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ABSTRACT 

Urbanization is one of the most significant phenomena of the anthropogenic 

influence on the Earth’s environment. One of the principal results of the 

urbanization is the creation of megacities, with their local climate and high impact 

on the surrounding area. The design and evolution of an urban area leads to higher 

absorption of solar radiation and heat storage in which is the foundation of the 

urban heat island phenomenon. Remote sensing data is a valuable source of 

information for urban climatology studies. The main objective of this thesis 

research is to examine the relationship between land use and land cover types and 

corresponding land surface temperature, as well as the urban heat island effect 

and changes in these factors over a 10 year period. 10 megacities around the world 

where included in this study namely Beijing (China), Delhi (India), Dhaka 

(Bangladesh), Los Angeles (USA), London (UK), Mexico City (Mexico), Moscow 

(Russia), New York City (USA), Sao Paulo (Brazil) and Tokyo (Japan).  

Landsat satellite data were used to extract land use/land cover information 

and their changes for the abovementioned cities. Land surface temperature was 

retrieved from Landsat thermal images. The relationship between land surface 

temperature and landuse/land-cover classes, as well as the normalized vegetation 

index (NDVI) was analyzed. 

The results indicate that land surface temperature can be related to land 

use/land cover classes in most cases. Vegetated and undisturbed natural areas 

enjoy lower surface temperature, than developed urban areas with little 

vegetation. However, the cities show different trends, both in terms of the size 

and spatial distribution of urban heat island. Also, megacities from developed 

countries tend to grow at a slower pace and thus face less urban heat island 

effects than megacities in developing countries.  
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1. Introduction 

During the last century, there has been a steady trend towards population 

resettlement to cities. The bigger the city was the more attractive it was for 

moving into. In 2007, the number of people living in urban areas exceeded the 

number of people living in rural areas. This trend describes not only the 

urbanization itself, but also one of its principal effects – the formation of 

megacities. Megacities are usually defined as high concentrations of people, values 

and infrastructure. Around 9% of the world’s population, around 280 million 

people, currently live in megacities. In the early 1900s, London was the world’s 

largest city and the only megacity, with more than six million inhabitants. 50 years 

later, New York overtook the first place with 12 million inhabitants. Today it is 

Tokyo, which has a population of 35 million (United Nations, 2012). 

It is not just the urbanization trend that draws people’s attention. It is the 

fact that urban areas with high population density are less sustainable and more 

vulnerable than rural areas when facing natural or anthropogenic disaster. Global 

warming and climate change are serious problems today. Megacities with their 

urban climate, dense population and rapid urban growth can cause problems such 

as environmental degradation (Wenzel, 2007). 

There are significant differences in climate in urban areas compared to rural 

areas (Xian, 2006). Artificial materials (mainly concrete and asphalt) commonly 

used in urban areas are the main cause of these differences. This often leads to 

higher temperatures, which not only affects the urban environment itself, but also 

has a significant impact at the local and even global scale. Urban heat island also 

refer to the phenomenon of urban climate (Roth, 1989, Weng et al. 2004, Voogt 

2003). The impact of urban heat island is not just in higher temperatures as it can 

also change precipitation rates, additional showers and thunderstorms may occur 

as well as fogs and clouds. Moreover, UHI has an immense impact on health and 

the well-being of the city’s citizens (Wenzel, 2007). 

Urban climatology studies mostly include multi-temporal monitoring of the 

occurring transformations and thus are in need of accurate spatial information 

(Voogt et al. 2004, Weng, 2009). Remote sensing possesses the ability to obtain up-
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to date and cost-effective data over large areas. Moreover, it allows for the 

extraction of crucial information using numerous methodologies, including image 

classification, statistical analysis, change detection and others. The multi-spectral 

and multi-temporal capabilities of different remote sensing systems and the ability 

to integrate remote sensing data with geographic information systems make it an 

essential source of information and a powerful methodology for urban climatology 

studies (Quattrochi and Luvall, 1999; Weng et al., 2004, Weng 2009). 

Since the launch of the military-focused Corona satellite observation 

program in 1959, the remote sensing industry has seen many changes. This industry 

was previously known only for advanced applications among professionals, but 

what we see today is remote sensing turning up everywhere (i.e. Google Earth and 

media) and becoming a commercial industry with satellites operated by private 

companies (Lurie, 2011, BCC Research, 2009). However, even in the early days of 

remote sensing, multispectral imagery (especially acquired by Landsat program) 

showed its usefulness in various applications in land management, agriculture, 

forestry and others.  

The aim of this project is to analyze the relationship between land use and 

land cover types and corresponding surface temperatures in 10 of the world’s 

megacities. Multitemporal data provide an opportunity to assess any existing 

trend. Study area includes the following megacities: Beijing (China), Delhi (India), 

Dhaka (Bangladesh), Los Angeles (USA), London (UK), Mexico City (Mexico), Moscow 

(Russia), New York City (USA), Sao Paulo (Brazil) and Tokyo (Japan). Chapter 2 

contains a review of research and other related studies conducted recently. 

Chapter 3 provides information about the chosen cities, their geographical 

position, historical highlights and current economic environmental conditions. 

Chapter 4 contains a description of the methodology utilized to carry out this 

project. Chapter 5 shows the obtained results and provides an analysis and a 

discussion of these results. Chapter 6 and 7 focus on discussion, limitations and 

possible future research. 
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2. Overview of megacities, land use / land cover change, 

land surface temperature and related studies. 

 

2.1 Urbanization and megacities. 

The simplest definition of urbanization is that urbanization is the process of 

becoming urban (McComb, 2012). However, more colloquially urbanization is 

defined as “the physical growth of urban areas as a result of rural migration and 

even suburban concentration into cities, particularly the very largest ones.”  

Urbanization is one of the leading trends in the modern history. In 2007, the 

urban population has exceeded the rural population and the differences has 

continued to expand since then (Weng, 2009), (Griffiths, et al. 2010). Nowadays 

more than 50% of the world’s population live in cities. More than 20% of them live 

in megacities. This trend continues to grow in the developing countries, while, in 

the developed world, the growth of the cities remain more or less constant (Weng, 

2009), (Zhou, et al. 2011). Caused by striking urban growth, a new classification of 

cities has been introduced – the megacity. A megacity is a densely populated city 

with a population of more than 8 million (Friedemann, et al. 2007). A more current 

definition was published in June 2006 in an editorial article in the New Scientist 

Magazine: “A megacity is a metropolitan area with a total population in excess of 

10 million people.” Megacities are a result of urbanization and are subject to 

extensive ecological, socio-economic and political change. Although urban areas 

occupy only about 3% of the Earth’s surface impacts of urbanization on the 

environment are far reaching on the global level (Griffiths et al. 2010).  

Megacities are of high importance for the countries hosting them from an 

economic point of view as they serve as a driving force for a country’s economy. At 

the same time, such high-densely populated cities with modified climate and 

distinctive environment are extremely vulnerable when faced with natural 

disasters (Friedemann et al. 2007). 
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2.2 Urban climate 

Urban climate is defined by specific climate conditions which differ from 

surrounding rural areas (Eum, et al. 2011). Urban areas, for example, have higher 

temperatures than surrounding rural areas and weaker winds. The amount of 

sunshine received by an urban area depends, not only on cloud cover, but also on 

air pollution, shades provided by buildings and even the orientation of the street 

network. Tall urban structures tend to influence radiation flows (Huang, et al. 

2011). Urban areas have higher solar radiation absorption and a greater thermal 

conductivity and capacity for releasing heat stored during the day at night (Xian, 

et al. 2006). Moreover, urban areas possess such complicated surfaces structures 

and nature, that they influence the appearance of micro-urban climates 

(Carnahan, et al. 1990), (Aniello, et al. 1995), (Voogt, et al. 2003), (Huang, et al. 

2011). Urban development leads to surface modification, land cover change as well 

as at the structure and content of the atmosphere. Altogether, these conversions 

result in appearance of numerous micro and mesoscale climates, warmer than the 

original climate and that of surrounding areas (Roth et al. 1998), (Zhou, et al. 

2011). 

