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Many world cities have been going through thermal state intensification induced by the uncertain growth of impervious land. To address this challenge, one of the megacities of South Asia, Bengaluru (India), facing intense urbanization transformation, has been taken up for detailed investigations. Three decadal (1989–2019) patterns and magnitude of natural coverage and its influence on the thermal state are studied in this research for assisting urban planners in adopting mitigation measures to achieve sustainable development in the megacity. The main aim of this research is to monitor the surface urban cool island (SUCI) in Bengaluru city, one of the booming megacities in India, using Landsat data from 1989 to 2019. This study further focused on the analysis of land surface temperature (LST), bare surface (BS), impervious surface (IS), and vegetation surface (VS). The SUCI intensity (SUCII) is examined through the LST difference based on the classified categories of land use/land cover (LU/LC) using urban-rural grid zones. In addition, we have proposed a modified approach in the form of ISBS fraction ratio (ISBS–FR) to cater to the state of urbanization. Furthermore, the relationship between LST and ISBS–FR and the magnitude of the ISBS–FR is also analyzed. The rural zone is assumed based on <10% of the recorded fraction of IS (FIS) along the zones in the urban-rural gradient (URG). It is observed that SUCII hiked by 1.92°C in 1989, 4.61°C in 2004, and 2.66°C in 2019 between demarcated urban and rural zones along URG. Furthermore, the results indicate a high expansion of impervious space in the city from 1989 to 2019. The alteration in the city landscape mostly occurs due to impervious development, causing the intensification of SUCI. The mean LST (MLST) has a negative relationship with the fraction of VS (FVS) and a positive relationship with the fraction of BS (FBS). In addition, the ISBS–FR shows intense enlargement. The findings of the present study will add to the existing knowledge base and will serve as a road map for urban and landscape planning for environmental enrichment and sustainability of the megacity of Bengaluru.
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INTRODUCTION

Globally, it is estimated that 54.5% of the total population in the world lived in urban areas in 2016 and that 60% of the population will live in urban areas in 2030 if the same trend continues (United Nations, Department of Economic and Social Affairs, Policy Division, 2016). As per the IPCC (2019), the global land surface temperature (LST) and global (ocean and land) mean surface air temperature amplified by 1.53 and 0.87°C, respectively, between the preindustrial period (1850–1900) and the recent postindustrial period (2006–2015). In the last five decades, the coverage of urban settlements has rapidly increased, and a colossal transformation has taken place in land use/land cover (LU/LC) through natural land into the concrete structure, which led to changes in the local environment, resulting in the formation of a large elevated surface temperature as compared to its surrounding rural area (Kikon et al., 2016; Wang et al., 2018; Vinayak et al., 2022). This variation pattern of temperature, which intensifies warmer scenarios in the city center than in surrounding rural places, is called surface urban heat island (SUHI) (Shahfahad et al., 2021, 2022b). In reverse, when the surrounding rural places observe warmer scenarios than the city center, it is called surface urban cool island (SUCI) (Yang et al., 2017). SUCI formation is characterized by lower temperatures over a metropolitan area or a core urban center than in suburban areas or rural areas due to the semiarid effects of urbanization (Frey et al., 2005; Govind and Ramesh, 2019). The variation in temperature over the urban–rural difference occurs due to the conversion of the natural land surface, such as shrinkage of water bodies, deforestation, and depletion of farmland, into the concrete jungle and purely impervious surface (IS) due to urbanization (Chakraraborty et al., 2015; Ranagalage et al., 2017, 2018a; Dissanayake et al., 2019a; Naikoo et al., 2020).

The knowledge of LU/LC pattern has facilitated in carrying out urban morphology, ecology, sustainability, and geography by analyzing the pattern of land use, urban intensity, SUHI, SUCI, and urban diversity (Siddiqui et al., 2021; Rahman et al., 2022; Shahfahad et al., 2022a). The dynamics of LU/LC encourage a more extensive course of urban planning for health authorities, policymakers, urban investors, urban planners, and other scientific communities due to its harmful impacts on the health of the urban people as well as the alteration in precipitation, temperature, store carbon, air quality, and energy balance (Wang et al., 2017; Ranagalage et al., 2018c; Rousta et al., 2018).

Due to manmade reasons, the presence of inheriting distinct characteristics of the physical surface in the city landscape leads to the constitution of a wide variety of patterns in the form of absorption of electromagnetic radiation, longwave albedo radiation, evaporation, the release of heat, and prevailing wind blockage (Bokaie et al., 2016). The physical surfaces of urban landscape are widely different because these are the creation of stones, asphalt, gravel, pebbles, concrete, and flooring, which largely accelerate the sensitivity and lower evapotranspiration, which greatly spurs the local climate in the city landscape (Mirzaei, 2015; Rousta et al., 2018). Consequently, significant variation of LST has been perceived.

Previously, most of the literature related to stocktickerUCI studies have been focused on various city types, especially in tropical and semiarid cities, such as Abu Dhabi and Dubai, Chang–Zhu–Tan, Erbil, and Bengaluru (Frey et al., 2005; Li et al., 2011; Rasul et al., 2016, 2017; Govind and Ramesh, 2019). The SUCI is one of the essential phenomena which is created due to changing scenarios of the local environment in the densely urban set–up in semi–arid regions. However, unlike SUHI, SUCI has not been explored in other parts of the world in an intensive and extensive style (Li et al., 2011; Rasul et al., 2016). The SUCI played a vital role in the local atmosphere whose effects can be seen in the aspects of nature (such as macroorganisms to microorganisms) and animal life, including humans. SUCI is extending over the suburban/rural space at higher temperature magnitudes as compared to its core urban space due to the presence of recreational and biological parks where a large number of trees, water bodies in the form of small to big size ponds/lakes, and green lawns are available (Govind and Ramesh, 2019). SUCI has significantly pulled the attention of urban planners, urban investors, health authorities, and policymakers to its hostile effects on the life of humans and the environment.

