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Extreme events related to climate change are increasing in intensity, frequency, and duration worldwide. Europe is identified as a heatwave hotspot, with trends three-to-four time faster than the northern mid-latitudes; effects of heatwaves are combined in urban contexts with the heat island phenomenon, making cities critical for climate risk prevention and management. Land surface temperature represents an essential parameter for assessing the intensity of thermal impact on urban ecosystems and on public health. This parameter is widely used to map and assess urban heat islands in light to support climate-resilient adaptation planning. The general aim of this study is to assess urban heat island intensity, during a significant heatwave, in a critical heat-related risk region in Southern Italy (Salento). Specific objectives are 1) assessing climate change trends for heat-related extremes (hot days and heatwaves), 2) calculating urban heat islands intensity at regional and urban scale, 3) assessing spatial relationships among thermal intensity and urban characteristics (soil sealing and surface albedo). Identification of heatwaves is based on climatological data and statistical analyses; spatial thermal analyses and correlations are based on Landsat-8 imagery while land cover data are derived from ortho-photos. Climate analyses show a notable increase of the maximum annual temperature of 0.5°C per decade, with an increase of eight hot days per decade. Spatial analyses on thermal impact highlight that urban heat island intensity is much lower within cities and towns than in rural areas, showing a “reverse effect” compared to the typical microclimatic characteristics of urban contexts. In fact, thermal intensity in the city of Lecce ranges from −11°C to 5.6°C. Also, by NDVI analyses, we found that permeable surfaces were 2°C higher than impermeable surfaces, with statistically significant differences. Results from albedo analysis suggest that the characteristics of building material in historical sectors of cities may play a crucial role in this “reverse effect” of urban heat islands. Further studies are required to better investigate the contribution of different factors in this context.
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1 INTRODUCTION
1.1 Climate extremes in urban areas: heatwaves and urban heat islands
Heatwave events are commonly described as a series of unusual continuative hot days relative to local meteorological conditions, which usually last over a region from few days to few weeks, with thermal conditions above established thresholds (Robinson, 2001; Meehl and Tebaldi, 2004; Kuchcik, 2006; WMO, 2020; Sharma et al., 2022). Due to the incessant emission of greenhouse gases in atmosphere, human-induced global warming is increasing in magnitude, frequency, and duration of heatwaves (HWs) (Wehrli et al., 2019; Perkins-Kirkpatrick and Lewis, 2020). In fact, climate extremes during HWs globally increased in recent decades showing differentiated trends in different geographical areas. During the summer season, HWs drive relevant socio-environmental and economic impacts, jeopardizing local hydrological cycles, urban vegetation, and agro-ecosystems as well as energy supply systems (Christidis et al., 2015; Singh et al., 2019). Furthermore, it is widely documented the negative effects of HWs on public health with a significant increase in mortality and morbidity, especially of the more vulnerable people (Oudin Åström et al., 2015; Romanello et al., 2021; The Lancet, 2021). According to the World Health Organization (WHO) from 1997 to 2017, 166,000 people died due to extreme temperature (WHO, 2018). During summer 2022 a series of extreme heatwaves hit Europe, resulting in more than 60,000 excess deaths, among which 18,000 occurred in Italy (Ballester et al., 2023; Li et al., 2023).
Urban Heat Waves (HWs) can intensify significantly in cities due to factors like land use, morphology, albedo, and local meteorological conditions. Urban environments combine impermeable surfaces (like concrete and asphalt) with permeable ones (vegetated or bare soils). Impermeable surfaces, with varying thermal capacities, are generally more prone to absorbing solar radiation and maintaining heat, making densely populated cities from 5°C to 10°C warmer than surrounding rural areas (Spano et al., 2020). This temperature difference, known as the Urban Heat Island (UHI) effect, affects urban climates through thermodynamic processes on urban boundary layers (Oke, 1978; Kim and Brown, 2021). The UHI effect is linked to factors such as: 1) the inner city’s size and building types; 2) the size, typology, and distribution of green spaces; 3) the percentage of impermeable surfaces, urban morphology, and population density; 4) the city’s geographical location, climatic conditions, and seasonal variations; 5) topographical features (Oke, 1982; Mohajerani et al., 2017; Sangiorgio et al., 2020; Todeschi et al., 2022a; Pappalardo et al., 2023).