The climatic impact of urbanization on a regional level is mainly described 

by urban heat island (UHI). UHI displays discrepancy in ambient temperature inside 

the city and its surrounding areas (Nonomura, et al. 2008) and displays the result 

of urban areas producing and storing more heat than the surrounding rural areas 

(Aniello, et al. 1995). At the same time, (Roth et al. 1998) mentions that UHIs are 

results of unintentional modification of climate, which can lead to severe 

environmental and social consequences. Although, the actual influence of 

urbanization and UHI is not fully understood, in many cities, surface temperature 

has been growing, and significant difference between rural and urban 

temperatures has been reported (Nonomura, et al. 2008).  

The size of UHI is more closely related to the type and amount of urban 

development than population or the actual size of the city (Roth et al. 1998), 

(Xian, et al. 2006). Which means that recent smaller megacities in developing 

countries might have much higher effect of UHI than bigger and older ones situated 
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in developed countries (Weng, 2009). Fast developing urban surfaces have 

different radiative, thermal, aerodynamic and moisture properties, diverging 

thermal differences than rural areas (Xian, et al. 2006). Urban locations with 

ongoing urbanization trends experience dramatic growth in temperature due to the 

decrease in surface moisture and fractional vegetation cover (Owen, et al. 1996). 

Together with the UHI phenomenon, there exists a contradictory urban 

climate effect called Urban Heat Sink (UHS). UHS describes a picture opposite to 

the existing UHI, with the urban area being cooler than surrounding rural 

territories. Though, this phenomenon is even more time dependent than UHI, it 

can also be influenced by seasonal or morphological factors. For example, 

developed agricultural fields in pre-emergent state of crops growth tend to have 

similar spectral and radiant characteristics as bare soil, which may have 

exceptionally strong impact on overall surface temperature. Major factors of 

abnormal surface temperatures are moisture and density (Carnahan, et al 1990). 

(Huang, et al. 2011) reckon that urban temperatures tend to decrease with 

increasing distance from downtown. Though UHI itself is several degrees warmer 

than the surrounding areas, it also might contain several hot-spots inside with 

higher temperatures. Other researchers mainly connect higher temperatures with 

lack of vegetation and surface origin and a particular land use type (i.e. industrial-

commercial zones with flat roofs and large open pavements), but not the distance 

from downtown (Weng, 2009), (Roth et al. 1998) (Zhou, et al. 2011) mentions, 

that not only can an increase of vegetation potentially decrease UHI, but also an 

increase in water surfaces. However, urban consolidation influences not only the 

magnitude of, but also the spatial distribution of UHIs (Xian, et al. 2006). 

 

2.3 Remote sensing for urban land use/land cover change 

Land use/land cover (LULC) data is essential for many fields of science, 

industry and management. Land cover describes which surface a certain area on 

the Earth has. For example, cotton fields, wetland and concrete highway. While 

land use describes for which human activity the land is used. For example, 
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commercial, industrial and residential land uses (Lillesand, 2007). Human activities 

and natural disasters are the main causes of modern, dramatic changes in land use 

land cover types (Muttitanon et al. 2004), (Owen, et al. 1996). These changes 

affect environment sustainability on a local and regional level (Sun, et al. 2011).  

Global LULC conversions affect global environmental sustainability, which 

makes the analysis of these changes essential for future well-being of the mankind 

(Muttitanon et al. 2004). Some land use changes, which cause immediate 

conversion in land cover and impact air temperature and climate, are 

meteorologically significant (Owen, et al. 1996). 

The main danger to the environment and humankind comes from 

anthropogenic changes rather than from changes forced by nature. The most 

obvious and notable results of anthropogenic activities are such changes in LULC as 

turning vegetated lands and soil to urban impervious surfaces. One of the most 

significant types of LULC change is urbanization itself (Voogt, et al. 2003), (Tan, et 

al. 2009), (Mohan, et al. 2011) (Zhou, et al. 2011). In terms of temperature 

change, conversion from rural to urban land can have similar effect as global 

warming (Xian, et al. 2006). 

Multispectral remote sensing has been applied for environmental analysis 

and land use/land cover studies since the launch of the Landsat Earth observation 

program in 1972. Remote sensing (RS) data can provide fundamental information 

on growth related processes and their influence on the urban environment, as well 

as the spatial distribution of land use/land cover classes (Griffiths, et al. 2010).  

One of the reasons for high demand of RS data for such applications is the 

large area coverage it can offer. It allows the studying of areas which may be hard 

to access, and what is even more import, RS data is always actual and timely 

(Muttitanon et al. 2004). High spectral resolution is also crucial for LULC studies as 

the sensor may capture more varieties of LULC types. Another advantage of 

remote sensing is its large archive of data covering more than 40 years of 

observations by now (Reis, 2008). 
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Of course, there are some limitations since optical remote sensing is 

sensitive to atmospheric conditions and some part of the area of interest might be 

covered with clouds. In addition, the accuracy of satellite imagery is limited by the 

resolution of the sensor. Urban landscapes are complex, featuring spatial and 

spectral heterogeneity, with numerous surfaces of both natural and anthropogenic 

origin, which becomes an obstacle for analysis and classification creating large 

fractions of mixed pixels. 

 

2.4 Remote sensing for urban land surface temperature 

Land surface temperature (LST) is the main factor determining surface 

radiation and energy exchange (Weng, 2009), controlling the distribution of heat 

between the surface and atmosphere (Tan, et al. 2009). Guillevic, (et al. 2012) 

says that: “Land Surface Temperature (LST) is a key variable that helps govern 

radiative, latent and sensible heat fluxes at the interface.” In summary, it governs 

the urban thermal environment (Sun, et al. 2011). Thereby, analysis and 

comprehension of LST dynamics and its relation to changes of anthropogenic origin 

is necessary for the modeling and forecasting of environmental changes (Kerr et al. 

2004, Moran et al., 2009). 

LST serves as an important indicator of chemical, physical and biological 

processes of the ecosystem. LST is influenced by such properties of urban surfaces 

as color, surface roughness, humidity, chemical composition etc (Tan, et al. 2009). 

Land surface temperature regulates lower layers of the atmosphere. Thus, it can 

be called weather variable and a critical factor for the urban environment because 

LST modulates the balance of energy (Kotroni, et al. 2009), 

Land cover composition is one of the main factors influencing LST, 

particularly the percentage of each land cover type occupying the urban area. 

Buildings can have an especially high impact (Zhou, et al. 2011). Sun, (et al. 2011) 

proved that land surface temperature has a positive correlation with urban 

impervious surfaces and negative correlation with forests and vegetated areas. 

Decrease in vegetation influences the balances of heat, leading to an increase of 
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LST, at the same time, precipitation and evapotranspiration has the opposite trend 

(Collatz et al. 2000, Guillevic and Koster, 2002, Guillevic et al., 2002, Meng et al., 

2009, Shukla and Mintz, 1982, W.Zhou, et al., 2011). Not only the density of land 

cover and its spatial distribution matter, but also feature structures. Buildings and 

paved areas of complicated shape tend to increase LST. 

Since the availability of remote sensing data, many studies focusing on LULC 

impacts on LST have utilized satellite imagery (Weng 2001, J.A.Voogt et al., 2003, 

Dousset et al. 2003; Xiao et al. 2007). “Thermal remote sensing of urban surface 

temperatures is a special case of observing land surface temperature which varies 

in response to the surface energy balance” (Voogt et al. 2003). Thermal remote 

sensing has been used for urban studies for a long time, for example, to 

investigate UHI and other spatial patterns of urban surface temperature. Land 

surface temperature, which is a significant parameter of urban climate system, 

can be derived from satellite observations to monitor long-term environmental 

changes (Voogt et al. 2003), (Guillevic, et al. 2012). 

Thermal data is recorded by satellite sensors in thermal infrared spectral 

range. Thermal Infrared (TIR) sensors capture radiance of the top of the 

atmosphere (TOA) (Weng, 2009). However, radiation acquired by the sensor is 

influenced atmospheric constituents and in order to obtain realistic values, this 

original data should be corrected for atmospheric effects and emissivity 

(Stathopoulou, et al. 2007), (Weng, et al. 2003). This radiometrically corrected 

temperature can be used to calculate LST in Kelvin or Celsius degrees (Voogt, et 

al. 2003), (Weng, 2009). 