Therefore, the strategy for the mitigation of SUCI must be introduced by studying the dynamics of the city’s landscape through spatial analysis to cope with its adverse effects. In the recent past, the use of environment-friendly raw materials and proper design of buildings that have the potential to minimize solar radiation, absorption, impermeability, and thermal storage have been suggested. The strategic plans, as mitigation tools, can be cool and green roofs for energy balance, rainwater harvesting, and use of light paints and materials, among others, to minimize the SUCI effects. The spatiotemporal information of LU/LC dynamics and the SUCI phenomena of the actual scenario can be generated in a cost-effective manner using modern technologies like Geographic Information Systems (GIS) and Remote Sensing (RS) (Pandey et al., 2012; Chaudhuri et al., 2018). In the past, the dynamics of LU/LC were created to collect quantized information for achieving sustainability (Rahman, 2016; Mukherjee et al., 2017; Rahman et al., 2017; Rousta et al., 2018; Wang et al., 2018; Zhang et al., 2018). To envisage the local landscape ground reality, the relationship of median LST vs fraction of impervious surface (FIS), median LST vs fraction of vegetation surface (FVS), and median LST vs fraction of bare surface (FBS) have been used (Ranagalage et al., 2018a; Dissanayake et al., 2019a).

Bengaluru megacity as the study area is one of the largest megacities not only in India but also in South Asia. It has one of the largest Information Technology (IT) hubs in India and other industries, along with tremendous job opportunities and high standards of living. This has resulted in substantial impervious development in its core as well as the surrounding area since the IT revolution in 1990. Apart from it, this megacity has a long historical heritage and culture and is also an education hub (Matloob et al., 2021). Further, this megacity has India’s best educational institute, namely, the Indian Institutes of Science (IISC) Bangalore, which pulls more populace to live here. As a result, the dynamics of LU/LC has been transformed at an alarming rate in both the core city and the surrounding space affecting the dynamics of land–resource. Hence, there is an urgent need for timely monitoring for balanced and sustainable development of Bengaluru city, which motivated the authors to take up the Bengaluru megacity as the study area. Govind and Ramesh (2019) studied LU/LC and LST interactions for Bengaluru city; however, they did not emphasize the correlation among LST vs land cover and multiple land cover roles in LST intensification along with the urban core rural/suburban areas, and they missed to draw how agriculture, in particular, has played in LST intensification. Siddiqui et al. (2021) have carried out an interrelationship among LST vs normalized difference vegetation index (NDVI), LST vs normalized difference built-up index (NDBI), and LST vs FIS to find how these indicators were influencing in warming or cooling of the Bengaluru megacity. However, this study did not focus on where and what magnitude of the land indices/fraction of different land cover were responsible for LST intensification or cooling, and this study also lacks long-term temporal dimension as only 2019 datasets are considered. For the Bengaluru megacity, limited studies have been carried out, which did not comprehensively consider all the aspects related to LU/LC, LST, and SUCI.

With this in mind, the present research has been carried out to study the dynamics of LU/LC and SUCI phenomena using summer dry season (March–May) spatiotemporal datasets of Landsat at an interval of 15 years from 1989 to 2019 for the Bengaluru megacity. Further, we have proposed a modified approach, namely, impervious surface–bare surface (ISBS) fraction ratio (ISBS–FR) to explore how mean LST (MLST) has been intensified/cooled by impervious land or bare land over the city landscape due to the ongoing urbanization process. This approach has been designed to identify the most urbanized areas and rural/suburban areas to enhance environmental viability and efficient urban planning. Accordingly, the main objectives of the research are (i) to study the spatiotemporal LU/LC dynamics and their impact on SUCI intensification in the Bengaluru megacity; (ii) to delineate the LST magnitude for each LU/LC class in the city’s landscape; (iii) to derive the urban capacity of environmental sustainability through the relationship among LST and LU/LC classes, such as LST vs IS, LST vs vegetation surface (VS), and LST vs BS in the city’s landscape; (iv) to carry out the analysis of urban-rural gradient (URG) in context of a distributional pattern of MLST based on 210 m buffer zones along with FIS, FVS, and FBS from the city center to the city periphery; and (v) to explore ISBS-FR role in MLST intensification along the URG, including their interrelationship to showcase climate of the study area more explicitly.



MATERIALS AND METHODS


Study Area: Bengaluru Megacity

Bengaluru city is located over the Mysore Plateau between 12°09′N and 13°09′N latitude and 80°12′E and 80°19′E longitude, an inland region of southern India (Figure 1). UN (2018) has stated that the population of this city was 3.90 million in 1989, which increased to 11.88 million in 2019, and if the trend goes the same, then it will be 18.06 million in 2035. The study area has a mean elevation of 873.97 m, and it has an undulating variation (696–1,031 m) over the city landscape of this megacity (Figure 1) with a number of lakes and small to medium size water bodies, which have resulted in insalubrious conditions due to its wet and dry climate (Matloob et al., 2021). The daily average minimum and maximum annual temperatures are 19.2 and 29.6°C, respectively. The mean total rainfall is 986.9 mm, and the mean number of rainy days is 58.1, where January and February have the lowest rainy days (IMD, 2010).
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FIGURE 1. Study area, Bengaluru megacity.




Adopted Methodology

The overall adopted methodology has been presented in Figure 2. We have explained the used methods in the following subheadings. First, we carried out LU/LC using a supervised approach where we selected the maximum likelihood classifier (MLC) algorithm to perform the classification based on the Anderson Classification Scheme, and this exercise has been done in ERDAS IMAGINE 2014 software. Later, we performed at-satellite brightness temperature on the Google Earth Engine (GEE) platform using Python codes (see Code S1 and Code S2 mentioned in the Supplementary File). All SUCI estimation and final output maps have been carried out using ArcGIS 10.3 software.
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FIGURE 2. Flowchart of (A) LU/LC classification; (B) LST calculation; (C) median LST calculation for each summer timepoints of selected years (i.e., 1989, 2004, and 2019); and (D) analysis of the study.




Satellite Data Preparation Using Google Earth Engine

For performing the LU/LC and SUCI dynamics, Landsat images were acquired in the summer dry season (March–May) in 1989, 2004, and 2019 (Table 1). GEE is used to estimate the summer median brightness temperatures (at–satellite) using thermal bands and the summer median best pixel for multispectral bands using preprocessed (atmospherically corrected) Landsat datasets. The incorporation of multiples images would create unambiguous output images to determine the patterns of LST in the summertime in the Bengaluru megacity. Based on previous studies (Ravanelli et al., 2018; Ranagalage et al., 2019), a similar technique is adopted to produce a median pixel in different areas that include several phases, as follows.


TABLE 1. Description of the Landsat datasets for the study area.