As cities are the most affected territories from UHI and HWs combined and approximately three-quarters of the European population live in cities, mitigation measures are essential to minimize the impacts of these climate extremes (Naumann et al., 2020). Mitigation measures have been studied and implemented over the years, with many research focused on the albedo, permeability, building density, and water retention of urban pavements, as these properties have a significant impact on surface temperature (Mohajerani et al., 2017). Studies underscore the efficacy of increasing the albedo of urban surfaces, like rooftops and pavements, to markedly reduce temperatures (Santamouris and Fiorito, 2021). Specifically, Hamoodi et al. (2019) identified a correlation between surface temperature and surface albedo, indicating a noteworthy inverse relationship across various urban Land Use/Land Cover (LULC) surfaces. High albedo materials, reflecting radiation back to the atmosphere, have been approved as an effective strategy to reduce heat intensity in UHIs (Hayes et al., 2022). This cooling effect is especially important in cities with hot summers at mid-latitudes. However, the magnitude of the temperature decrease generated by albedo change varies significantly between cities and is dependent on several parameters (Sadiq Khan et al., 2023). In addition, urban green spaces such as grasslands and trees play a vital role by controlling soil temperature through evapotranspiration, reflection and shading (Souch and Souch, 1993; Armson et al., 2012). Evaporative cooling holds promise for future sustainable urban expansion, contributing to carbon-neutrality and providing many benefits to city dwellers (World Bank, 2022).
Land Surface Temperature (LST) is a fundamental parameter for studying climate change impacts on the territory and for monitoring temperature anomalies across various scales. LST has been extensively used as indicator for UHI research since it permits a more detailed level of study compared to observations made by meteorological stations that monitor the temperature close to the surface. Since thermal remote sensing from space has advanced, satellite data provide the sole way to examine UHI with high temporal and spatial resolution (Weng, 2009). The satellite technology appears to be widely applied supporting techniques in studying the LST, since it can be measured by remotely sensed thermal infrared data (Quattrochi and Luvall, 1999; Jimenez-Munoz et al., 2014; Wang et al., 2015). The most applied satellite platforms to study LST are Landsat, Sentinel, MODIS, and ASTER (Wulder et al., 2016). In particular, the Landsat Program was the first to use a global image acquisition strategy (de Almeida et al., 2021). The first Surface Urban Heat Islands observations (from satellite-based sensors) were reported by Rao (1972). Many other authors have documented the use of satellite remote sensing to assess LST and UHI spatial and temporal variability, proposing different algorithms and methods. Researchers have delved into the unique characteristics of large cities, examining the factors influencing temperature fluctuations within their urban environments (Tran et al., 2006; Imhoff et al., 2010; Yue et al., 2019). Simultaneously, attention has been extended to medium and small cities, acknowledging that UHI effects may manifest differently in urban areas of varying sizes (Du et al., 2021). However, there remains a notable gap in the existing body of research, particularly in the context of medium-sized cities within the Mediterranean region. The general aim of this study is to assess UHI intensity during a significant HW, in a critical heat-related risk region in Salento (Southeast Italy), by modelling Landsat-8 satellite imagery in GIS environment. Specific objectives are the following: 1) assessing climate change trends for heat-related extremes (hot days and HWs), 2) calculating UHI intensity at regional and urban scale, 3) assessing spatial relationships among thermal intensity and urban characteristics such as soil sealing and surface albedo.
