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Abstract

:

Several earth science investigations depend heavily on knowing the surface energy budget and determining surface temperature. The primary factor affecting the energy balance in the surface physical processes of the planet is the land surface temperature (LST). Even in the case of small-scale green areas like local parks, plants have a significant impact on the climate of cities. The goal of this study was to estimate the construction-related impacts of the Karizland green town (green belt) on the LST of its surroundings over time, for the years 2013 (before construction began), 2015, 2020 and 2022 (after construction was completed). LST values and hot spot analyses were employed for thermal condition evaluation purposes on Landsat-8 satellite images, and normalized difference vegetation index (NDVI) and fractional vegetation cover (FVC) indices were used for examining the vegetation change. The results showed that after the establishment of the green town, the mean NDVI and FVC grew by 275% and 950%, respectively, compared to the initial period, which resulted in the addition of approximately 208.35 ha of green space to the study area. In this regard, the results showed that after these changes, compared to the first period, the mean LST decreased by 8%. In addition, the area of the class of hotspot analysis with less than 90% confidence increased by 9%. The results illustrated that almost 20% of the data in the LST range was below 55 °C in 2013, near 57 °C in 2015, and around 51 °C in 2020 and 2022. The results also showed a negative relationship between the distance from the established settlement and the values of NDVI and FVC in 2022 of 91% and 89% and in 2020 of 67% and 69%, respectively. Every year, LST has had a significant negative relationship with the NDVI and FVC of that year and a positive relationship with the LST of the following years, such that the correlation decreases in later years. In order to control LST and the temperature surrounding cities, this research strongly advises managers to develop these green towns.
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1. Introduction


Climate change and rapidly increasing global urbanization are the two concerns that urban planners face in the twenty-first century [1]. The planet’s surface is one of the key elements in earth sciences. The planet’s surface net energy, which is controlled by energy input, surface discharge, humidity, and atmospheric air movement, determines this physical property. Understanding the surface energy budget and calculating surface temperature are crucial in many earth science studies, including those involving urban expansion [2,3], management of water resources, natural disasters, and the climate. Land surface temperature (LST) is the main determinant of the energy balance in the earth’s surface physical processes [4]. The study of LST, along with other factors such as evapotranspiration and soil salinity, are also useful in cases such as the effects of global warming on food security [5] and energy consumption [6].



The urban environment’s temperature is affected by a wide range of climatic, geographic, and human factors, and it mostly reflects local climate characteristics, which are different from atmospheric temperature. The urban environment’s temperature changes both indoors and outside since there are different land uses. Because of this, recent research has centered more on identifying these changes in the urban environment [7,8]. Urban green spaces are essential for maintaining the urban environment, controlling urban temperature, and balancing climate change in addition to improving urban landscapes [9], environmental soil properties [10], and spatial susceptibility patterns [11]. Plants cool the air around them through shade, evaporation, and other methods to enhance the urban environment [12].



One of the factors affecting the microclimate in urban areas investigated is the utilization of plants [13]. The influence of plants on the climate of city environments is enormous, even in the case of small-scale green spaces like neighborhood parks [14,15]. The existence of trees, grass, and other plant life causes green spaces to have cooler temperatures than other neighboring metropolitan areas [16]. It is thought that this phenomenon prevents the temperature of the air around from increasing. Often, the temperature in green areas is lower than that of adjacent locations [17]. Cooler air is transported from green parts to nearby areas. The amount of cooling experienced by the nearby areas changes with an increase in the size of the green space and the percentage of that space that is covered by trees [1].