[image: Table 1]
 
i.First of all, the boundary of the Bengaluru megacity has been imported and defined as an “Asset” in GEE. Subsequently, it has been used as a source of primary geometry in the whole executing process. Then, masking is done to overcome clouds in Landsat imageries.

ii.In GEE, the image collection tool has been used to produce the imagery for Bengaluru megacity for two summertime images of 1989 (Landsat 5), six images of 2004 (Landsat 5), and seven images of 2019 (Landsat 8 OLI/TIRS).

iii.Afterward, based on the median brightness temperatures (at–satellite), pixels have been extracted distinctly for 1989, 2004, and 2019 using the “ee.reducer” method in GEE (Ranagalage et al., 2019). The median value is taken to eliminate deficiency in LST calculation, so we can avoid the error caused due to very lower or higher spike pixels of LST values. The codes generated for this purpose have been attached in Supplementary Data (Google Earth Engine Code) as Code S1 for Landsat 5 (TM) and Code S2 for Landsat 8 (OLI/TIRS) for more details. Extracted median brightness temperatures (at–satellite) are used to calculate LST (°C) as described in section “Mapping of Land Use/Land Cover.” Having said this, we have used this median LST to present a raster LST presentation, and based on it, the MLST of the whole study area as well as each buffer zones area have been calculated in section “Impervious Surface–Bare Surface Fraction Ratio Along the Urban-Rural Gradient.”

iv.Finally, extracted images were projected in the WGS84/UTM 43N projection system.





Mapping of Land Use/Land Cover

To delineate LU/LC dynamics, three different timepoints satellite images of summertime, viz., 11 April 1989 [Landsat 5 (TM)], 13 April 2004 [Landsat 5 (TM)], and 14 April 2019 [Landsat 8 (OLI/TIRS)] of the Bengaluru megacity, were used (Table 1). For the generation of LU/LC maps, supervised classification based on Anderson’s classification scheme (Anderson et al., 1976) has been used where the MLC (Sarif and Gupta, 2021a,b, c) was chosen in ERDAS IMAGINE 2014 (Figure 2). Accordingly, the Bengaluru megacity was classified into five distinct LU/LC classes, namely agriculture land surface (AS) (crop and fallow fields), bare land surface (BS) (bare land, open land, sandy area, and open rocks), impervious land surface (IS) (urban area, rural area, road network, and parking lots), vegetation land surface (VS) (forest–steppe, tropical forests, and mixed forests), and water body surface (WS) (rivers, lakes, ponds, and scattered open water body). For performing the accuracy assessment for this classification, a sampling method called stratified random sampling has been executed. For this purpose, 250 points for all classes were chosen through visual interpretation for each class for all Landsat images (Ziaul and Pal, 2016; Rousta et al., 2018). Further, we partially compared and validated our LU/LC maps of 1989, 2004, and 2019 that had been partially compared and validated with the produced LU/LC maps of 1989, 2005, and 2017 by Govind and Ramesh (2019). Then, we carried out an accuracy assessment, i.e., user accuracy, producer accuracy, overall accuracy, and finally, Kappa coefficients, which have been calculated to find out the accuracy level in the performed classifications (Sexton et al., 2013; Ziaul and Pal, 2016; Sultana and Satyanarayana, 2018). Kappa coefficient is used to look out the level of agreement among the values of user-assigned and the values of predefined assigned and is called a nonparametric test. The accuracy test, viz., user, producer, overall, and Kappa coefficients were estimated for the above said timepoints using Equations 1–4, respectively.

[image: image]

[image: image]

[image: image]

[image: image]

where ψ states corrected classified pixels (CCP) (category), θ(ω) states classified pixels (CP) in that category [row total (RT)]; θ(ϕ) states CP in that category [column total (CT)]; γstates CCP (diagonal); β states classified reference pixels (CRP) in that category; N states total samples; τ states number of rows in error matrix; Xδ states total corrected samples in i-th row; Xς states RT; Xυ states CT.



Retrieval of Land Surface Temperature

For LST calculation, the thermal band raw data [Band 6 in Landsat TM using Equation 5 (Xiong et al., 2012; Pal and Ziaul, 2017), and Band 10 in Landsat 8 OLI/TIRS using Equation 6 (Sultana and Satyanarayana, 2020)] were converted into spectral radiance values:
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where Lφ defines top of atmosphere (TOA) spectral radiance [watts/(m2 × sr × μm)], “gain” defines the multiplicative rescaling factor based on a specific band from the metadata, QCAL defines the values of digital number (DN) of quantized and calibrated pixel of the standard product, and “offset” defines the additive rescaling factor from a specific band from the metadata.
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where QCALmin and QCALmax defines the minimum and maximum DN values of the images, respectively; Lmin and Lmax are the spectral radiance of TIR band at QCALmin and QCALmax, respectively. These rescaling factor values can be found in the metadata of Landsat images.

Then, the temperature value at the sensor (brightness) using Equation 7 was extracted (Avdan and Jovanovska, 2016; Bokaie et al., 2016; Ziaul and Pal, 2016; Rosa et al., 2017a; Estoque et al., 2018; Ranagalage et al., 2018b; Sultana and Satyanarayana, 2018):
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where Tb defines brightness temperature (at sensor) in Kelvin; and K1 and K2 are the thermal conversion constants taken from the metadata (Band 6 for Landsat TM, and Band 10 for Landsat 8).

The extraction of LST (°C) (emissivity corrected images) has been performed using Equation 8 (Weng et al., 2004; Ranagalage et al., 2017; Sultana and Satyanarayana, 2020).
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where λ states emitted radiance wavelength [11.5 μm for Band 6 (Weng et al., 2004) and 10.8 μm for Band 10 (Ranagalage et al., 2018a)]; ρ states h × c/σ (1.438 × 10–2 m K), σ is Boltzmann constant (1.38 × 10–23 J/K), h states Planck’s constant (6.626 × 10–34 J × s), c as the velocity of light (2.998 × 108 m/s), and ε states LSE, which has been estimated using the NDVI (Sobrino et al., 2004). The calculated LST value (Kelvin) was then converted to °C. The LST results, along with other climatic factors obtained in the present study, are compared and validated with NASA’s Prediction of Worldwide Energy Resource (POWER) project datasets available at https://power.larc.nasa.gov/data-access-viewer/, and a satisfactory level of similarity is observed at 12° 58′ 8.4″ latitude and 77° 34′ 37.92″ longitude.