2 DATA AND METHODS
2.1 Study area
The study is framed on two scales of analyses: on the whole Province of Lecce and within the Municipality of Lecce which is located in the middle of the Salento peninsula, in south-eastern Italy. With an area of over 2.798,8 km2, the Province of Lecce is one of the most populous and densely populated provinces in Southern Italy, with a settlement system characterised by the presence of numerous small towns with unique architectural features, including the use of local limestone, which has a light colour that reflects sunlight and contributes to the perception of these cities as “white cities” (Figure 1A). This region was chosen as a case study located within a hot-summer Mediterranean climate (Csa), according to the Köppen classification (Kottek et al., 2006). With an annual precipitation average of 650 mm, most of the rainfall occurs between January and March, as well as in the autumn months (Martano et al., 2015). Conversely, July and August are typically the hottest and driest months of the year. The seasonal distribution of precipitation significantly influences land use and land cover: the Combined Drought Indicator (CDI) as implemented in the Copernicus European Drought Observatory (EDO) consistently classified the majority of the area as “alert” throughout the summer of 2022. This classification indicates that vegetation and crops were affected by both precipitation and soil moisture deficits, resulting in a deficit in photosynthetic activity (Toreti et al., 2022). At the city scale, the research focuses on a circular buffer zone with a diameter of 9 km centred at the geographical centre of Lecce (Figure 1B). A climate investigation for a medium-sized Mediterranean city is essential since urban climate studies are limited in such cities. According to a recent study from Ballester et al. (2023), the cumulative relative risk of death during the series of HWs of summer 2022 was > 1.18 (unitless), the highest value ranked in Europe.
[image: Figure 1]FIGURE 1 | Study Area. (A) The Province of Lecce. (B) Buffer zone.
2.2 Weather data and urban heat island analysis
To assess climate change trends and to identify HWs periods we used the daily maximum temperatures from 1992 to 2022. The meteorological data were collected from the official Lecce Galatina weather station and made available online by the National Center for Environmental Information (NCEI) of NOAA. HWs can be defined in a variety of ways. In this study, they were statistically defined by the formula from Russo et al. (2014) using the mentioned reference period of 31 years. This methodology identifies a period of HW if the daily maximum air temperature of the day exceeds the threshold for at least 3 consecutive days, where the threshold is the 90th percentile of the daily maximum temperature, centred on a 31-day window, as defined in Eq. 1:
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Where:
− [image: image] is the threshold;
− [image: image] is the union of datasets;
− [image: image] is the daily [image: image] of the year [image: image] in the day [image: image].
2.3 Land cover data
The Corine Land Cover (CLC) land use geodatabase is derived from orthophotos acquired in 2011 with a minimum mapping unit of 0.25 ha, downloaded from the Apulia Region website (Regione Puglia). The CLC geodatabase includes different land use and land cover classes: artificial areas, agricultural areas, forest and seminatural areas, wetlands, and water bodies. Additionally, the 2021 National Land Use raster Map provided by the “Istituto Superiore per la Protezione e la Ricerca Ambientale” (ISPRA) is used to identify permeable and impermeable surfaces. By using this data we performed the correlation analysis among typology of surfaces, LST and SA values.
2.4 Landsat-8 image processing: from digital number to land surface temperature calculation
Landsat-8 was launched on 11 February 2013 with two Earth imaging sensors on-board: the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). The OLI measures in the visible, near infrared, and shortwave infrared portions (VNIR, NIR, and SWIR) of the spectrum. The TIRS measures land surface temperature in two high resolution (near to 100 m) thermal bands (band 10, 11) (USGS). Multispectral remote sensing imagery of the Salento Peninsula was provided by the United States Geological Survey (USGS) and downloaded from the official geoplatform EarthExplorer (USGS). In this work, Landsat-8 scene was acquired from USGS database for 24th July 2022, at 9:29 UTC, when the maximum air temperature recorded at the Lecce Galatina weather station was 37.6°C. This day coincided with a heat wave period and presented a clear sky, an essential condition that must be fulfilled to avoid anomalies in the measurement of surface temperature. In order to determine the Land Surface Temperature (LST), several parameters must first be obtained. The first step is to convert Digital Number (DN) values to Top Of Atmosphere (TOA) Reflectance (for bands 2, 3, 4, 5, 6, 7) by using the semi-automatic classification plugin on QGIS, and to TOA Radiance (for band 10) using the RS&GIS plugin. The Brightness Temperature (BT) (Eq. 2), the Normalized Difference Vegetation Index (NDVI) (Eq. 3), the Proportional Vegetation (P[image: image]) and the Land Surface Emissivity (LSE) can all be obtained after converting the DN values. Table 1 provides the formulas to determine these parameters. The LST is the radioactive temperature and it is calculated as follows (Stathopoulou and Cartalis, 2007; Avdan and Jovanovska, 2016):
[image: image]
TABLE 1 | Necessary parameters for the land surface temperature calculation.