Historically urban climate observations were carried out utilizing regular 

meteorological networks, through ground measurements. Remote sensing approach 

was not available before the launch of the Landsat 5 satellite in 1982, due to low 

spatial resolution of other TIR sensors available. These observations differ a lot 

from those acquired by remote sensing due to the difference in their nature. 

Previous comparisons have shown that the results of TIR observations are in close 

agreement with direct measurements (Mallick, et al. 2008). 
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Most researchers prefer thermal satellite data, because it has several 

significant advantages. For example, satellite data allows for the acquisition of 

data over large areas, while direct measurements provide point measurements. 

Another important advantage of RS data is its low price and general simplicity of 

acquiring data, while to cover the whole region of interest with direct 

measurements will take lots of time and will be extremely expensive. It is also 

essential, that the data from the sensor cover the region at one time with same 

conditions.  

On the contrary, direct measurements are taken at different times and at 

different conditions, which influences a lot further analysis and interpretation. 

However, direct measurements also have a couple of advantages like the ability to 

take into account the vertical structure of the surface, which is especially 

important for high-density urban areas. Disadvantages of remote sensing are as 

follows: sensitivity to atmospheric conditions, dependence on surface roughness 

and land cover type, lack of information about vertical magnitude of LST. Despite 

these disadvantages, remote sensing remains one of the most reliable sources of 

data for urban climatology studies. 

 

2.5 Relationship between LULC and LST 

The surface temperature of urban area has a close relationship with surface 

structure and texture. Urban anthropogenic areas have the potential to 

accumulate heat which influences air temperature (Bhang, et al. 2009). Pitman, 

(et al. 2011) reckons that a change in LST is related not only to land use/land 

cover type conversion, but also in the existence and increase of greenhouse effect. 

Numerous studies are dealing with relating LST to other factors and indexes. 

Some (Xian, et al. 2006) & (Huang, et al. 2011) suppose that LST is related to 

different types of human activities, but so far, only relations between LST and 

LULC types distribution have been documented and proven. Especially well-

documented is the relation of LST with vegetation cover and NDVI. Others also say 

that LST is sensitive not only to vegetation type, but also to soil moisture and 
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density (Weng, 2009), (Mallick et al. 2008). Having applied remote sensing and GIS 

methods Weng, (2001) examined the urban expansion and its impact on surface 

temperature. He found out, that urban development caused the rise of LST by 

13.01 K. However, Pitman (et al. 2011) concludes that LULC conversion affects LST 

in different directions, by increasing the impact on its extremes. 

Researchers at Purdue University and the universities of Colorado and 

Maryland (Fall et al, 2009) even found out that land cover change towards more 

vegetation contributes to cooler temperatures, while most of land use/land cover 

changes lead to warmer temperatures. One of the interesting findings of this study 

was that the change of land cover type into agriculture class from any other class 

results in lower surface temperature, while the opposite conversion (from 

agriculture) warms up the surface. Moreover, even a shift from forest to 

agriculture does not lead to temperature rise. However, it is concluded that 

general land use/land cover change leads to surface warming, rather than cooling. 

NDVI has long been used as a measure of the urbanization impacts (Weng, 

Lu, 2008). Numerous researches of NDVI-LST relationship recorded a negative 

correlation between them. Weng (et al. 2004) found that LST has positive 

correlation with impervious surface but negative with green vegetation land cover 

class. Other than NDVI, the Normalized Built-Up Index (NDBI) has also been used 

for analysis of LULC-LST relationship. Unlike NDVI, NDBI has a positive linear 

regression with LST, meaning that higher LST values occur in built-up areas, rather 

than non-built-up (Li et al. 2009) 
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3. Study areas and data description 

3.1 Overview of the study areas 

The following megacities were chosen as study areas for this master thesis 

project: Beijing (China), Delhi (India), Dhaka (Bangladesh), Los Angeles (USA), 

London (UK), Mexico City (Mexico), Moscow (Russia), New York City (USA), Sao 

Paulo (Brazil) and Tokyo (Japan). This list contains cities from all continents 

except for Africa and Australia. It has both coastal and inland cities from 

developed and developing countries. Some of them are capitals of the 

corresponding countries others are not. Figure 1 shows the distribution of cities 

across the globe, produced utilizing Google Maps. 

 
Figure 1 Study area: 10 world's megacities 

 

3.1.1 Beijing 

Beijing is the capital of China, and its second largest city. The city is located 

at the northern part of the country and has the following coordinates: 39.45N to 

41.06N, 115.42 to 117.26E. With an area of 16.800 km2, Beijing has a population of 

16.4 million people making it one of the world’s most populated cities, with more 

than 85% of the agglomeration being urban population (World Urbanization 

Prospects, UN 2011). Beijing has a long history as a capital city starting from early 

11th century BC. In modern history, Beijing became the capital of People’s 

Republic of China in 1949.  
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To the south and to the east of the city lays North China Plain. Mountains 

shield the city from the north, northwest and west. Rivers of this area include 

Yongding and Chaobai Rivers. 5 concentric ring roads encircle the city. The climate 

of Beijing is humid continental, due to the monsoon influence, but at the same 

time, it is relatively dry for a monsoon climate in general. Summers, when the 

monsoon exists, are hot (with an average temperature in July 26,2 °C) and humid, 

and winters are dry and cold (with an average temperature in January-3,7 °C). 

Average annual precipitation is around 570 mm, with rains during summer months 

and dry winters.  

Beijing is one of the postindustrial cities in China. The biggest impact in the 

city’s gross domestic product (GDP) makes service sector of its economy. Though, 

Beijing is counted as one of the most developed cities in China, it continues to 

grow and develop quite rapidly. Outside the urban area, agriculture areas are 

mainly based on wheat and maize (Britannica, 2012). 

 

3.1.2 Delhi 

Delhi is the National Capital Territory of Delhi, which also includes the 

Indian capital New Delhi. With a population of more than 23 million and a 

population density of 11,297 persons per km2, it is the second largest city in India 

by population. It is also the 8th world’s populous megacity (World Urbanization 

Prospects, UN 2011). Delhi is one of the fastest growing cities in the world. It is 

expected that by 2015 Delhi will be the third-largest agglomeration in the world. 

Today, more than 52% of Delhi’s citizens live in slums. The history of Delhi as a 

habitat province started in the 6th century BC. For most of the time during its vast 

history, Delhi has served as a capital city for numerous countries and empires. 

Delhi has been the National Capital Territory since 1991. 

Delhi lies in the northern part of India with central coordinates of 28.61°N 

77.23°E. There are two prominent landscape features in Delhi: Yamuna flood 

plains, which provide fertile soils for agriculture and the Delhi ridge encircling the 

city from south to northeast. Delhi is a highly vegetated city, but at the same time 
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one of the world’s ten most polluted cities. Delhi lies in a subtropical climate, 

featuring hot and humid summers from April to October with heavy monsoon 

influence with an average temperature of 30,2 °C and extremes up to 42°C. 

Winter is mild and foggy with an average temperature of 14,2 °C in January and 

extreme low temperature of -0.6 °C. The average annual rainfall is approximately 

714 mm with a peak in July and August.  

Delhi is the biggest commercial center in northern India and one of the 

fastest emerging cities in the region. The most developed of all economy branches 

is the service sector, information technology, telecommunications, hotels, 

banking, media and tourism (Delhi, Britannica 2012). 

 

3.1.3 Dhaka 

Dhaka is the capital city of Bangladesh, located on the banks of Buriganga 

River with a population exceeding 14 million people; (World Urbanization 

Prospects, UN 2011) Dhaka became one of the major megacities in South Asia. It is 

also the world’s 9th city by population and 8th by population density. In 2011, the 

Economist called Dhaka the worst city in the world for living. 

The settlement at the present site of Dhaka has existed since the 7th 

century. Dhaka saw rapid and tremendous growth since it became the capital of 

independent Bangladesh in 1971. The population of Dhaka grows by 4.2% every 

year which makes it one of the fastest growing cities in Asia. It is predicted that 

Dhaka will become home for more than 25 million people by 2025.  