The land surface emissivity (ε) was derived using Equation 9 (Sobrino et al., 2004).
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In the above equation, m = (ε − ε) − (1 − εσ) Fεv and n = εs + (1 − εs) Fεv, where εs is the soil emissivity and εv is the vegetation emissivity. In this study, we have considered the result of Sobrino et al. (2004) and adopted m = 0.004 and n = 0.986. The proportion of vegetation (ρv) was estimated using the NDVI based on Equation 10 (Zhang et al., 2009).
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where ρNIR refers to the surface reflectance values (SRV) of Bands 4 (Landsat 5 TM) and Band 5 [Landsat 8 (OLI/TIRS)] and ρRed refers to the SRV of Bands 3 (Landsat 5 TM) and Band 4 [Landsat 8 (OLI/TIRS)].

ρv has been estimated using Equation 11:
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where NDVI refers to original NDVI values estimated using Equation 10, NDVImin refers to minimum NDVI value, and NDVImax refers to maximum NDVI values from respective images.



Surface Urban Cool Island Intensity Measurement

The LST intensity (LSTI) was calculated based on the URG zone from the city center (please see Figure 1 to find the city center location) (Stewart and Oke, 2009; Estoque and Murayama, 2017; Ranagalage et al., 2018a). Previous studies have shown that the 210 m buffer zone can be used to calculate the MLST and fraction of LU/LC (Estoque and Murayama, 2017; Ranagalage et al., 2018a,2019). One hundred twenty buffer zones were constructed in the analysis as this buffer size is best to extract the fraction values (Estoque et al., 2017; Ranagalage et al., 2017). Previously, URG analysis has been executed to extract the spatiotemporal variations in the environmental variables (Ranagalage et al., 2017, 2018a; Dissanayake et al., 2019b; Priyankara et al., 2019; Simwanda et al., 2019). The MLST of each buffer zone was carried out through zonal statistics, and FIS, FVS, and FBS were calculated in each buffer zone. The FIS, FVS, and FBS were calculated by considering the LU/LC of each buffer zone (Priyankara et al., 2019). The SUCI intensity (SUCII) based on the LU/LC categories (SUCIILU–LC) was calculated using the main LU/LC categories of each year. The main LU/LC categories, viz., AS, BS, IS, VS, and WS, were used to calculate the SUCII. The MLST of each LU/LC was extracted using zonal statistics available in ArcGIS 10.3.1. Hereafter, the MLST difference was calculated based on the MLST of each LU/LC (Estoque and Murayama, 2016, 2017; Ranagalage et al., 2018a,b; Rousta et al., 2018; Priyankara et al., 2019). The magnitude of SUCII based on URG (SUCIIU–R) was calculated based on Δ LST, Δ FIS, Δ FVS, and Δ FBS (Estoque and Murayama, 2017). The Δ LST, Δ FIS, Δ FVS, and Δ FBS of the Urban-Rural Zone (URZ1) were derived by subtracting URZs (URZ1 − URZ2… 120). The urban zone (UZ) was demarcated as the highest FIS, and the rural zone (RZ) was demarcated as the area with <10% of FIS from that of the city center (Estoque and Murayama, 2017; Ranagalage et al., 2018a). The magnitude of the LSTIU–R was calculated based on the Δ MLST, Δ FIS, Δ FVS, and Δ FBS following the methodology proposed by Estoque and Murayama (2017).



Impervious Surface–Bare Surface Fraction Ratio Along the Urban-Rural Gradient

Ranagalage et al. (2018a) have introduced the green space – impervious surface fraction ratio and its intensity. We have proposed the ISBS–FR, and it was calculated by URZs using Equation 12 based on their procedure (Ranagalage et al., 2018a).
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where, “FISz” (calculated using Equation 13) states IS fraction, and “FBSz” (calculated using Equation 14) states BS fraction in URZs (zones 1 to 120).
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where “ISz” states the area of IS, “TAz” states the total area, and “BSz” states the area of BS in URZs (zones 1–120).




RESULTS


Report on Accuracy Assessment

From the result of the accuracy assessment, user accuracy and producer accuracy were found to be more than 85 and 80%, respectively, while overall accuracy was found to be more than 85% in all-time points, i.e., 1989, 2004, and 2019. Kappa coefficient was found to be 0.836 in 1989, 0.847 in 2004, and 0.867 in 2019 (Table 2). This indicates the high reliability of various LU/LC maps generated in the present study.


TABLE 2. Accuracy assessment report for LU/LC classification (1989–2019) for Bengaluru megacity.
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Land Use/Land Cover Change

The spatial distribution map of LU/LC is represented in Figure 3. Its area coverage is presented in Table 3 and its change coverage is in Table 4. IS has increased the most among all LU/LC classes from 1989 to 2019 by 344.4 km2 (20.99%), as it was 64.1 km2 (3.9%) in 1989, which increased to 150 km2 (9.1%) in 2004, and further increased to 408.5 km2 (24.9%) in 2019. VS has also increased from 1989 to 2019 by 11.9 km2 (0.8%), as in 1989, it was 95.9 km2 (5.8%) which increased, in 2004, to 145.2 km2 (8.9%), but it decreased in 2019 to 107.9 km2 (6.6%) although this was higher than in 1989. BS has continuously decreased the most among all LU/LC from 1989 to 2019 by 209.8 km2 (14%). BS was 1,213.5 km2 (74%), 1,088.0 km2 (66.3%), and 1,003.7 km2 (61.2%) in 1989, 2004, and 2019, respectively. AS has also decreased from 1989 to 2019 by 138.2 km2 (9.2%), and in 1989, it was 246.2 km2 (15%), which decreased in 2004 into 239.2 km2 (14.6%), and it further decreased in 2019 into 108.0 km2 (6.6%). WS has shown a decreasing trend from 1989 to 2019 by 8.3 km2 (0.6%) from 21.1 km2 (1.3%) in 1989 to 12.8 km2 (0.8%) in 2019.
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FIGURE 3. Land use/land cover maps and LST maps for depicting the spatial distribution of SUCI in Bengaluru megacity: (A) LU/LC in 1989; (B) LU/LC map in 2004; (C) LU/LC map in 2019; (D) median LST (°C) of summer timepoints in 1989; (E) median LST (°C) of summer timepoints in 2004; and (F) median LST (°C) of summer timepoints in 2019.