Remote sensing techniques can provide a fast and efficient means of mapping landforms, which can be a crucial first step in managing the Earth’s surface [18]. Quantifiable LST data may be gathered using remote sensing thermal sensors and used to monitor land cover changes. Remote sensing is essential for estimating physical properties important to thermal research. A number of multispectral and thermal sensors can be used for urban vegetation indices and LST [19] studies. The two most used remote sensing vegetation indices are the normalized vegetation index (NDVI) and fractional vegetation index (FVI). There are two methods utilized to retrieve correct FVC values: field measurement and remote sensing retrieval. The traditional method for obtaining FVC is field measurement, which combines sampling, visual estimation, and the use of optical measuring tools (e.g., photography). Three techniques may be used to get FVC from remote sensing: the empirical model, the physical model, and machine learning techniques. FVC is estimated using an empirical model using either a straightforward statistical model or a regression relationship. The FVC is often computed from the NDVI once an empirical link between the two has been established [20].



Previous studies such as Zare et al. (2021) highlight the potential of remote sensing data and satellite image analysis in observing changes in earth and natural resources [21]. Amani-Beni et al. (2019) investigated the connection between urban greening trends and the cooling impact in the Olympic Forest’s environs, a park in Beijing. The impervious LST of forestland and waterbodies might be cooled by 6.51% and 12.82%, respectively, according to the results. LST decreased by 0.4 °C for every 10% increase in green space, while it rose by 0.15 °C for every kilometer of distance from the forest park. The green space patterns’ aggregation index (AI) and biggest patch index (LPI) showed a substantial negative connection with surface temperature [22]. Another study by Sun et al. (2017) investigated the utilization of urban green space in a long belt-shaped park (around 9 km) in Beijing to raise the surrounding city’s average temperature. The findings indicated that the temperature drops to roughly 2 degrees Celsius up to 90 m from the researched green area’s edge [23]. Research conducted by Zhao et al. (2022) related to the construction of Kunlun Mountain national park in China, built in order to reduce the effects of climate change, has shown an increase in the capacity of the carbon sink, and has predicted that this will improve similarly with the implementation of park management and control measures [24,25]. In a study by Di Leo et al. (2016), the impact of urbanization and green infrastructure on the temperature of the urban surface in Bobo-Dioulasso, Burkina Faso, sub-Saharan Africa, was examined. Urbanization and LSTs were geographically and temporally explored using the geospatial data and methods that are now available. The study also examined how certain urban green infrastructure locations affected LSTs. The findings revealed rising temperatures and rates of urbanization throughout time and location. However, the LST in regions with green infrastructure was in fact lower than that in nearby impermeable, urbanized areas [26,27].



Since vegetation has a cooling effect on LST [28,29] and also the study of the earth’s surface temperature is important due to its effect on global warming and human well-being, the present research aims to quantify the effect of creating a green town called Karizland (Karizboom) which includes tree and shrub cover (Figure 1) near the city of Yazd (which is located in the hot and dry central region of Iran and faces a lack of green space per capita [30]). The importance of this study is in highlighting the effect of creating such settlements and encouraging the authorities to establish such settlements in other places in order to manage per capita vegetation and LST.




2. Materials and Methods


2.1. Study Area


The studied area, Karizland town, is located in Yazd province, Iran, at 54°16′ (E) and 31°50′ (N), between the cities of Taft and Yazd (Figure 2). This resort town is also called Karizboom town or Kowsar town and was created with the aim of increasing the green space per capita in Yazd [30]. This region is located in the center of Iran with a hot and arid climate and lacks enough green space per capita [30]. The annual (average) temperature of this area is 20 °C. The hottest month of the year in this region is July with an average of 33 °C, followed by June and August with 31 °C [29].



As can be seen from the Google Earth images, the construction of this town began in the beginning of 2013 (Figure 3a). Its construction was in progress in 2015 (Figure 3b) and continued until 2020 (Figure 3c). Based on this, it can be seen that part of the greening goals of this town had been achieved in 2020 and in the last quarter of 2022 (Figure 3d).




2.2. Data Collection


We used the multispectral and thermal bands of Landsat-8 Level-2 images to obtain the average values of summer vegetation cover and LST of the years 2013, 2015, 2020 and 2022 of the studied area. The reason for choosing the summer season was to establish a balance between the maximum greenness of the vegetation and the maximum LST in this area. These images were obtained from the United States Geological Survey (www.earthexplorer.usgs.gov). The characteristics of the images used are presented in Table 1.