Dhaka is situated in central Bangladesh occupying an area of 360 km2. The 

landscape is flat with heights close to sea level, which makes the area susceptible 

to floods. The climate of Dhaka is tropical, hot and humid affected by monsoons. 

The average annual temperature is 25 °C, with the lowest temperature occurring 

in January (18 °C) and the highest temperature occurring in June 31 °C. Average 

annual rainfall is more than 2000 mm, with a rainfall peak during the monsoon 

season from May to October. 
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Dhaka experiences serious environmental problems due to high pollution of 

land and air and urban development of surrounding wetlands, which cause 

immense land erosion.  

Dhaka is the commercial heart of the region, attracting many immigrants. 

Dhaka’s main industries are textile, service sector, tourism, finance and banking. 

Urban development has caused a construction boom with newly built high-rise 

skyscrapers that have changed the landscape completely (Dhaka, Britannica 2012). 

 

3.1.4 Los Angeles 

Los Angeles is the 2nd most populated city in USA after New York City. It is 

the county seat of Los Angeles County which is the most populous county in USA. 

The population of single LA is around 3.4 million of people, while the population of 

the Los Angeles - Long Beach – Santa Ana agglomeration is 17.6 million (World 

Urbanization Prospects, UN 2011). 

The coastal area of the present Los Angeles served as a habitat area for 

Native American tribes over many ages. In 1542 it became a Spanish colony. In the 

19th century, it was a part of Mexico for a while, till it became part of USA as the 

State of California.  

The landscape of LA contains both flat areas and hills. Biodiversity is vast, 

including numerous native plants. The climate of LA is dry subtropical, with only 

35 rainy days a year. Winters are mild and warm, with temperatures ranging from 

10 to 20 °C, summers are hot with average temperatures around 27-32 °C. Annual 

precipitation ranges from 380 mm in downtown LA to 410-510mm in other districts. 

Entertainment is the main focus of the economy of Los Angeles metropolitan 

area, with an emphasis on the movie industry, television and music. Apart from 

entertainment, LA is also key transportation hub, especially in shipping with two 

international ports. It also hosts such economies as aerospace, technology and 

petroleum. 



24 

The city of LA has an extensive transportation network built up of freeways 

and highways. The enormous traffic produces intensive air pollution. LA 

experiences a smog season lasting from May to October, when the air is not 

cleaned due to lack of rain (Los Angeles, Britannica 2012). 

 

3.1.5 London 

London is the capital of Great Britain and its largest city. The history of 

London as a populated territory is vast and starts from 43AD when it was founded 

by the Romans. After the fall of Roman Empire, the city of London remained 

abandoned for many years. London started to develop and flourish during the 10th 

century due to the exceptionally attractive geographical position on the banks of 

the river Thames. 

The study area of this project is not the ancient city of London, but the 

large metropolitan region of Greater London, founded in 1965 as an administrative 

unit and occupying an area of more than 1500 km2. With an estimated population 

of about 12.6 million of people, it is Britain’s only megacity (World Urbanization 

Prospects, UN 2011). 

The landscape of Greater London is floodplain formed by the Thames River 

and bounded by chains of hills. London enjoys a moderate ocean climate, with 

winter temperatures around 0 °C and warm summers with an average temperature 

of 24 °C. Annual average precipitation is 602 mm, which is rather low for a city 

with an ocean climate. 

Greater London is the largest economy of Europe and shares the name of 

international finance center with New York City. That is why finance is the largest 

industry of London followed by the media industry. London is a large 

transportation hub for almost all means of transport: air, road, rail and water 

transport (London, Britannica 2012). 
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3.1.6 Mexico City 

Mexico City, the capital of Mexico, it is its largest city, and its political, 

financial, cultural and educational center. The Mexico City metropolitan area with 

its estimated population of 23.2 million is also the largest urban agglomeration in 

North and South America (World Urbanization Prospects, UN 2011). It is also the 

5th among world’s largest agglomerations. The Aztecs founded Mexico City in 1325. 

Later on it became an economical and administrative center of the Spanish colony.  

The city lays on a high Valley of Mexico bounded by high-peaked mountain 

chains occupying around 1500 km2. The soils of the city have high saturation, since 

the current city lays on a former lake that was drained in 17th century. Mexico City 

has a  subtropical highland climate with mild temperatures ranging from -2 °C to 5 

°C in February to 32 °C in summer and spring. Annual precipitation is about 820 

mm with a rainfall peak from June to October. Urban growth has dramatically 

affected the landscape. Most of the area to the north of the initial city has been 

converted from rural land to urban. The metropolitan area of Mexico lacks 

agriculture land. The only preserved rural regions suitable for agriculture lies to 

the south of the city. 

Mexico City experiences severe environmental problem caused by air 

pollution. All air motions stay inside the valley and all carbon monoxide and 

nitrogen oxides stay within the urban area producing harm to the environment and 

to the citizens of Mexico City.  

Mexico City is the biggest economy of Latin America. Biggest contributors to 

the country’s economy are industrial and service sectors. However, the population 

of the city is quite wealthy; Mexico City has extensive slums in the outskirts of the 

city (Mexico City, Britannica 2012). 

 

3.1.7 Moscow  

Moscow is the capital of Russian Federation, its largest city, and its 

political, administrative, economic and financial center. With an estimated 
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population of 16.2 million in January 2012 (Rosstat, 2012), Moscow is one of the 

biggest cities in Europe. Moscow hosts about 1.5-1.8 million of temporal residents. 

Moscow was founded 1147, though it was a habitat area for many years before. 

The city has played a prominent role in Russian history and has served as a capital 

city during most of its history. In 2012, the territory of Moscow more than doubled 

in size, when it annexed adjacent territory of the former Moscow region. 

Moscow is situated on the banks of the Moskva River. The territory belongs 

to East European Plain, and the landscape is mostly flat. The distinguishing feature 

of the Moscow city landscape is the large number of vast parks, most of them 

located on the outskirts of the city.  

The climate of Moscow is continental, with humid and warm summers 

(average temperature in July is 23°C) with occasional heat waves (with 

temperatures rising up to 38°C) and snowy and cold winters (average temperature 

of January is -9.8°C and extremes -38 - -40°C). Annual average precipitation is 707 

mm with a rainfall peak during the warm season.  

Moscow is the financial center of the country but also hosts such industries 

as food, textile, chemical industry, metallurgy, energy and others. However, most 

plants and factories were moved out of the city several years ago to improve the 

ecological situation in the city. Moscow remains a major transportation hub, not 

only for Russia, but also for the whole Eastern Europe, connecting it with Asia by 

air, railway and roads (Moscow, Britannica 2012). 

 

3.1.8 New York 

New York City (NYC), a part of New York Metropolitan Area is one of the 

world’s most populated areas. The population of New York City alone is more than 

8.2 million (World Urbanization Prospects, UN 2011) and the metropolitan area 

hosts 21.5 million inhabitants. With an area of 790 km2, it makes NYC the most 

densely populated city in the US.  
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Located in Northeastern part of USA, NYC lies in an estuary of the Hudson 

River and on 5 islands. It was founded by Dutch colonists in 1614 and served as a 

trading spot. During American fight for Independency New York played a role both 

as a fighting place (in the harbor) and as a place for the negotiation of peace. The 

original landscape of New York Area has undergone enormous anthropogenic 

conversion, due to such a rich history. Though, it must be mentioned that the city 

is surrounded by vast forests and parks. 

NYC has a humid subtropical climate influenced a lot by the Atlantic Ocean. 

Winters are rather cold, with an average temperature in January around 0°C, 

summers are hot with an average temperature in July of about 24.7°C. The 

climate of NYC is humid all year long with an average annual precipitation of more 

than 1200mm.  

NYC is one of the world’s financial and commerce centers, hosting many 

economy’s sectors and industries. It also serves as a large transportation hub both 

on international and regional levels, having millions of commuters every day. The 

transportation system includes railway, buses, the world’s largest subway, 

numerous bridges and tunnels as well as the ferry systems (New York City, 

Britannica 2012). 