[image: Table 1]Where:
− BT is at-sensor brightness temperature (°C);
− 𝜆 is the wavelength of emitted radiance (𝜆 = 10.895 μm);
− LSE is the emissivity;
− 𝜌 = (h * [image: image] ) = 1.438 × 10−2 m K, where σ is the Boltzmann constant, h is the Plank’s constant and c is the speed of light.
LST is expressed in degree centigrade.
2.5 Urban heat island intensity analysis
The thermal anomaly analysis was carried out focusing on Lecce and its adjacent areas. To calculate the thermal anomaly among urban and rural areas we adopted the Oke (1978) methodology combined with a GIS-based approach. From the surface data described in paragraph 2.3, this research focused on the area contained between two circumferences of radius 3 km and 6 km and centred in the geographical centre of Lecce. Within this region, the area was further refined to the only non-urbanised surfaces with their centre point at a minimum of 100 m away from every artificial surface (Todeschi et al., 2022b). The areas that satisfy this condition are then sampled at their centre point by calculating the temperature difference (∆LST) as the difference between the LST value from (Eq. 2) and the average temperature value of pixels located in non-urban areas.
2.6 Image processing: surface albedo
Albedo represents the ability to reflect solar radiation (Sangiorgio et al., 2020) varies between 0 and 1 (the more reflective a surface is the higher the albedo value). The surface albedo (SA) can be estimated using Eq. 3 (Cunha et al., 2020):
[image: image]
Where:ρ are the surface bidirectional reflectance values; b are the corresponding conversion coefficients (Table 2).
TABLE 2 | Band conversion coefficients of Landsat-8.
[image: Table 2]To perform the SA analysis, a threshold for neglecting the effects of vegetation was applied to the NDVI values, and only pixels with values < 0.3 were selected (Bonafoni et al., 2017). This is done to ignore the opposite effect of evapotranspiration of vegetation on the albedo values.
2.7 Processing data
In this study, climate analyses for HWs detection were conducted using R 4.2.2 software and RStudio interface. Simultaneously, satellite data were modelled and geovisualised in an open-source GIS ecosystem (QGIS, v. 3.28.2), while processing of satellite imagery was processed through the same R 4.2.2 software and RStudio interface. The methodological approach employed in this work is easily reproducible and applicable for analysing similar contexts, given its reliance on an open-source and open data workflow (Figure 2).
[image: Figure 2]FIGURE 2 | Flowchart of the methodology.
3 RESULTS AND DISCUSSION
This section consists of different subsections: firstly, HWs were identified by climate analysis; later, by following steps and phases from the illustrated workflow (Figure 2), LST analyses were performed to identify thermal hotspots and exploring potential relationships among thermal intensity with impermeable surfaces and albedo properties.
[image: Figure 3]FIGURE 3 | Climate analysis, temperatures were recorded at the Lecce Galatina weather station from 1992 to 2022. (A) Average of the maximum annual temperatures. (B) Number of days per year on which the temperature exceeds the defined threshold. (C) Number of annual HWs lasting more than 3 days.
3.1 Climate analysis
The return time for heatwave events has been estimated to shift from twice a century in the early 2000s to twice a decade (Christidis et al., 2015). According to Rousi et al. (2022), Europe is a HW hotspot, experiencing a frequency acceleration three-to-four times faster than the rest of the northern mid-latitudes over the past 42 years.