TABLE 3. Details of LU/LC change in Bengaluru megacity in 1989, 2004, and 2019.

[image: Table 3]
 
TABLE 4. Land use/land cover change 1989–2004, 2004–2019, and 1989–2019.
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Land Surface Temperature Distribution in Bengaluru Megacity and the Creation of Surface Urban Cool Island

The map of the spatial distribution of SUCI is represented in Figure 3, where the summer season of three different years, i.e., 1989, 2004, and 2019, was selected to portray the spatiotemporal distribution of LST. In each year, more than one-time point based on available data was selected to better represent the LST distribution of the summer season, so we have calculated the median of LST of each summertime chosen point for each selected year, i.e., 1989, 2004, and 2019 (mentioned in section “Adopted Methodology”). We have further estimated the mean of each median LST for each selected summer season timepoint, and the result shows an increasing pattern of 32.52, 36.47, and 38.22°C in 1989, 2004, and 2019, respectively.

The MLST was lowest in the central part of the city whereas MLST was the highest in the outer/periphery of the city. The trend of MLST distribution is increasing from the city center toward the city periphery (Figure 3). The difference in MLST was nearly 5–8°C between the city center and the city’s periphery. This distribution pattern was called SUCI and observed in all three selected summertime points at 15 years of interval. This distribution pattern of MLST has been observed due to the presence of VS (patches of the forest, parks, grassland, etc.) and WS (small-large size of ponds/lakes) in considerable amount in the central part of the city while the presence of IS (built-up or, concrete type), AS (fallow and/or abandoned type), and BS (bare and/or sandy type) is observed in a remarkable amount in the periphery of the city.

During the summer in 1989 (Figure 2), the central part of the city, such as Chickpet, Malleshwaram, and Sulthangunta, experienced MLST of 23–30°C, while suburban/rural/city’s periphery areas such as Makali (in the north–west), Seegehalli (in the west), Bannerughatta, and Bommasandra (in the south) have experienced MLST of 30–35°C. Thus, it showed a higher mean in suburban/rural areas than in the city center, with a difference in urban–rural MLST of 7–12°C (Figure 3). Later, in the summer of 2004, the same central part of the city experienced MLST of 25–32°C whereas the same suburban/rural/city’s periphery area experienced MLST of 33–37°C, hence, so forth, the observed difference of MLST between urban and rural area was 8–12°C. Finally, during the summer of 2019, the same central part of the city experienced MLST of 28–34°C, whereas the same suburban/rural/city’s periphery area experienced MLST of 34–40°C, leading to a 6–12°C MLST difference between urban and rural area.



Magnitude and Trend of Surface Urban Cool Island Intensity


Land Surface TemperatureLU/LC Based on the Cross–Cover Comparison

Table 5A shows the MLST of the LU/LC categories in three selected time points, i.e., 1989, 2004, and 2019. The MLST of each LU/LC category showed an increasing pattern from 1989 to 2019. However, the lowest increasing patterns are shown in the IS category as 4.5°C, while the highest recorded in AS is 5.5°C. Table 5B shows the magnitude of MLST in the main LU/LC categories from 1989 to 2019. It is observed that the magnitude of MLST between IS and VS shows a decreasing pattern of 2.7 to 2.3°C while showing an increasing pattern among IS and BS from 0.9 to 1.5°C from 1989 to 2019. A similar pattern is observed between IS and AS. It shows an increasing pattern of the magnitude of MLST as 2°C in 1989 and 3°C in 2019. The highest MLST difference can be seen among VS and AS each year.


TABLE 5. Mean LST of LU/LC and their magnitude and trend of SUCIIIS–GS (°C).
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Surface Urban Cool Island IntensityU–R Along the Urban-Rural Gradient and the Relationship Between Land Surface Temperature and Fraction of Impervious Surface/Fraction of Vegetation Surface/Fraction of Bare Surface

The SUCII has shown the interrelationship among MLST and FIS, FVS, and FBS over URG in three different timepoints, i.e., 1989, 2004, and 2019 (Figure 4A). The urban–rural space has been differentiated using a FIS (with <10% of fraction IS as threshold value). In the summer timepoints of 1989, from the city center grid to 29 zones (∼6.09 km), it was observed that the average MLST was 30°C while FVS was 6.5%, FIS was 34.9%, and FBS was 57.1%. After 29 zones, the average MLST observed was 31.1°C till 120 zones (∼25.2 km), while FVS, FIS, and FBS were 6.2, 1.4, and 76.3%, respectively. Thus, it is evident that, after 6.09 km from the city center, the MLST has increased by 1.1°C over the suburban/rural area till 25.2 km, whereas the FVS has declined by 0.4%, but FBS has inclined by 19.3% (Figure 4B). In the summer timepoints of 2004, the city center formed a grid at 46 zones (∼9.66 km), and it was observed that the MLST was 32.1°C while FVS was 16.8%, FIS was 38.4%, and FBS was 40.7%. Whereas after 46 zones, the MLST observed was 34.8°C till 120 grids (∼25.2 km) while FVS was 8.2%, FIS was 1.6%, and FBS was 72.5%. Thus, it is evident that after 9.66 km from the city center, the MLST has increased by 2.7°C over the suburban/rural area till 25.2 km, whereas the FVS has drastically declined by 8.6%, but FBS has inclined by 31.8% (Figure 4C). In the summer timepoints of 2019, the city center formed a grid at 74 zones (∼15.54 km), and it has been observed that the average MLST was 34.1°C while FVS was 9.8%, FIS was 43.5%, and FBS was 43.3%. After 74 zones, the average MLST observed was 35.9°C to 120 zones (∼25.2 km), while FVS was 8.2%, FIS was 4.6%, and FBS was 78.2%. It is evident that after 15.54 km from the city center, the MLST has increased by 1.8°C over the suburban/rural area till 25.2 km, whereas the FVS has drastically declined by 1.6%, but FBS has inclined significantly by 34.9% (Figure 4D).
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FIGURE 4. (A) Spatial pattern of MLST, FIS, FVS, and FBS along the URG for 1989, 2004, and 2019; (B) scatter plots between MLST and FIS, (C) scatter plots between MLST and FVS, and (D) scatter plots between MLST and FBS.