 

3.1.9 Sao Paulo 

São Paulo, the largest city in Brazil, is situated on the eastern coast of the 

Atlantic Ocean in the south eastern part of the country. The city’s population of 

11.6 million people occupies an area of 1523 km2 (World Urbanization Prospects, 

UN 2011). While the metropolitan area numbers 21.1 million inhabitants. 

The city is located on a plateau being part of the Serra do Mar, belonging to 

the Brazilian Highlands. The Tietê River and its tributary, the Pinheiros River, 

flows through the city. Sao Paulo was founded by colonists and missionaries in the 

middle of the 16th century. By the end of the 19th century, the town grew into a 

large economic center and attracted numerous immigrants, mostly from Europe. 
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São Paulo has a monsoon-influenced humid subtropical climate. Mean 

temperatures range from 20°C – 28°C to 32°C on the hottest days. Winter 

temperatures are between 10°C and 20°C. Rainfall amounts to an annual average 

of 1,454 mm.  

The population of the city has been growing rapidly during the 20th century, 

increasing by more than 45 times from the initial 250 thousand living there in 1900. 

Such rapid growth caused acute social (rise of favelas) and environmental (air and 

water pollution) problems. São Paulo has been a business center for Latin America, 

starting from coffee industry, continuing with massive industrialization and 

entering the 21st century with expanding service sector economy. The city with 

numerous highways, two main railway stations and two airports is a key transport 

center. The city suffers from heavy traffic jams, due to wide use of cars and 

improper road planning (São Paulo, Britannica 2012). 

 

3.1.10 Tokyo 

Tokyo, the capital of Japan and the center of Greater Tokyo area, is the 

largest metropolitan area in the world. The history of Tokyo starts in 11th century 

from a small fishery village. In 1943, the city of Tokyo merged with the Tokyo 

Prefecture and formed Tokyo Metropolis. The population of the city itself exceeds 

13 million, while Tokyo Metropolis hosts 35.6 million people (World Urbanization 

Prospects, UN 2011). 

Tokyo is situated in the southeastern part of the Honshu Island and enjoys 

humid subtropical climate with hot summers (average temperature of August is 

27.5°C) and mild winters (6°C in January). Precipitation is rather high (average of 

1530mm), due to the humid climate. Tokyo is fighting for better conditions of its 

environment trying to reduce its emissions. The main means of this fight is to 

increase urban vegetation by planting trees. Tokyo Metropolis is the biggest 

metropolitan economy of the world and world’s leading financial center. Beside 

the financial economy sector, Tokyo possesses vast farmland, concentrated in 

Western Tokyo. Tokyo is Japan’s transportation hub. It also has massive public 
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transportation system inside the metropolitan area dominated by commuter 

railway network (Tokyo, Britannica 2012). 

3.2 Data 

Landsat satellite data have long proved itself as a source of objective and 

reliable information, from the very first satellite launched in 1972 till the last one, 

Landsat 7, launched in 1999. All 6 successful missions provide high quality 

multispectral data over the globe and have been used for numerous applications in 

science. The Landsat archive provides around 40 years of multispectral data over 

the Earth. This fact makes Landsat data an attractive source of information for 

change detection studies, especially to detect land use/land cover changes.  

Landsat 5 and 7 data were utilized to carry out this project. Imagery from 

these satellites is distributed for free and was obtained from the following USGS 

website: http://earthexplorer.usgs.gov/. Landsat 5 had Multi-Spectral Scanner 

(MSS) and Thematic Mapper (TM) sensors. TM sensor has 6 spectral bands with the 

resolution – 30m and 1 thermal infrared band with resolution of 120m (Table 1). 

Landsat 7 has Enhanced Thematic Mapper Plus (ETM+) sensor with 6 multispectral 

bands with 30m resolution, 1 thermal band with the resolution of 60 m and 1 

panchromatic band with 15m resolution (Table 2). Bands 1-5&7 were used for LULC 

classification, while band 6 for LST extraction in both cases of Landsat 5 and 7. 

 

 

 

 

 

 

 

The following Landsat 5&7 scenes were utilized to carry out this project 

(Table 3): 

Table 1 Landsat 5 TM bands Table 2 Landsat 7 ETM+ bands 

Band Spectral band Resolution 

1 0,45 - 0,52 µm 30 m x 30 m 
2 0,52 - 0,60 µm 30 m x 30 m 
3 0,63 - 0,69 µm 30 m x 30 m 
4 0,76 - 0,90 µm 30 m x 30 m 
5 1,55 - 1,75 µm 30 m x 30 m 
6 10,4 - 12,5 µm 120 x 120 m 
7 2,08 - 2,35 µm 30 m x 30 m 

Band Spectral band Resolution 
1 0,45 - 0,515 µm 30 m x 30 m 
2 0,525 - 0,605 30 m x 30 m 
3 0,63 - 0,69 µm 30 m x 30 m 
4 0,75 - 0,90 µm 30 m x 30 m 
5 1,55 - 1,75 µm 30 m x 30 m 
6 10,4 - 12,5 µm 60 m x 60 m 
7 2,09 - 2,35 µm 30 m x 30 m 
PAN 0,50 - 0,90 µm 15 m x 15 m 
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Table 3 List of Landsat scenes 

№ Name Country Population, mln 
people (2011) 

Sattelite 
imagery date 
(old) 

Sattelite 
imagery date 
(new) 

1 Beijing China 16.4  1999-10-21 2009-09-22 
2 Delhi India 23.0  2000-02-19 2010-02-14 
3 Dhaka Bangladesh 14.0 1999-11-24 2009-11-27 
4 Los Angeles USA 17.6 2000-09-15 2010-09-19 
5 Greater London UK 12,6 2002-09-13 2011-09-30 
6 Mexico City Mexico 23.2 2000-02-02 2010-02-05 
7 Moscow Russia 16.2 2001-05-04 2010-06-22 
8 NYC USA 21.5 2000-10-20 2010-10-08 
9 Sao Paulo Brazil 21.1 2000-10-20 2010-10-08 
10 Tokyo Japan 34.5 2002-03-19 2011-04-05 
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4. Methodology 

Several remote sensing data processing methods were utilized in order to 

carry out this project: image classification, change detection, land surface 

temperature retrieval. The methodology can be divided into three main parts; 

data collection and pre-processing, data processing and data analysis. All these 

parts and their subparts are described in the figure below (Fig.2). Images from two 

dates for each city were processed separately, at first classification has been 

complete then LST and NDVI retrieved. Fig.2 displays that the results of LULC 

classification were also used to produce LST map. These steps belong to the data 

processing part, which results into production of LULC map and LST map. Final 

products are displayed on Fig.2 as orange circles. NDVI is not counted as a final 

product, because no final raster map has been produced. The analysis section 

contains LST-NDVI linear regression, and LULC – LST composite.  

 

Figure 2 Methodology workflow
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4.1 Data Pre-Processing 

Data pre-processing is an extremely important stage of satellite imagery 

processing and analysis, which has an impact on all further actions and final 

product quality. The goal of image preprocessing is to restore appropriate image 

data from distorted raw data.  

Pre-processing usually consists of a sequence of operations, the number and 

order of which is defined by the aim of the research and the type of data received 

from satellite operator/satellite image distributor. Main steps include: radiometric 

correction, geometric correction and image registration. Geometric correction 

serves to eliminate geometric distortions of the raw data due to the motion of the 

sensor, perspective of the optical scheme, terrain and other factors. In general, 

geometric correction re-projects the image from the sensor’s projection to the 

proper projection and coordinate system. Radiometric correction is used to 

normalize data taken at different time and location (i.e. at different conditions), 

so that the spectral values of the same pixels would be the same. Usually the 

company responsible for satellite data distribution makes some of these steps 

before handing the data to the user (Lillesand, 2007). In case of Landsat 5 & 7 

imagery, data comes in Level 1T or Level 1G processing levels. This means that the 

data is already with radiometric and geometric correction and geo-referenced to 

UTM map projection. Level 1T also employs digital elevation model (DEM) improve 

topographic correction. Based on that information, the preprocessing phase of this 

project included only image-to-image registration and re-sampling (Landsat 7 

Science Data Users Handbook, 2007). 