The ordinary least square (OLS) regression of the average annual maximum temperatures recorded at the Lecce Galatina weather station from 1992 to 2022 shows a significant increase in the average maximum temperatures over the period considered (y = 0.0469x - 72.335, R2 = 0.4392, p-value = 4.868e-05, min = 20.36°C, max = 22.71°C), by a slope of +0.47°C per decade (Figure 3A). From 2012 to 2022, the annual average maximum temperature always exceeds the value of 22°C. The number of days per year on which the threshold value defined in Formula 1 is exceeded is presented in Figure 3B and a statistically significant increasing trend can be observed (y = 0.7681x - 1508.5, R2 = 0.2774, p-value = 0.002336, min = 3, max = 58). This analysis quantifies the increase of hot days of about 8 days per decade. The number of HWs lasting at least 3 days is shown in Figure 3C and a statistically significant trend can be found also in this case (y = 0.1133x - 223.89, R2 = 0.1752, p-value = 0.01911, min = 0, max = 8). According to the recorded values, three HWs hit this area in 2022, from 4th January to the 6th, from 4th June to the 7th and from 23rd July to the 26th.
3.2 Normalized difference vegetation index
In general, NDVI values range from −1 to 0 for water bodies, −0.1 to 0.1 for bare or sandy land, 0.2 to 0.5 for mixed vegetation or degraded soil, shrubs or grass crops and from 0.6 to 1.0 for dense vegetation (Kshetri, 2018). The map of NDVI in the Salento area is presented in Figure 4A. NDVI values range between −0.58 and 0.80. Poorly densely green areas such as urban areas or bare soil regions are characterised by low NDVI values (NDVI < 0.2). They can be identified as brown in the image by a true colour band composition while highly vegetated regions (NDVI > 0.6) are green. NDVI value is lower in the north-western part of the region, as it is characterised by sparse vegetation in summer months. In many areas it is difficult to distinguish between built-up and vegetated areas as they both have similar values. Vegetation seems to be prevalently present in coastal areas, where the climatic conditions are more appealing to the flourishing growth of flora. The sparse presence of vegetation in the area indicates a hot and extremely dry summer. Drought affects vegetative state by reducing the photosynthetic activity of plants (Yang et al., 2021), leading to a decline in crop productivity. In addition, forest ecologists have recognised that extreme drought conditions weaken and stress trees, making them more susceptible to insect attacks and diseases (Schlesinger et al., 2016); some studies show how the severe drought events that have hit the Salento area in recent years have contributed to a faster spread of the bacterium Xylella fastidiosa, which is responsible for the decline of olive tree plantations in the province of Lecce (Scortichini, 2022). As a result, many fields are expected to become uncultivated or openly exposed to direct solar radiation, therefore absorbing more solar radiation than vegetated areas (Ghosh and Das, 2018) and having a higher surface temperature (Ni et al., 2019).
[image: Figure 4]FIGURE 4 | NDVI value detected on 24th July 2022. (A) NDVI value in the Province of Lecce. (B) NDVI value in Lecce.
At the city scale, NDVI values range from −0.11 to 0.74 (Figure 4B). The lowest values are found in urban areas, especially in the industrial north-west of the city, while the highest values are found in the heavily vegetated area on the north-eastern coastline.