The relationship among MLST and FIS has been found negative with a statistical significance of p < 0.001 in all-timepoints of 1989 (R2 = 0.40), 2004 (R2 = 0.72), and 2019 (R2 = 0.60) (Figure 4B). The same findings were also observed in Bengaluru megacity by Siddiqui et al. (2021), where the correlation coefficient among MLST and FIS was negative in both selected timepoints of January 2019 (R2 = 0.85) and April 2019 (R2 = 0.94). The relationship among MLST and FVS has also been found negative with statistical significance of p < 0.001 in all-timepoints of 1989 (R2 = 0.20), 2004 (R2 = 0.63), and 2019 (R2 = 0.46) (Figure 4C), but the relationship among MLST and FBS has been found positive with statistical significance of p < 0.001 in all-timepoints of 1989 (R2 = 0.16), 2004 (R2 = 0.85), and 2019 (R2 = 0.79) (Figure 4D). This pattern of lower concentration of MLST in the central part of the city than in suburban/rural areas is because of the higher presence of vegetation and water bodies in the central part of the city than in the suburban/rural area. This trend led to the constitution of the SUCI phenomena in the study area.

Figure 5A shows the magnitude of Δ MLST, Δ FIS, Δ FVS, and Δ FBS along URZ. As stated earlier, the zone of urban–rural space from the city center to the city periphery has been identified by considering <10% of fraction IS as the threshold value. Based on this, the rural zone as URZ29 (after the city center of 6.09 km) in 1989 moved away to URZ46 (after the city center of 9.66 km) in 2004, and it again moved away to URZ74 (after the city center of 15.54 km) in 2019. The magnitude of SUCIIU–R was carried out based on the demarcated space of URZs. As per the demarcated space, the temperature difference was 1.92°C in 1989, 4.61°C in 2004, and 2.66°C in 2019.
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FIGURE 5. Magnitude of the trend of SUCIIU–R (°C), FIS, FVS, and FBS along the URZ and their relationship; (A) the difference of MLST, FIS, FVS, and FBS of URZ1 along the MLST, FIS, FVS, and FBS of URZ2–120 extractions for the trend of SUCIIU–R (°C) depiction; (B) relationship of the magnitude of MLST and FVS; (C) relationship of the magnitude of MLST and FBS; and (D) relationship of the magnitude of MLST and FVS.


Figure 5B shows the relationship among the magnitude of Δ MLST vs Δ FIS along URZs (zones 1–120) where the city center (zone 1) has been compared with the rest of the other zones. In all–time points, i.e., 1989, 2004, and 2019, a negative trend has been observed with R2 values of 0.41, 0.76, and 0.62, respectively, portraying that the city center (up to zone 29 for 1989, zone 46 for 2004, and zone 74 for 2019) has higher growth of built-up land as compared to the rest of the zones.

Figure 5C shows the relationship among the magnitude of Δ MLST vs Δ FVS along URZs (zones 1–120) where the city center (zone 1) has been compared with the rest of the other zones. The relationship has observed a negative trend with R2 values of 0.16, 0.62, and 0.45 in all the three-time points of 1989, 2004, and 2019, respectively. This reflects that the city center has higher growth of FIS in all-time points compared to the rest of the zones in comparing the time point of 1989 (zone 1) to other time points of 2004 and 2019 in suburban/rural areas (zone 120).

Figure 5D shows the relationship among the magnitude of Δ MLST vs Δ FBS along URZ (UR) where the city center (zone 1) has been compared with the rest of the other zones. In all-time points, i.e., 1989, 2004, and 2019, the relationship has been found positive with R2 values of 0.17, 0.86, and 0.80, respectively, which portray that the city center (zone 1) has lower growth of bare land compared to rest of the zones to suburban/rural area (zone 120) in all-time points.




Impervious Surface–Bare Surface Fraction Ratio Along the Urban-Rural Gradient With Mean Land Surface Temperature

In this section, the ratio of ISBS fraction along with MLST is analyzed (Figure 6A). The ratio of ISBS fraction has expanded after 1989 from the city center towards its periphery along with MLST. In 1989, the ISBS–FR was highly concentrated in the range of center zone to 25 zones with an ISBS–FR of 0.25–1.6, and the MLST was 28.5–30.5°C. However, the ISBS–FR dropped sharply after 25 zones, and the ratio was found in the range of 0–0.05 to 120 zones, whereas the MLST pattern hiked after 25 zones up to 31.5°C and fell at 110 zones with 30°C. In 2004, both the ISBS–FR and MLST expanded in comparison to 1989 as the ISBS–FR was highly concentrated in the range of center zone to 35 zones with an ISBS–FR of 0.35–2.6, and the MLST was 30.5–32°C but the ISBS–FR dropped (sharply fallen after 35 girds and ratio found in the range of 0–0.05 till 120 zones), whereas the MLST pattern hiked after 35 zones (up to 35.5°C and fallen at 110 zones with 34°C). In 2019, again, both the ISBS–FR and MLST had expanded in comparison to 2004 as the ISBS–FR was highly concentrated in the range of center grid to 50 zones with an ISBS–FR of approximately 0.4–2.5, and the MLST was approximately 31.5–34.5°C. Further, the ISBS–FR dropped sharply fallen after 55 zones, and the ratio was in the range of 0.05–0.6 till 120 zones, whereas the MLST pattern hiked after 55 zones (up to 36.5°C and fell at 118 zones with 35°C).
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FIGURE 6. (A) Spatial pattern of the MLST, ISBS–FR along the URG; and (B) scatter plots between MLST and the ISBS–FS.


It also deals with the interrelationship among the ISBS–FR and means of LST (Figure 6B). Negative relationship is observed in all three time points, i.e., 1989 (R2 = 0.33), 2004 (R2 = 0.68), and 2019 (R2 = 0.67). The ISBS–FR increased in the city center and decreased in the city periphery, whereas MLST decreased in the city center and increased in the city periphery. Therefore, due to the increasing ISBS–FR pattern, there is a decreasing pattern in MLST in the city center and vice versa on the city periphery, leading to UCI phenomena in the Bengaluru megacity.