Image-to-image registration has been done to match images from different 

orbits and sensors, so that they had identical coordinate systems to make further 

analysis and comparison possible.  

Landsat imagery comes in GeoTIFF image format with each spectral band in 

a separate file. Before further processing, bands were stacked in one image file, 

excluding unnecessary bands. 1-5, 7 spectral bands should be used for land 

use/land cover classification while band 6 or in case of Landsat 7 band 61 and band 

62 containing thermal infrared data should be used to retrieve land surface 
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temperature (Landsat 7 Science Data Users Handbook, 2007). All bands were re-

sampled to 30m spatial resolution.  

In most cases of study, Landsat scene had much larger extent than the area 

of interest. In order to reduce file size and also illuminate any possible errors in 

classification, original scenes were subset by regions covering the case cities and 

their surroundings. It must also be mentioned, that such cities as Mexico City is 

situated between two Landsat scenes and Los Angeles is placed not only on 2 

scenes, but also from two adjacent orbits – it takes 4 scenes in total to cover the 

extent of the city in that case. That is why, in case of Mexico and Los Angeles 

cities, Landsat scenes were first mosaicked and then subset by area of interest. 

Satellite imagery mosaicking is the process of putting together adjacent geo-

referenced image scenes or overlaying images, which have overlapping areas. Geo-

referenced mosaicking has been implemented utilizing Mosaicing module of ENVI 

4.7 software. 

 

4.2 Image classification  

The objective of image classification is to assign a land cover/land use class 

or any other thematic class to each pixel of the image, based on its spectral 

characteristics. This technique is among the most useful methods of remote 

sensing image analysis, which can be used for land use/land cover mapping as well 

as other environmental and socio-economic applications.  

Image classification process is extremely complicated as many factors have 

to be taken into account. Main steps include selection of a suitable classification 

technique and its method, finding proper training samples, selection of a class 

scheme suitable for the current region and classification theme, classification 

itself and post-classification with accuracy assessment. Classification system is 

usually designed based on the input remotely sensed data and the desired result. 

In case of land-cover mapping, the most suitable is spectral pattern recognition 

system. Different types of land cover and land use possess different combinations 

of radiance values forming unique spectral patterns. This system utilizes pixel-by-

pixel recognition of such a pattern.  
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Two main classification types are recognized in spectrally oriented 

classification system: supervised and unsupervised. Unsupervised classification is 

an automatic classification type, where no training data is needed. It examines the 

whole amount of the pixels of the image and divides them by a number of classes 

defined by the user. The resulting classes contain natural groupings of the pixels of 

the image, though the identity of the nature of classes remains unknown. This 

classification type is particularly useful for classifying unknown areas, to assess the 

number of classes for further supervised classification.  

In this project, unsupervised classification was not used for clustering to 

assess the number of classes. The classes were predefined for all cities of interest, 

to have a universal classification scheme for all 10 cases. The classes were defined 

as follows: high-density built-up, low-density built-up, bare land, agriculture, 

water, forest. Universal color scheme was also employed. 

Supervised classification – in this method, the analyst defines the classes 

and their numerical description in a computer algorithm determining to which 

class each pixel belongs. In order to complete the procedure, the analyst has to 

select a number of training samples to describe the spectral characteristics of each 

class. Selection of proper training areas is the most crucial part of supervised 

classification, because each pixel of the image will be numerically compared to 

the training set. Based on the result of this comparison, each pixel will be assigned 

to a class. That is why, the training sites should be selected as accurate as 

possible, not to confuse the classification scheme and eliminate misclassification. 

If possible, training sites should be collected at fieldwork or from images of high 

spatial resolution. In case of this current project, it was not possible, so the 

training areas were collected with maximum possible accuracy from the images 

themselves. High resolution imagery from Google Earth was employed to check the 

belonging of each training area to a specific class. The number of training areas 

differs from class to class, and from city to city, but on average 1000 pixels of 

training areas have been collected for each class.  
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Figure 3 Basic Steps in Supervised Classification (adopted from Lillesand 2007) 

Maximum Likelihood method. There are various methods of supervised 

classification, such as Minimum-Distance-To-Means, Parallelepiped, support vector 

machine, artificial neural net. Neural network is a pattern recognition method, 

based on computational model simulating biological neural networks. Vector 

machine is a machine-learning algorithm, trying to optimize the space by fitting 

classification results into hyper-plane. Both of these methods are widely applied 

for LULC change studies and show good results and high quality. However, these 

methods are dealing with sophisticated supervision and consume much time to get 

proper results. Due to time constraints and the number of study areas these 

methods were not utilized in this study. According to similar researches in LULC 

mapping, good results can be achieved by using the Maximum Likelihood method. 

This method is simpler but still provides reliable results. Maximum likelihood 

classification assumes that the statistics for each class in each band are normally 

distributed and calculates the probability that a given pixel belongs to a specific 

class (Richards, 1999). This means that the classifier assigns a pixel to a class with 

the highest probability. 

 

4.3 Accuracy Assessment.  

Image classification is not valid without assessment of its accuracy. The 

source of errors comes not only from the classification itself, but also from image 

registration, badly selected training areas etc. Accuracy assessment assumes that 
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all differences between classification results and reference data origin from the 

classification errors. One of the most common methods of classification accuracy 

assessment is error matrix or confusion matrix. This matrix contains a category 

comparison of relationship between known, ground-truth data and classification 

results for the same category.  

The overall accuracy shows the overall accuracy of the classification 

process. Overall accuracy is measured in percent and represents the number of 

pixels correctly classified divided by the total number of pixels. Kappa coefficient 

is a measure of overall statistical agreement. It measures the overall agreement of 

classification results, excluding agreement acquired, not on purpose, but by 

chance.  

 

4.4 Post-Classification Processing  

Classified image often has some misclassified pixels. To reduce the “salt-

and-pepper” appearance of classification result post-classification smoothing is 

applied to show only the dominant class of the current area. Median filtering by 

3*3 pixels had been utilized to eliminate salt-and-pepper classification effects. 

Another post-classification technique employed in this project is post-

classification change detection. One of the aims of the project is to identify 

changes in land use/land cover in megacities over approximately 10 years. There 

are several change detection techniques available. In this study, post-classification 

change detection was chosen because, unlike other change detection methods. It 

has to be noted, that the accuracy of this method is highly dependent on the 

overall accuracy of the classifications of both images used in the comparison. 

The results of post-classification change detection stage include: change 

detection statistics report, with identified classes to which pixels have changed in 

the final date image and a change map. 
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4.5 LST retrieval from remote sensing data 

Land surface temperature (LST) is the main factor determining surface 

radiation and energy exchange (Xiao et al., 2008). One of the most widely used 

methods to retrieve land surface temperature nowadays is to employ thermal 

infrared remote sensing data. This method is especially convenient for applications 

in urban climatology studies (Weng 2009). Traditional methods of acquiring data on 

land surface temperature include making direct observations utilizing local 

meteorological stations network. Although these measurements have a high 

temporal resolution it is time consuming, expensive and hard to interpolate as they 

only have local coverage. At the same time, remote sensing data is much cheaper 

to get, and the satellite imagery covers large areas. Land surface temperature 

retrieval from satellite data has been widely adopted by researches specializing in 

climatology since remotely sensed data became available on a regular basis. 

Satellite sensors measure the top layer of the atmosphere (Voogt et al., 

2003). Temperature data is recorded by TIR sensors and stored as digital numbers 

(DNs). To convert DNs to the actual temperature values, a two-step process should 

be completed. At first, DNs are converted to spectral radiance values.  

NASA suggests the following algorithm for Landsat: convert DN into absolute 

radiance values, at-satellite brightness temperatures are computed under the 

assumption of unity emissivity and using pre-launch calibration constants. The 

values should then also be corrected according to land cover.  