3.3 Land surface temperature analysis
LST analysis, at the province scale, shows that urban areas and anthropic impermeable surfaces generally present colder values compared to rural areas (Figure 5) during the HW on 24th July. This result is unexpected compared to most studies on UHI spatial variability reported in scientific literature (Pongrácz et al., 2010; Morabito et al., 2015; Halder et al., 2021; Mentaschi et al., 2022). In most cases, densely populated urban areas are significantly warmer than surrounding non-urbanised areas. In contrast, some studies showed that cities built in arid or desert-like environments may experience lower temperatures than surrounding areas, as the urban cores are greener than their surroundings (Parlow et al., 2012; Bounoua et al., 2015; Rasul et al., 2017). Numerous investigations have explored “Urban Cool Islands” across cities of varying climates and sizes, as detailed in Sadiq Khan et al. (2023). These studies unveiled a reverse UHI pattern in the BWh climate zone during summer daytime. Although research on Mediterranean cities has been relatively scarce, some instances of this phenomenon have been documented in Valencia, Spain (Lehoczky et al., 2017), and Thessaloniki, Greece (Giannaros and Melas, 2012). It is essential to underscore that the presence of a “cool island” is more commonly observed around midday, when solar radiation dominates the surface energy budget. The estimated temperature values in the entire provincial area range from 27.54°C to 50.98°C. Low values are found mainly in densely vegetated areas, on the coast and in urban centres, while the central area of the province, with lesser influence from maritime winds, experiences higher temperatures, with maximum temperature values corresponding to bare soils. Landscape metrics provide a way to understand the negative relationships between LST and both forested and high-albedo areas. Simultaneously, a positive correlation was observed between barren land and LST. Dry and bare soils have been associated to higher LST due to their low thermal inertia, as shown in Gago et al. (2020) in Seville, Spain, which indicated a positive relationship between mean LST and bare soil land. Thus, in areas with partial plant cover, thermal surface characteristics can have significant effects on LST measurements.
[image: Figure 5]FIGURE 5 | Spatial distribution of LST in the Province of Lecce detected on 24th July 2022.
The urban area around Lecce was therefore deeply investigated (Figure 6). The lowest LST value is 31.44°C, while the highest is 48.07°C. The lowest temperatures are detected in urban areas, especially in the historical centre of the city, in correspondence with urban parks and vegetated areas and along the vegetation in the north-western part of the examined area. Surprisingly, all the industrial areas of the city have low temperatures, with just few exceptions for metal or dark roofs.
[image: Figure 6]FIGURE 6 | LST in Lecce detected on 24th July 2022.
We studied the behaviour of temperature as a function of the typology of land cover, considering the difference between impermeable and permeable surfaces. The box plot shown in Figure 7A shows that the average temperature measured on impermeable surfaces was 40.32°C, 1.23°C lower than the 41.55°C value figured on permeable surfaces. It can clearly be seen that the LST corresponding to the impermeable surfaces tend to have low values. A Welch’s t-test confirmed a statistically significant difference between the two average values (p-value < 2.2e-16). To better analyse the relationships between LST and land cover, it was decided to exclude the pixels belonging to the permeable areas with NDVI values of less than 0.3, in order to avoid the cooling effect of these areas due to evapotranspiration. Below this threshold, the effects that vegetation has on temperature are considered negligible. It was found that about 63.3% of the non-urbanised soils have a NDVI value lower than the established threshold. This means that a large part of the ground is bare or sparsely vegetated. The box plot presented in Figure 7B shows that the average surface temperature determined in these areas is 42.25°C, which is almost 2°C higher than the average temperature determined for the urbanised areas. Also in this case, the two means show a statistically significant difference (Welch Two Samples t-test, p-value < 2.2e-16).
[image: Figure 7]FIGURE 7 | Box plot of type of surface and LST (°C). (A) Permeable surfaces include vegetation. (B) Permeable surfaces do not include vegetation.
3.4 Urban heat island intensity
To obtain a homogeneous distribution of pins within the circular crown around the urban area of Lecce, it was necessary to use a distance threshold of 100 m from urbanised areas, as mentioned in Section 2.5. 103 pins satisfied the conditions and are presented in Figure 8. Most of them fall in areas with very high values of LST (Figure 9). The average temperature at these points is 42.48°C, with a minimum of 36.39°C and a maximum of 46.85°C. The analysis of the pins allows the mapping of the thermal anomaly in the study area with a 100 m raster resolution (Figure 10). This analysis confirms the previously derived anomalous temperature behaviour. The thermal anomaly in some urbanised areas is truly remarkable, reaching up to 11°C difference. The highest difference value was found in a white limestone quarry. Figure 11A shows how the temperature seems to be lower in correspondence with bright and highly reflective surfaces such as the quarry, whose rocks constitute the main component of the Salento building material. It is therefore clear that this type of material and the albedo play a role in regulating the surface temperature. In contrast, it is noticeable that the use of metals as roofing material is strongly discouraged because, being excellent conductors of heat, they can easily reach excessively high temperatures. The thermal profile shown in Figure 11B shows how the minimum temperature at the centre of the quarry was 31.44°C, lower when compared to the 46.26°C estimated at the centre of the roof. The choice of material in the design of urban areas is therefore of great importance; this can be a deciding factor in the success of future sustainable urban areas planning. This research shows how these building materials shaped the environmental effect on urban areas in and around the cities in Salento, where most buildings are not covered with tiles but with limestone rocks, with great benefits in counteracting the phenomenon of urban heat islands.