2.3. Images Preprocessed Status and Preparation


Landsat-8 Level-2 images provide a rough approximation of the surface’s spectrum reflectance as it would be observed from the ground if air absorption or scattering did not exist. The Earth Resources Observation and Science (EROS) Center produces the surface reflectance products. Level-2 data products are produced by correcting satellite pictures for atmospheric effects using the EROS Scientific Processing Architecture (ESPA) on-demand interface. The land surface reflectance code is used to produce Landsat-8 surface reflectance data (LaSRC). LaSRC employs a special radiative transfer model, supplementary climatic data from MODIS, and the coastal aerosol band to conduct aerosol inversion experiments. Moreover, LaSRC hardcodes the view zenith angle to “0”, and computations for the atmospheric correction employ both the solar zenith and view zenith angles [32]. For the purpose of initial correction, the scale factor coefficients presented in Table 2 were applied to the images.




2.4. Calculation of Normalized Difference Vegetation Index (NDVI)


The NDVI is the ratio between the red and near-infrared bands [34,35] and is very commonly used to investigate the status of vegetation. To measure the NDVI, the leaf area index (LAI) and production pattern [36,37], which is based on vegetation class, land use/land cover changes, water stress, vegetation phenology, continental land cover mapping, and chlorophyll content [38,39,40] are usually used. According to [41], the NDVI signal from tropical evergreen woods has a poor signal-to-noise ratio because it is saturated. This is said to happen when an exponential or linear regression model is used to link the NDVI to the LAI [42]. Nevertheless, because the area under study in this article is semi-arid, this may not necessarily apply to its vegetation. In order to calculate this index, two red and near infrared bands of Landsat-8 Level-2 were used. After obtaining these images, they were multiplied by the corresponding calibration coefficients (Table 2) and then   N D V I   was calculated using Equation (1):


  N D V I =   R e d − N I R   R e d + N I R   ,  



(1)




where   R e d   is the 4th and the 5th band of Landsat-8.




2.5. Calculation of Fractional Vegetation Cover (FVC)


FVC is a crucial biophysical metric for studies on land surface processes, climate change, and numerical weather prediction [43,44]. It is also a crucial parameter for measuring surface vegetation cover [45]. Moreover, FVC is widely used in forestry, resource management, land use, hydrology, disaster risk assessment, and drought monitoring [20]. The FVC of the pixel is technically defined by Equation (2) as the proportional area of vegetation [20,46].


  f =   N D V I − N D V I s   N D V I v + N D V I s   ,  



(2)




where the subscripts   N D V  I s    and   N D V  I s    denote NDVI values over fully vegetated area and bare soil, respectively.




2.6. Calculation of Land Surface Temperature (LST)


In the present study, LST was calculated from surface temperature measures using emissivity correction [34,47,48,49,50,51,52,53].


  L S T =    τ  1 + w    τ p    ln  e        ,  



(3)




where  τ  is the at-sensor brightness temperature,  w  is the wavelength of emitted radiance (10.8 µm Landsat-8 TIRS 10th band),   p = h × c / s     1.438 ×   10   − 2   m · K    , with  h  being the Plank’s constant (  6.626 ×   10   − 34   J · s  ),  s  is the Boltzmann Constant (  1.38 ×   10   − 23   J / K  ),  c  is the velocity of light (  2.988 ×   10  8  m / s  ), and  e  is the land surface emissivity.



The land surface emissivity  e  was calculated using [34,47,48,49,50,52,53]:


  e = n    P v  + m ,  



(4)




where  n  = 0.004 and  m  = 0.986, and    P v    denotes the vegetation proportion, also referred to as the fractional vegetation cover. The vegetation proportion (   P v   ) was calculated as [34,47,48,49,50,51,52,53]:


   P v  =       N D V I − N D V  I  m i n     N D V  I  m a x   − N D V  I  m i n        2  ,  



(5)




where   N D V  I  m i n     and   N D V  I  m a x     are the minimal and maximal values of the NDVI.