DISCUSSION


Urbanization: A Process of Transformation of Land and Intensification of Land Surface Temperature

Urbanization is the source of economic and social prosperity for its people, but it has severe environmental consequences (Estoque and Murayama, 2014, 2016). The Bengaluru megacity has undergone high development of impervious land, especially from 1989 to 2019, by 344.4 km2 (20.99%) (Tables 2, 3). There are numerous urban patches in the central part of the city that have increased in all the periods, i.e., 1989–2004, 2004–2019, and 1989–2019 (Figure 3 and Table 4). Due to the process of urbanization, rapid depletion has been seen in the WS and AS at a very remarkable rate. Although VS increased by 49.3 km2 from 1989 to 2004, mostly in the central part of the city, it decreased by 37.4 km2 in 2004–2019. Most of the impervious development has occurred in the north, north-west, east, south, and south-west at a rapid rate. The same pattern was observed by Govind and Ramesh (2019). This process of expansion in IS led to the intensification of LST in all the three-time points. In all periods, IS has experienced higher LST than VS and WS remarkably (Table 5). This pattern has also been observed in previous studies of other researchers (Estoque et al., 2017; Ranagalage et al., 2018a; Rousta et al., 2018). The central part of the city has witnessed lower MLST distribution than the periphery of the city due to (a) the city’s climate being of the semi–arid type (Govind and Ramesh, 2019), (b) more than 50% of the area of AS being in an open condition, which means that the agricultural field is abandoned at that particular time due to seasonal cropping activity exhibiting higher albedo, (c) the outer space of the city being mainly covered with bare soil, and bare rocks of the city being located on Mysore Plateau, and (d) the city having numerous lakes and water bodies with scattered distributed vegetation patches of small–large scales in the central part.



Urban Cool Island Phenomena and Implications for Urban Sustainability Planning

The rapid urbanization from the city center toward the city’s periphery of the Bengaluru megacity has great effects on the increasing pattern of SUCI magnitude. The lower MLST concentration has been observed in VS and WS as compared to IS, BS, and AS at a great scale by 2.7–8.3°C in 1989, 1.7–8.5°C in 2004, and 2.3–9°C in 2019 (Table 5). This indicates that vegetation and water have a very prominent role in reducing the LST distribution on the landscape of the Bengaluru megacity. A similar pattern of LST over LU/LC classes has been observed in the Eliya, Nuwara, and Kandy cities of Sri Lanka (Ranagalage et al., 2018a,2019; Dissanayake et al., 2019c), Tehran city of Iran (Rousta et al., 2018), and Baguio City in the Philippines (Estoque and Murayama, 2017; Figure 7). It has been observed that from the city center to the periphery of the city, the trend of LST has been enlarged, reflecting that the core city has experienced lower LST than the city periphery in all three–time points of 1989, 2004, and 2019. The results indicate that the pattern of UCI has been the same at each time interval, but the LST has expanded greatly from its previous time point (Figure 6).
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FIGURE 7. Comparison of overall LST mean and difference of LST mean among IS and VS between Bengaluru and other global cities (including other Indian cities) (Liu and Weng, 2008; Kong et al., 2014; Estoque et al., 2017; Estoque and Murayama, 2017; Ranagalage et al., 2018a,b; Rousta et al., 2018; Priyankara et al., 2019; Simwanda et al., 2019; Sultana and Satyanarayana, 2020).


Therefore, it is a significant matter of concern to address the enlargement of the SUCI phenomena due to the expansion of impervious land at a large scale in all-time points of 1989, 2004, and 2019. This has happened due to the explosive demands of the population for their needs for residential, commercial, industrial, and road networks. As the UN has said that this megacity population was 3.90 million in 1989, which drastically increased to 11.88 million, and if the trend remains the same, then the population of this megacity will be 18.07 million in 2035 (Figure 8). These population trends indicate that this megacity is going to face huge pressure on its natural resources shortly. This altogether will lead to a critical situation in the local environment of the city, thereby gradually degrading the standard of living life. Therefore, it is essential to mitigate its effects as early as possible before the time is over for the corrective measures. Some of the possible strategies that could be adopted include the use of tree plantation, green and cool roof creation, light material and light color paints, water body creation at small to big sizes, evaporative and water retentive pavements, and water–retaining pavements (Mohajerani et al., 2017; Rosa et al., 2017b). As per the IPCC (2019) report, it is said that small to large-scale landscape monitoring needs to be incorporated into planning and policymaking to reduce the severe effects of climate change on humans, including animals, flora, and fauna). Hence, it is essential to adopt strategies to mitigate and reduce the enlargement of SUCI effects. It is also very much required to monitor the spatial development of the city to prevent the creation of a highly critical situation in the context of resource conservation and environmental sustainability.
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FIGURE 8. Population of Bengaluru megacity.





CONCLUSION

The present study has been executed in the GEE platform, which enabled us to carry out our result of LST for Bengaluru, one of the largest megacities of India and even in Southeast Asia. The results of LST have been represented at multiple time points during the summer season (March–May) in selected years (i.e., 1989, 2004, and 2019), which enhanced the trend of the spatial distribution of LST. This study depicts the Bengaluru megacity and its neighboring areas, which were much swayed by the formation of SUCI from 1989 to 2019. Based on the zones of URG analysis, we have focused on differentiating the urban and rural areas based on FIS that is extracted from LU/LC dynamics. It has been found that the magnitude of Δ MLST was 2.05°C in 1989, which increased to 4.65°C in 2004, and later, it became 3.20°C in 2019, which was more as compared to 1989 but was less as compared to 2004. This was the trend that has been focused on understanding the LST fluctuation. This witnessing trend of SUCII has been dramatically affected by the impervious development of the Bengaluru megacity. The result of cross cover comparison depicts Δ MLST of IS was higher than Δ MLST of WS and Δ MLST of VS at all-time points in 1989, 2004, and 2019. This indicates that IS has a more significant role in the intensification of LST than WS and VS, or in other words, it also indicates that WS and VS have a very prominent role in reducing the LST intensity than IS as well as other LU/LC classes.