For Landsat 1G Level product, the following equation serves to restore 

spectral radiance values from DNs:  

Lλ ="gain" xQCAL+"offset" 

Where: 

Lλ = Spectral Radiance at the sensor’s aperture, watts / (meter squared × 

ster × µm) 

“gain” = Rescaled gain (the data product “gain” contained in the Level 1 

product header), watts / (meter squared × ster × µm) 



38 

“offset” = Rescaled bias (the data product “offset” contained in the Level 1 

product header), watts / (meter squared × ster × µm) (National Aeronautics and 

Space Administration, 2007). 

When the DNs are converted to spectral radiance, surface temperature can 

be calculated. The values retrieved are also called effective at-satellite 

temperatures and they come under the assumption that emissivity is the same. 

The calculation is implemented by applying Plank’s Law. Also, pre-launch 

calibration constants K1 and K2 should be used. For Landsat 5 K1 = 607,76 and K2 = 

1260,56, for Landsat 7 K1 = 666,09 and K2 = 1282,71, watt/(meter squared x ster x 

µm), (National Aeronautics and Space Administration, 2007). 

 where:  T is degrees in Kelvin  

CVR1 is cell value as radiance 

K1 and K2 pre-launch calibration constants 

To restore these values in ENVI one can use the pre-processing tool specified 

for Landsat. These values still need to be corrected with spectral emissivity. In 

order to do so, the best method suggested by (Weng, 2009) is to measure the 

emissivity values of the surface if possible. Another method proposed by 

(Stathopoulou, Cartalis, 2006) has been utilized. They suggested applying surface 

emissivity value for each specific LULC type. The following values were used 

(Table 2):  

Table 4 Emissivity values by LULC class 

LULC class Emissivity value 

Urban high 0,946 
Urban low 0,964 
Agriculture (crops) 0,980 
Agriculture (bare) 0,946 
Vegetation 0,980 
Water 0,990 
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Emissivity corrected temperature Ts has been computed as follows:  

 

where Ts is the land surface temperature (K);  
BT is at-sensor brightness temperature (K);  
� is the wavelength of emitted radiance (11.5 
lm);  
ρ= 1.438*10-2mK;  
ɛɛɛɛ is the spectral surface emissivity. 

After applying this formula, the TIR data is saved as Land surface 

emissivity corrected Temperature data measured in Kelvin. Kelvin temperature 

scale is more suitable and more widely used for such applications, because small, 

but significant, variations of temperature are visualized better than that of more 

traditional for air temperature Celsius scale. 

Density slicing. After converting DNs to radiance values and then to 

temperature in Kelvin, temperature maps can be produced. In order to highlight 

temperature patterns density slicing was used. Also, to improve the interpretation 

possibilities natural breaks scale was employed. A scale used in LST density slicing 

is the same as employed in LULC classification scheme. A breaking point between 

classes was set to find the border between LULC classes. 

 

4.6 Relationship between LULC and LST 

In order to relate land use/land cover classes with land surface 

temperature, the LST maps where filtered utilizing Mode filter and vectorized. 

After vectorization, both LULC map and LST vector were imported to ArcGIS. 

There, the LULC map was overlaid with the corresponding LST vector. ArcGIS has 

been utilized due to its better capabilities for data visualization. This procedure 

allowed analyzing whether LULC classes match LST classes. However, the results of 

such overlaying are hard to interpret. Resulting images were excluded from the 

Results section. Instead, a focus area with significant LULC transition was chosen 

for each city. LST and LULC maps of these areas give the understanding on how the 

classes and corresponding LST slices have changed from one date to the other.  
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The above mentioned operation provides an option only for a visual analysis 

of LULC-LST relationship. Another option is to collect statistical data. For each 

LULC class minimum, maximum, mean land surface temperature and its standard 

deviation have been calculated.  

Due to the nature of LULC map, it was impossible to calculate linear 

regression between LULC map and LST map. A solution to that matter is to use 

Normalized Vegetation Index (NDVI) instead of LULC classification result. NDVI 

provides information about vegetation distribution. NDVI has been extracted from 

original Landsat imagery. NDVI can be calculated from visible and near infrared 

bands according to the following equation:  

NDVI = (NIR-RED)/(NIR+RED)  

 

Where NIR – reflectance measured at near 
infrared part of the spectrum, 

RED - reflectance measured at the ref-light 
region of the spectrum. 

 

The resulting raster file holds values from -1 to 1, where -1 means water, 

values around 0 correspond to barren land, and those approaching +1 relate to 

healthy spacious vegetation (J.Weier and D.Herring). In other words, NDVI value is 

related to LULC class. Linear regression between NDVI and LST has been 

calculated.  

The results and their analysis of this methodology are provided in the next 

chapter. 
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5. Results 

5.1. Beijing 

5.1.1. Land use / land cover classification results 

The results of LULC classification over Beijing in 1999 (Fig. 4) and 2009 (Fig. 

5) show that urban area has dramatically expanded to occupy former agriculture 

and forested areas. Low density urban development expanded to the surrounding 

rural areas, and existing high density urban area increased in density. 

The overall accuracy of the classification is 94.73% in 1999 and 96.84% in 

2009. The kappa coefficient is 0.9359 and 0.9617 respectively. It must be 

mentioned, that accuracy assessment has been done on the original data, with no 

reference data used. The confusion matrixes for 1999 LULC classification is in 

Table 5 and 2009 in Table 6. 

 

Figure 4 LULC map of Beijing 1999 

 
Figure 5 LULC map of Beijing 2010 
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Table 5 Confusion matrix (percentage), Beijing 1999 

Class Urban High Vegetation Water Bare   Urban Low Agriculture Total 

Urban High 73,45 0,07 1 1,67 5,52 0 11,61 

Vegetation 0 98,57 0 0 0 0,81 21,04 

Water 0 0 99 0 0 0 15,66 

Agriculture 0 1,16 0 0,15 0 99,19 21,46 

Bare  0,2 0,2 0 98,18 0 0 19,5 

Urban Low 26,36 0 0 0 94,48 0 10,74 

Total 100,01 100 100 100 100 100 100 
 

Table 6 Confusion matrix (percentage), Beijing 2009 

Class Urban High Vegetation Water Agriculture Bare   Urban Low Total 

Urban High 92,9 0 1,66 0 0,66 7,91 12,83 

Vegetation 0 96,79 0 0 0 0,47 17,93 

Water  0,29 0 98,1 0 0 0 14,89 

Agriculture  0 0 0,12 100 0 0 20,5 

Bare 0,58 0 0 0 98,69 1,24 21,85 

Urban Low  6,23 3,21 0,12 0 0,66 90,39 12 

Total 100 100 100 100 100 100 100 
 

Table 7 Beijing LULC area by class 

Beijing 1999 2010 Change 
 rate Area (sq.km) Area (sq.km) 

Urban High 348.7086 685.4760 97% 

Urban Low 975.2940 1552.0374 59% 
Agriculture 1239.0210 568.2888 -54% 
Bare 679.7268 149.6529 -78% 

Forest 336.8700 660.6441 96% 
Water 56.3796 19.9008 -65% 

Table 7 shows that the urban area has dramatically increased in Beijing 

between 1999 and 2000: urban high density build up area increased in 1.8 times 

and urban low density in 1.6 times. At the same time such classes as Agriculture 

and Bare has decreased in 0.45 and 0.2 times respectively.  

5.1.2. Land surface temperature, LULC – LST relationship 

 

Overall land surface temperature in 2009 is lower than in 1999, but the 

difference between rural and urban increased in 2009 which can be seen in the LST 

maps (Fig.6&Fig.7). The effect of UHI is higher in 2009. Results of land surface 

temperature mapping cannot be compared directly due to different observation 
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conditions. The relationship between LULC types and corresponding LST from 

different years can be compared. Mean temperatures of high urban class changed 

from 315.99K (in 1999) to 311.99K (in 2010); low density urban class is also cooler – 

325.78K (1999) and 294.75K (2010). The rest of the classes do not have significant 

differences between 1999 and 2010: vegetation 249.11K & 249.5K water 246.68K & 

246.04K, agriculture 264.76K & 259.96K, bare land 299.56K and 293.12K.  

 

 

Figure 6 LST Beijing 1999. 

 

 

Figure 7 LST Beijing 2009. 