2.7. Hot Spot Analysis


For each feature, the Getis-Ord Gi-star (G-i-*) statistic was calculated via hot spot analysis. Each characteristic was examined in the context of its nearby features in this analysis. Even a feature with a high value may not be a statistically significant hot spot. A feature must have a high value and be surrounded by additional features that have high values in order to be a statistically significant hot spot. A statistically significant z-score is produced when the local sum for a feature and its neighbors deviates significantly from the predicted local sum and deviates by an amount that is too great to be the product of random chance [54].



The process of conducting the research is shown in the flow chart (Figure 4).





3. Results


The present study was conducted in order to quantify the construction effects of the green town (green belt) of the Karizland environs of the Yazd metropolis on its peripheral area’s LST. For this purpose, in order to monitor the vegetation changes in the area, the NDVI (Figure 5) and FVC (Figure 6) map of the study area was extracted using satellite images.



The statistics of vegetation changes in the region clearly indicate an increasing trend of vegetation (Table 3). Thus, in the green zone, the NDVI minimum and maximum reached 0.12 and 0.61 in 2022 from 0.05 and 0.08 in 2013, respectively. A decrease of 0.01 is observed in the NDVI minimum and maximum in 2015. In addition, in the same period, the FVC minimum and maximum increased from 0.02 and 0.06 to 0.07 and 0.58, respectively. The NDVI and FVC means also increased from 0.12 and 0.04 to 0.45 and 0.42, respectively, with continuous growth in the three periods after 2013, i.e., 2015, 2020 and 2022. However, despite the differences, the RANGE values of 2020 compared to 2022 and 2013 compared to 2015 were very close to each other.



The vegetation changes map in the area also clearly shows the location and extent of vegetation created by the construction of Karizland green town (Figure 7). Based on these change map statistics, it is estimated that by 2022, in the new green town extent, a green belt 81,540 m long with an area equal to 208.35 ha has been created.



In order to investigate the LST changes before, during and after the construction of the Sabz settlement, the LST maps of the region for the studied years were extracted from the data of satellite images (Figure 8).



The statistics of the LST changes in the region in the four years under study show a decrease in the LST minimum and maximum of 6.9% and LST mean of 8.3% between the first and last years of the study, 2013 and 2022 (Table 4). The only visible contrast is in the thermal data of 2015, in which, when compared to 2013, the LST minimum increased by 6.6% and the maximum by 2.2%. The LST mean also increased that year, but slightly by 1.7% (less than 1 °C). Figure 9 makes it clear that the distribution of data based on percentile in the first 5% to 20% shows a lot of abnormality and change. Accordingly, in 2013, almost 20% of the data in the LST range is less than 55 °C, for 2015 it is close to 57 °C, and for 2020 and 2022 it is around 51 °C. The trend of these changes over time has mostly been related to the first 20 percentiles of LST values, while in the rest of the percentiles, the values of the two years 2013 and 2015 and the values of the two years 2020 and 2022 have been closer to each other and further away from the other group (Figure 9).



It also emerges visually from the matrix plot of LST over the time that the warmer pixels gradually decreased from 2013 to 2022 (Figure 10). This decrease started from 2015 and continued almost until 2020, so that the ratio of warmer pixels to cooler pixels reaches 50% between 2015 and 2020.



The LST difference map between 2013 and 2022 shows a clear temperature decrease in the location of the built green town and its surroundings (Figure 11). Based on this and the extent of the studied green town in 2022, 1348.2 ha of land surface had cooled, 60.66 ha had not changed and 6.84 ha of land was warmer compared to 2013.