The pattern of urbanization has enlarged and shifted URZ25 (5.25 km) to URZ55 (11.55 km) with FIS (%) 9.3 to 28.6 from 1989 to 2019, respectively. In addition, the results have also found that the FVS (%) increased from 6.3 to 9.2 from 1989 to 2019, although it was higher in 2004 with 11.5 but decreased in 2019. The ISBS–FR can be used as an indicator for the delineation of the formation of SUCI in the city. Urban planners and policymakers should pay attention to the utilization of ISBS–FR for reducing the adverse effects of SUCI. The expansion of vegetation space and water bodies in small to big sizes is one of the best ways to minimize the thermal status of the environment of the Bengaluru megacity. The result can help in the identification of spatial SUCI formation in the city. This study recommends that the spreading vegetation space and maximizing water bodies of different sizes have an immediate effect on maintaining the thermal standard of living life in the Bengaluru megacity. Otherwise, the impervious development takes its own course to intensify the SUCI effects, which could be more dangerous for the environmental sustainability of the city. The findings of the present research can be considered as an indicator of landscape planning or urban planning for the Bengaluru megacity of India.

However, the present study faced limitations due to the use of freely available RS datasets, and therefore, the authors recommend the use of fine spatial resolution data (preferably 1 m) and high temporal resolution data (preferably daily or alternative day) for delineation of the landscape information, e.g., LU/LC classification and LST computation, with explicit clarity for sustainable development of the Bengaluru megacity.
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Retrieval of Land Surface Temperature

For LST calculation, the thermal band raw data
[Band 6 in Landsat TM using Equation 5 (% 2),
and Band 10 in Landsat 8 OLI/TIRS using Equation
6 (?)] were converted into spectral radiance values:

Ly = “gain” x QCAL + “offset” ©6)
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Satellite (sensor)

Landsat 5 (TM)

Landsat 5 (TM)

Landsat 8 (OLI/TIRS)

SRTM

Scene ID

LTO5_L1TP_144051_19890411_20170204_01_T1
LTO5_L1TP_144051_19890529_20170203_01_T1
LTO5_L1TP_144051_20040303_20161202_01_T1
LTO5_L1TP_143051_20040312_20161202_01_T1
LTO5_L1TP_144051_20040319_20161202_01_T1
LTO5_L1TP_143051_20040413_20161202_01_T1
LTO5_L1TP_143051_20040515_20161201_01_T1
LTO5_L1TP_144051_20040522_20161201_01_T1
LCO8_L1TP_144051_20190313_20190325_01_T1
LCO8_L1TP_144051_20190329_20190404_01_T1
LCO8_L1TP_144051_20190414_20190422_01_T1
LCO8_L1TP_143051_20190423_20190507_01_T1
LCO8_L1TP_144051_20190430_20190508_01_T1
LCO8_L1TP_144051_20190516_20190521_01_T1
LCO8_L1TP_143051_201905625_20190605_01_T1
SRTM1N12EQ77V3
SRTM1N13EQ77V3

Acquisition date

11-04-1989
29-05-1989
03-03-2004
12-03-2004
19-03-2004
13-04-2004
15-05-2004
22-05-2004
13-03-2019
29-03-2019
14-04-2019
23-04-2019
30-04-2019
16-05-2019
25-05-2019
23-09-2014

Time (GMT)

04:40:00
04:39:12
04:49:52
04:43:45
04:49:58
04:44:19
04:45:14
04:51:36
05:10:28
05:10:25
05:10:20
05:04:05
05:10:17
05:10:17
05:04:21

Spatial resolution (m)

30

30

30
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LU/LC class Year

1989 2004 2019

User accuracy AS 85.6 85.2 86.4
BS 86.0 87.2 88.0

IS 85.2 87.6 88.8

S 86.4 86.8 88.4

WS 91.2 92.0 94.0

Producer accuracy AS 81.6 84.2 86.7
BS 84.6 82.3 83.7

IS 85.9 84.9 91.3

VS 85.7 90.8 86.2

WS 97.4 98.7 99.2

Overall accuracy 86.9 87.8 89.1
Kappa coefficient 0.836 0.847 0.867
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LU/LC class

Area in 1989

Area in 2004 Area in 2019

Km? % Km? % Km? %

AS 246.2 15.0 239.2 14.6 108.0 6.6

BS 1,213.5 74.0 1,088.0 66.3 1,008.7 61.2

IS 64.1 3.9 150.0 9.1 408.5 24.9

VS 959 58 145.2 8.9 107.9 6.6

WS 214 1.8 18.4 1.1 12.8 0.8
Total 1,640.8 100.0 1,640.8 100.0 1,640.8

100.0
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LU/LC class 1989-2004 2004-2019 1989-2019

LU/LC LU/LC Annual LU/LC LU/LC Annual LU/LC LU/LC Annual

changes changes growth changes changes growth changes changes growth

(km?) (%) (km?/year) (km?) (%) (km?2/year) (km?) (%) (km?/year)
AS —7.0 —-0.4 -0.5 —-131.2 —-8.0 —-8.7 —-138.2 —8.4 -9.2
BS —125.6 7.7 —8.4 —84.3 —5.1 —5.6 —209.8 —-12.8 —-14.0
IS 85.8 52 5.7 2585 15.8 17.2 344.4 21.0 23.0
'S 49.3 3.0 3.3 —-37.4 —-2.3 —-2.5 1.9 0.7 0.8
WS —-2.6 -0.2 -0.2 —5.7 -0.3 —-0.4 —-8.3 -0.5 -0.6
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Process of LU/LC Classification B Process of Land Surface Temperature (LST) Calculation c LST Images converted into grouped of Summer Median LST images of 1989, 2004, and 2019
Landsat Images Landsat Images Conversion into LST in Celsius (°C) Time Point One: 1989-04-11, Med_ian LST of Summer
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Time Point Three: 2004-03-03
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(A) MLST of LU/LC (°C)

LU/LC 1989 2004 2019 Change
(2019-1989)

AS 32.5 36.5 38.0 5:5

BS 31.3 34.9 36.5 5.1

IS 30.4 32.2 34.9 45

VS 27.7 30.6 32.7 5.0

WS 24.2 28.0 29.0 4.9

(B) Magnitude and trend of LST (°C)

LU/LC (cross—cover LST Lu/Lc (A MLST) Average

comparison) (2019-1989)

1989 2004 2019

IS-VS 2.7 1.7 2.3 2.2

IS-BS -0.9 —2.7 —-1.5 1.7

IS-AS -2.0 —4.2 -3.0 —3.1

VS-BS -36 —-43 -3.8 -3.9

VS-AS -4.8 -59 -5.3 -5.3

BS-AS —.4 —-1.6 —4.5 —1.4
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