity during heat wave episodes. In regard to the composition of these areas, it would
be relevant in further research to demonstrate how heat wave impacts could be reduced by
the use of human-introduced permeable materials that do not require irrigation to facilitate
evapotranspiration and which are easy to maintain given the climate conditions and water
scarcity in the Mediterranean region.

Finally, this study promotes the idea that Mediterranean cities would find valuable
benefits in green planning measures through the management of the “Other” area type; a
more enhanced role of this area type would benefit cities during extreme high-temperature
events. This is not only due to the discussed environmental benefits, but also because of
their potential effects at the micro-scale level on citizen health, thermal comfort, social
interactions, energy demands, micro-economy, and quality of life.
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Appendix A

Table A1. Test of Normality for LST and NDVI Retrieved data.

Tests of Normality

Variable HW Episode
Kolmogorov–Smirnov a

Statistic df Sig.

LST All Episodes 0.077 3564 <0.001

NDVI All Episodes 0.073 3564 <0.001

LST 2017/1 0.072 396 <0.001

LST 2018/5 0.051 396 0.015

LST 2019/6 0.049 396 0.023

LST 2019/7 0.06 396 0.002

LST 2020/8 0.058 396 0.003

LST 2020/9 0.066 396 <0.001

LST 2021/10 0.058 396 0.003

LST 2022/11 0.059 396 0.002

LST 2022/12 0.065 396 <0.001

NDVI 2017/1 0.092 396 <0.001

NDVI 2018/5 0.09 396 <0.001

NDVI 2019/6 0.078 396 <0.001

NDVI 2019/7 0.103 396 <0.001

NDVI 2020/8 0.099 396 <0.001

NDVI 2020/9 0.094 396 <0.001

NDVI 2021/10 0.079 396 <0.001

NDVI 2022/11 0.058 396 0.003

NDVI 2022/12 0.057 396 0.003
a Lilliefors Significance Correction.

https://www.usgs.gov/
https://www.juntadeandalucia.es/
https://www.juntadeandalucia.es/
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