In order to investigate the status of changes in hot–cold spots, a hot spot and cold spot map was prepared for the region for the four years under study (Figure 12). The distribution investigation results of hot and cold spots in the new green town extent area show that cold spots with 99%, 95%, and 90% confidence have reached 0.99%, 0.17%, and 0.39% of the area in 2022, respectively, with a slight decrease from 1.96%, 0.48%, and 0.57% of the area in 2013. On the other hand, hot spots with 90% confidence have decreased from 7.10% of the area in 2013 to only 0.04% of the area in 2022 (Figure 13). Sharp changes have occurred in non-significant values, which covered 88.76% of the area in 2013 and 96.84% in 2022. In addition, in almost all classes except for cold spots, with 99% confidence, an increase in hot spots and a decrease in cold spots from 2013 to 2015 can be observed. As such, the largest area with hot spots with 90% confidence after 2013 was 2.5%, and the largest area with hot spots with 95% confidence was 0.39%, both belonging to 2015.



The results obtained in the correlations between the investigated parameters in the present study (Table 5) indicate that the distance from the new green town subsurface had a negative relationship of −69% with the difference between the 2022 and 2013 NDVIs. In addition, its correlation with the LSTs of 2022 and 2020 was considerable, at 61% and 50%, respectively. The correlation between distance and NDVI and FVC was negative and high in both the mentioned years, and in 2022 this negative correlation was significantly higher. The results show a negative correlation between the difference between the 2022 and 2013 NDVIs and the LSTs of 2022 and 2020, stronger for that with 2022, and a positive correlation with the NDVI in 2022. The difference in NDVIs also has a close-to-significant low correlation with the 2020 NDVI, at 48%. The correlations of the LST values of different years interestingly show a negative and high correlation with the NDVI and FVC of that year and a positive relationship with the LST values of previous years (the biggest one is the correlation between the LST in 2022 and the LST in 2020, at 90%) with a decreasing trend in following years. This trend can be seen in 2015 regarding the 2013 NDVI and FVC too. It is noteworthy that the LST values in 2022 and 2020 had high and almost identical negative correlations with the NDVIs and FVCs of the same years, with −87% and −84%, respectively. The lowest correlation of this type is in relation to 2013, with −58% and −56%, respectively. Examining the relationship between the NDVIs and FVCs for each year also shows that these values have positive and very high correlations, more than 97%, and also have positive and high correlations with the NDVIs and FVCs of each previous year. The relationship in 2020 between the NDVI and FVC values of 2013 is also significant, positive, and high.