[image: Figure 8]FIGURE 8 | Distribution of pins in non-urban areas 3–6 km away from the centre of Lecce.
[image: Figure 9]FIGURE 9 | Distribution of pins on the land surface temperature map.
[image: Figure 10]FIGURE 10 | Thermal anomaly map in the city of Lecce on 24th July 2022. Urbanised surfaces have a negative difference of temperature since they are cooler than the average temperature of pins.
[image: Figure 11]FIGURE 11 | (A) Details of thermal anomaly in the industrial area of Lecce. (B) Thermal profile. LST is expressed in degree centigrade.
3.5 Surface albedo
The albedo values obtained by applying ranged from 0.0924 to 0.922, but only 11 of the calculated pixels had values exceeding the threshold of 0.60. These outliers were identified and subsequently eliminated. The new maximum value adopted by the albedo is 0.582. Figure 12 shows how the albedo in vegetated areas assume very low values. These high values are mainly due to the building material, the so-called “pietra leccese,” a locally mined Miocene calcarenite. This factor may be responsible for the thermal anomaly in the towns of Salento, since specific internal qualities of any surface material, including heat capacity, thermal conductivity, and inertia, play an important role in keeping a body’s temperature in balance with its external environment (Campbell, 2002). A research of Taha et al. (1988) demonstrated that changing the surface albedo from 0.25 to 0.40 may reduce localised afternoon air temperatures by approximately 4°C in a typical mid-latitude warm climate on summer. Taha et al. (1992) found that a white surface with an albedo of 0.61 was only 5°C warmer than ambient air in the early afternoon of a clear summer day, while conventional gravel with an albedo of 0.09 was 30°C warmer than air.
[image: Figure 12]FIGURE 12 | Albedo in Lecce.
It could be determined that the average albedo value of non-vegetated permeable surfaces is 0.205, while the average albedo value of impermeable surfaces is 0.218. The box plot in Figure 13A shows that the albedo of permeable surfaces does not exceed values above 0.445, in contrast to the values of impermeable surfaces, which can reach higher values up to 0.582. Although the values assumed by the two means are similar, their difference is statistically significant (Welch Two Samples t-test, p-value < 2.2e-16). The fact that the albedo of non-vegetated areas is about the same as that of urban areas might suggest that albedo does not have much effect on temperature regulation. However, it must be considered that impermeable surfaces also include areas with relatively low albedo values, such as large areas of photovoltaic installations in the Salento landscape, which could influence and lower the average value. It is precisely for this reason that the albedo in certain urban areas was examined in more detail. The urban area around the city of Lecce was divided into different subzones, such as: city centres, residential areas, road areas, photovoltaic areas, mining areas and industrial areas. Results are shown in Figure 13B and Table 3. In particular, it can be clearly seen that the highest average value is found in the mining areas of the territory, while the lowest values are attributable to extensive photovoltaic areas and road areas. In addition, the urban centres of the area have slightly higher average albedo values than the newer outlying districts. The albedo values in Salento urban areas far exceed the average albedo of most cities in the world, and this most likely has an important and clearly visible influence on the surface temperature. The average albedo values of these surfaces align closely with aerial measurements taken in arid cities, such as Los Angeles, California. Albedo values for urbanised areas typically range from 0.10 to 0.20. Some exceptions can be found in some towns in North Africa, where albedo values can range from 0.30 to 0.45 (Taha, 1997).