4. Discussion


The goal of the current study was to measure the construction-related impacts of the Karizland’s green town (green belt) on the LST of its city surroundings. Based on this, using satellite images, the changes in the calculated parameters of LST, hot spots, vegetation (using NDVI and FVC) and also the connections between them were investigated. For 2013, it was seen that the average values of NDVI and FVC were very low and close to zero with 0.12 and 0.04 respectively. In this year, the RANGEs of these two indicators were 0.03 and 0.04, respectively, which seems acceptable considering the lack of vegetation and the absence of the green town in this area. The lack of vegetation in 2013 caused that year to be the second hottest year studied, with a small difference from 2015, with an average LST of 55.83 °C, as well as a high distribution of hot spots with 90% confidence, of almost 8 out of 100. In 2013, the relationship between the distance from where the green settlement would later be built and LSTs, with a rate of −56%, was close to significant (therefore unreliable) but “negative”, which probably indicates the distance of this extent from the urban environment. The hotness of this area was compared to its surroundings. The same type of relationship was seen between the LST and the NDVI and FVC values, with −58% and −56%, respectively, and despite the very low values of NDVI and FVC, the correlation was “negative”. For 2015, it was seen that the values of NDVI and FVC reached 0.14 and 0.05, respectively, with a very slight increase. According to the NDVI values, these values do not prove the presence of vegetation in the area [55,56], but at the same time, the values may be due to the activity carried out in the direction of the construction of the green town. However, the average LST increased to 56.77 °C (a 1.68% increase compared to 2013) and the distribution of hotspots in the extent reached 10 (out of 100) with 90% confidence and even more than 0.5 with 95% confidence. This increase in temperature seems reasonable considering the start of the construction of the green town according to Figure 3b, because an increase in soil excavation, road construction and other construction measures on soil causes an increase in roughness, an increase in soil emissivity, and as a result, increased LST [57] in this area. For 2015, there was no significant relationship between the LST values and the distance from the under-construction green town or the NDVI difference between 2022 and 2013, but the correlation of LST values with the 2015 NDVI and FVC values was significantly negative with −68% and −64%, respectively. However, in any case, as discussed in the above lines, due to the lack of vegetation, no effect on LST was visible. The LST values for 2015 had a positive correlation of 73% with the LST values of 2013, and this probably indicates that the pattern of LST values that year was somewhat similar to 2013, which seems reasonable considering the absence of vegetation. This can be proven due to the very high correlation of NDVI and FVC values across both 2015 and 2013. This is because, according to the negative relationship between the LST and vegetation [29,58,59,60,61,62], when there is no vegetation in the area, the LST will not change. For 2020, however, the results were that the average NDVI increased by 157% and the FVC increased by 440% compared to 2015. The RANGE changes of the NDVI values also increased from 0.03 to 0.48 (a 1500% increase), which can firstly indicate an increase in vegetation and secondly its diversity in this region in 2020. In the meantime, the 9% decrease in the average LST (reaching 51.83 °C), the increase in cold spots with 99% confidence to 2 (out of 100) and the decrease in hot spots with 90% confidence to below 0.5 in 2020 show the vegetation presence effects more clearly in this year. In 2020, finally, the correlation between the values of the distance from the green town subsurface and LST has become positive, but close to significant (unreliable). However, the correlations of distance with NDVI and FVC are negative and significant with −67% and −69%, respectively, and this is likely a proof of the presence of vegetation created by the construction of the green town. In this year, the correlation between LST and NDVI and FVC has become sharper and in a higher/negative direction with −87% and −84%, respectively, and of course, it has a positive correlation of 78% with the LST of 2015. In addition, the LST of 2020 shows a positive but close-to-significant correlation with the LST of 2013, which also helps to prove the same pattern of LST changes in all periods. In 2022, the changes were such that the average values of NDVI and FVC continued to rise and increased by 25% and 56%, respectively. This proves the growing trend of vegetation in this area. The RANGE NDVI values had a slight increase of 0.01 (2%), confirming that the maximum and minimum NDVI did not change much after 2020. However, the maximum NDVI increased by 13% compared to 2020, which could indicate an increase in greenness by 2022. In this regard, the average LST also decreased by 1% to 51.21 °C, and the distribution of cold spots with 99% confidence was 0.5 (out of 100), and cold spots with 90% confidence increased to 0.4. In 2022, the increase of spots with less than 90% confidence is noticeable, such that 98.4% of the area was in this class of values. With this difference, based on the obtained results, the areas of significant classes (hot spots and cold spots together) in the studied area in 2013, 2015, 2020 and 2022 were 10.10%, 10.22%, 3.02% and 1.60% of the total area, respectively. As a result, the areas of non-significant classes (i.e., with less than 90% confidence) were 89.90%, 89.78%, 96.98% and 98.40% respectively. Thus, according to the mean values of LST in these four years, it can be said that in this study and this region, the area of significant spot classes has a positive relationship with the mean LST and the area of the non-significant spot classes has a negative relationship with the mean LST.




5. Conclusions


The present study was conducted with the aim of quantifying the effects of the construction of Karizland (Karizboom) green town on the surrounding LST for 2013 (as a year without the town), 2015 (the year that the town was being built), and 2020 and 2022 (years in which the town had been competed and with different levels of vegetation). For this purpose, using Landsat-8 satellite images, LST values and hot spot analysis were used for thermal studies, as well as NDVI and FVC indices for vegetation change studies. The obtained results indicate an increase of 81,540 m and 208.35 ha of vegetation after the establishment of the green settlement and as a result a decrease of 9.8% in LST in the period from the start to the end of the study period. Accordingly, based on the findings of this study, which were meticulously derived using maps and statistics of the cooling process of the town’s extent during the studied period, this study firmly encourages managers to create these green towns in order to control LST and the temperature around cities. The current study focused in particular on a hot and arid region in the center of Iran, thus from this perspective, the development of settlements in these areas may be significantly more important. Future studies may quantify the cooling effects of this settlement by focusing on the location of other settlements in nearby areas or in other hot and dry areas, in order to provide scientific evidence to policy makers on how to reduce temperature and improve climatic conditions. In addition, maybe the use of other vegetation indicators (like the enhanced vegetation index (EVI)) in this area to evaluate the results of this study and more detailed investigations focusing on the vegetation approach will provide room for further studies.
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Figure 1. A photo of parts of the green space of Karizland [31]. 
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Figure 2. The location of the studied area in Yazd province and Iran (a), its location in between Yazd city and Taft city (b), and its 2023 Google Earth image (c). 
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Figure 3. Google Earth images of Karizland town in 2013 (a), 2015 (b), 2020 (c), and 2022 (d), which show the stages of establishing the town. 
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Figure 4. Flowchart of the research process of the present study. 
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Figure 5. Normalized difference vegetation index (NDVI) maps for 2013, 2015, 2020 and 2022. 
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Figure 6. Fractional vegetation cover (FVC) maps of the studied area for 2013, 2015, 2020 and 2022. 
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Figure 7. The difference in normalized difference vegetation index (NDVI) values in the study area between 2022 and 2013 in two representations of continuous values (a) and discrete classes (b). 






Figure 7. The difference in normalized difference vegetation index (NDVI) values in the study area between 2022 and 2013 in two representations of continuous values (a) and discrete classes (b).



[image: Land 12 00885 g007]







[image: Land 12 00885 g008 550] 





Figure 8. Land surface temperature (LST) maps of the studied area for 2013, 2015, 2020 and 2022. 
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Figure 9. The trend of land surface temperature (LST) value changes in 10 percentiles according to the studied years. 






Figure 9. The trend of land surface temperature (LST) value changes in 10 percentiles according to the studied years.



[image: Land 12 00885 g009]







[image: Land 12 00885 g010 550] 





Figure 10. Matrix plot of land surface Temperature (LST) changes in the studied area (15,730 pixels) during the years 2013, 2015, 2020 and 2022 (masked by the built green town extent). 
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Figure 11. The difference in land surface temperature (LST) values between 2022 and 2013 in two representations of continuous values (a) and discrete classes (b). 
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Figure 12. Hot spot (HS) and cold spot (CS) maps of the studied area for 2013, 2015, 2020 and 2022. 
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Figure 13. Normalized (0–100) distribution pattern of hot spot (HS) and cold spot (CS) values in the study area according to the studied years along with the trend line of changes in 2013 and 2022. Because the non-significant spots were in the majority in each year, they were 100 and were masked for chart better visibility. 
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Table 1. Characteristics of the images used in the present study.
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Satellite

	
Sensor

	
Date

(Year & Months)

	
No of

Bands Used

	
Spatial

Resolution

	
Cloud Cover (%)






	
Landsat-8

	
OLI

	
2013

	
06

	
4, 5

	
30

	
≤15




	
07




	
08




	
09




	
2015

	
06




	
07




	
08




	
09




	
TIRS

	
2020

	
06

	
10

	
100




	
07




	
08




	
09




	
2022

	
06




	
07




	
08




	
09
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Table 2. Scaling Factor of Level-2 Landsat-8 images [33].
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	Data Type
	Scaling Factor