[image: Figure 13]FIGURE 13 | (A) Box plot of type of surface and albedo. (B) Violin plot of albedo values in impermeable subzones.
TABLE 3 | Results of the analysis of the albedo in the specific impermeable subzones.
[image: Table 3]The scatter plot and its associated linear regression in Figure 14 show the expected inverse relationship between LST and the surface albedo (statistically significant, p-value < 2.2e-16). Results are presented in Table 4 and are consistent with previous studies that have described the relationship between the LST and surface albedo, such as the one conducted by Hamoodi et al. (2019). A different spatial distribution of temperature would have resulted in significantly lower albedo values of about 0.1–0.15, as it is the case in most cities. In this last case, impermeable surfaces would reflect on average 5%–10% less solar radiation than permeable surfaces, absorbing more energy and thus heat. Moreover, the temperature difference between built-up areas and the landscape is also due to the sparse, dry or absent vegetation on the ground. All these combined factors lead to what was found and studied in this article.
[image: Figure 14]FIGURE 14 | Scatter plot of LST-SA and linear regression.
TABLE 4 | Linear regression results between LST and SA.
[image: Table 4]4 CONCLUSION
In the present research, UHI and the LST anomalies on 24th July 2022 were mapped, during one of the two summer HWs occurred in Salento. It was found that most urban centres and urbanised areas, including industrial areas, have a “reverse effect” of UHI, showing lower temperature values than the surrounding rural areas. In the Province of Lecce, the spatial distribution of temperatures is probably influenced by vegetation, proximity to the sea and soil characteristics. Along the coast, where NDVI analysis showed higher values, indicating the presence of more abundant vegetation, temperatures are much lower. The maximum values obtained, with peaks of LST around 50°C, are mainly located in the central areas of the region and in correspondence with the areas of abandoned and bare agricultural land. Considering the city of Lecce and the surrounding areas within a 9 km radius of the geographic centre of the city as a reference area, about 63.3% of the permeable surfaces have NDVI values below 0.3, which means that more than half of the non-urbanised areas have very little vegetation. This probably has a relevant impact on LST, as the lack of vegetation in these areas does not allow for cooling by plant evapotranspiration. The average temperature in these areas with sparse vegetation is 42.25°C, which is a very high value if compared to the average temperature of 40.32°C experienced on impermeable surfaces. The analysis of thermal anomalies in the Lecce surrounding confirmed this temperature anomaly, highlighting that temperatures in urban areas can be up to 11°C lower than in surrounding rural areas. The lowest temperature value of 31.44°C was found near a quarry of white limestone, highlighting the role of material type and albedo in LST values. Analysing the surface albedo, high values were found in the urban areas of Lecce, with values certainly above the average of world cities. A negative relationship between surface albedo and temperature was found. Thus, we can conclude that albedo plays a significant role in the regulation of surface temperature in Salento cities. Of great importance for this study was the almost total absence of vegetation in the countryside of Salento during the summer months, exposing the soil to more solar radiation and heat. It would be advisable to find strategic solutions to keep temperatures in these areas lower than they currently are, for example, by increasing the areas used for agriculture or, in some cases, to cultivate these areas with simple grass.
When evaluating the possible exportability of the methodological approach described and performed in this study, it is essential to consider the related advantages and disadvantages. The methodology employed in the study to identify an UHI can be applied across different contexts. However, the obtained results may vary depending on the geographical context and other influencing factors. The identification of a “reverse effect” of UHI in most urban centres, including industrial areas, offers an uncommon perspective. Understanding that these urbanised areas experience cooler temperatures than surrounding rural areas contradicts conventional UHI assumptions and provides new perspectives that may be extended to other areas. The analytical approach’s success may be impacted by Salento’s unique characteristics such as climate, geography, and land use patterns. Moreover, the research specifically focused on a specific date and season. Applying the results to unrelated areas without considering specific nuances could result in inaccuracies. The results obtained by emphasizing the existing relationship between surface albedo and LST could provide guidance for urban planners and politicians in other regions. Moreover, recognising surface albedo as a crucial factor may help minimize heat-related issues.
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