	Surface Reflectance
	0.0000275 + −0.2



	Surface Temperature
	0.00341802 + 149.0
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Table 3. Statistics (masked by the built green town subsurface) of the normalized difference vegetation index (NDVI) and fractional vegetation cover (FVC) changes according to the studied years.
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NDVI

	
FVC




	
Year

	
MIN

	
MAX

	
RANGE

	
MEAN

	
MIN

	
MAX

	
RANGE

	
MEAN






	
2022

	
0.12

	
0.61

	
0.49

	
0.45

	
0.07

	
0.58

	
0.51

	
0.42




	
2020

	
0.06

	
0.54

	
0.48

	
0.36

	
0.03

	
0.36

	
0.32

	
0.27




	
2015

	
0.04

	
0.07

	
0.03

	
0.14

	
0.03

	
0.09

	
0.06

	
0.05




	
2013

	
0.05

	
0.08

	
0.03

	
0.12

	
0.02

	
0.06

	
0.04

	
0.04
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Table 4. Statistics (masked by the built green town subsurface) of land surface temperature (LST) changes according to the studied years.
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	Year
	MIN
	MAX
	RANGE
	MEAN





	2022
	48.52
	52.83
	4.32
	51.21



	2020
	50.19
	53.44
	3.26
	51.83



	2015
	55.54
	58.02
	2.48
	56.77



	2013
	52.12
	56.77
	4.66
	55.83
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Table 5. The results of correlation calculations between distance from the study area, difference in normalized difference vegetation index (NDVI Diff.) between 2013 and 2022, land surface temperature (LST), NDVI, and fractional vegetation cover (FVC) for 2022, 2020, 2015 and 2013 (highlights significance: red: ≥60% and significant, yellow: ≤−60% and significant, and grey: ±50% and almost significant).
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	Distance
	NDVI

Diff.
	LST

2022
	NDVI

2022
	FVC

2022
	LST

2020
	NDVI

2020
	FVC

2020
	LST

2015
	NDVI

2015
	FVC

2015
	LST

2013
	NDVI

2013





	NDVI

Diff.
	−0.69
	1
	
	
	
	
	
	
	
	
	
	
	



	LST

2022
	0.61
	−0.64
	1
	
	
	
	
	
	
	
	
	
	



	NDVI

2022
	−0.91
	0.58
	−0.87
	1
	
	
	
	
	
	
	
	
	



	FVC

2022
	−0.89
	0.38
	−0.84
	0.97
	1
	
	
	
	
	
	
	
	



	LST

2020
	0.50
	−0.56
	0.90
	−0.42
	−0.40
	1
	
	
	
	
	
	
	



	NDVI

2020
	−0.67
	0.48
	−0.41
	0.90
	0.89
	−0.87
	1
	
	
	
	
	
	



	FVC

2020
	−0.69
	0.37
	−0.40
	0.85
	0.88
	−0.84
	0.97
	1
	
	
	
	
	



	LST

2015
	0.38
	−0.08
	0.74
	−0.40
	−0.42
	0.78
	−0.49
	−0.52
	1
	
	
	
	



	NDVI

2015
	−0.06
	0.01
	−0.32
	0.51
	0.54
	−0.33
	0.68
	0.73
	−0.68
	1
	
	
	



	FVC

2015
	−0.06
	0.00
	−0.30
	0.47
	0.53
	−0.30
	0.64
	0.72
	−0.64
	0.98
	1
	
	



	LST

2013
	−0.56
	0.13
	0.50
	−0.19
	−0.24
	0.58
	−0.32
	−0.37
	0.73
	−0.56
	−0.56
	1
	



	NDVI

2013
	−0.06
	−0.01
	−0.33
	0.51
	0.55
	−0.34
	0.68
	0.73
	−0.67
	0.98
	0.97
	−0.58
	1



	FVC

2013
	−0.07
	−0.01
	−0.30
	0.46
	0.52
	−0.30
	0.63
	0.71
	−0.64
	0.96
	0.99
	−0.56
	0.97







Significance level: 90%.
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