Though mean temperatures are lower, the effect of UHI is higher, because 

of the spatial distribution of classes. In 1999 low and high-density urban classes 

occupied 22.35% of the area, in 2010 they occupy 34.68%. These LULC classes tend 

to accumulate higher radiance temperatures. The area of classes such as 

agriculture, vegetation and water decreased. These classes, in most cases, stand 

for lower temperatures and serve as a means to cool down hot urban area. 

Results of LST density slicing (Fig.8&Fig.9) show that LST values are in good 

correspondence with LULC classes, i.e. each LULC class can be assigned to a 

specific LST class. That can be seen especially well on vegetation and agriculture 

classes over Beijing 1999.  

Another means of relating LULC to LST is linear regression between NDVI and 

LST: 0.93 (1999) and -0.88 (2010). These negative values show that the 

temperatures are higher where there is no vegetation or the vegetation is weak. 

Urban areas with no vegetation possess higher temperatures than vegetated areas. 

This means that LST is related to LULC, and if similar urban development continues 
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to go on, LST will continue to increase together with corresponding urban LULC 

classes. 

 

Figure 8 LST density slicing, Beijing 1999. 

 

Figure 9 LST density slicing, Beijing 2009. 

Figure 10 focuses on the area to the south-east from the Beijing center. One 

can see that the area used to be covered mostly with fields (yellow agriculture 

LULC class on the top pair of images.). In 2010, almost no field left, but low and 

high density built areas dominate here. And the LST show the similar change, from 

low temperature slices to higher. 

 

 
Figure 10 Beijing LULC and LST change 
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5.2. Delhi 

5.2.1. Land use / land cover classification results 

Figure 11 LULC map Delhi 
2000 
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Figure 12 LULC map Delhi 2010 

Fig.12 shows that the urban area of Delhi has dramatically expanded into 

the rural areas over the 10 years. An interesting result of the classification is that 

high density urban zones in Delhi are situated on the periphery of the city, while at 

the urban core there are mostly low density built-up zones. On 2000 LULC map 

spots of urban areas spread across the agricultural area are mainly represented by 

high-density built-up areas (mainly slums). In 2010 one can see that most urban 

areas inside agricultural area are low density built-up. The overall accuracy of 

Delhi LULC classification is 95.5% in 2000 and 96.0% in 2010. The kappa coefficient 

is 0.94 and 0.96 correspondingly. The error confusion matrixes showing the 

percentage of misclassified pixels can be found in Tables 8 and 9.  

 

Table 8 Confusion matrix (percentage), Delhi 2000 

Class Urban high Forest Water Agri Bare Urban Low Total 
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UrbanHigh 
[Re 96,29 0 1,21 0,18 0,3 2,87 14,91 

Forest [Green 0 92,39 0 6,76 0 0 18,51 

Water [Blue] 0 0 98,33 0 0 0 11,61 

Agri [Yellow] 0 7,61 0 93,06 0 0,44 28,54 

Bare [Sienna] 2,75 0 0 0 99,7 0,44 18,43 

UrbanLow 0,96 0 0,46 0 0 96,25 8,01 

Total 100 100 100 100 100 100 100 
 

Table 9 Confusion matrix (percentage), Delhi 2010 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High 93,62 0 1,78 0 0,66 7,13 12,85 

Vegetation 0 95,62 0 0 0,16 0,31 17,73 

Water 0,29 0 97,98 0 0 0 14,88 

Agriculture 0 0 0,12 100 0 0 20,5 

Bare 0,29 0 0 0 98,61 0,62 21,72 

Urban Low 5,8 4,38 0,12 0 0,57 91,94 12,32 

Total 100 100 100 100 100 100 100 
 

Table 10 Delhi LULC area by class 

Delhi 2000 2010 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 1551.9015 1024.3341 -34% 
Urban Low 647.2188 2498.4756 286% 
Agriculture 4003.6707 3110.6457 -22% 
Bare 583.2945 333.0585 -43% 
Forest 228.9960 71.1414 -69% 
Water 40.9185 18.3447 -55% 

 

Table 10 shows that while high density built up area has decreased in 0.6 

times, low density urban area has dramatically increased from 647.2188 km2 to 

2498.4756 km2  (almost in 4 times). At the same time, such LULC classes as 

Agriculture, Bare and Forest have significantly decreased (Agriculture - 78%, Bare – 

57%, Forest – 31% of the 2000 year area remains in 2010). 
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5.2.2. Land surface temperature, LULC – LST relationship 

 

 

Figure 13 LST Delhi 2000 

 

 

Figure 14 LST Delhi 2010 

LST maps (Fig.13&Fig.14) show that the urban center has much lower 

temperature in 2010 than in 2000. However, the general trend is the same, the 

city center is cooler than its surrounding areas. This trend is caused, not by 

anthropogenic influence, but geographic constraints. Mountain ridges with low 

vegetation cover, which acquire high radiance, occupy southern and southeastern 

parts of the area and corresponding LST values are higher than that of surrounding 

high-density built up areas. However, the downtown Delhi is cooler than its 

periphery; general effect of UHI still exists with much lower rural surface 

temperatures, than that of the urban zone. Also, on Fig.14 one can see large areas 

of higher temperatures to the east of the city, as seen on LULC map (Fig.11&12) 

this is an area that used to be agricultural land which has been converted to a low 

and high density urban area. Thereby, areas under development or those that have 

been recently developed are subject to higher temperatures.  

Mean temperatures of LULC classes increased from 2000 to 2010. In 2000, 

the temperature of the “urban high” class was 305.01K and for “urban low” it 

was293.67K.  In 2010 their temperature was 311.33K and 298.93K respectively. The 

most dramatic increase is recorded in vegetation class; it became almost as hot as 

urban low (249.36K in 2000 and 285.32K in 2010). This might be caused by heavy 

urban development taking place in Delhi, especially low density urban area, where 
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residential building are surrounded by vegetation which helps increase their 

mutual radiance.  

Another thing that should be noted is an increase in the spatial distribution 

of urban developed classes into the rural area. In 2000, they occupy around 22% of 

the area and in 2010 more than 25%. From one hand, 3% increase during 10 years is 

not that much for such city as Delhi. But from the other, urban area is not just 

increasing at the same spot as it was in 2000, it is expanding across roads coming 

out from the city center. LST map of 2010 (Fig.14) shows that the area around 

roads in the countryside has generally higher temperature than the surrounding 

rural areas. LST density slicing (Fig.15&16) show that there’s a correlation 

between LULC and LST. Calculated NDVI – LST linear regression is -0.76 and -0.83 

in 2000 and 2010 correspondingly. The raise of negative correlation probably 

describes the impact of intensive urban development.  

 

Figure  15 LST density slicing, Delhi 2000 

 

Figure  16 LST density slicing, Delhi 2010 

Delhi experiences the effect of UHI with rural temperatures significantly 

lower, than that of the urban. However, the urban core has lower temperatures 

than its periphery, where significantly higher temperatures are recorded. Summing 

up, Delhi does not have radiant LST distribution when higher values appear in the 

center and decrease with increasing distance.  



49 

 

Figure 17 Delhi LULC and LST change 

Figure 17 shows and area that has suffered from major conversion during 

these 10 years. On the top 2000 LULC image is mainly covered with crops LULC 

class with some outbursts of built up areas. LST density slicing shows a good 

correlation with that. However, 2010 images show, that the region has been 

developed and now mostly occupied by low and high density build up classes. 

Corresponding temperature slices can be found on the LST density slicing map at 

the lower right corner of the Figure 17. 
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5.3. Dhaka 

5.3.1. Land use / land cover classification results 

 

Figure 18 LULC map, Dhaka 2000 
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Figure  19 LULC map, Dhaka 2009 

In Fig.18, the 1999 classification results show a huge amount of water 

covering Dhaka. Probably, the original image has been captured during or after a 

massive flood, which might have affected the classification results. Nevertheless, 

the classification accuracy is 93.44% and Kappa coefficient 0.919. 2009 LULC map 

(Fig. 19) has an overall accuracy of 96.24% and a Kappa coefficient of 0.9538. As it 

has already been stated before, no test reference data has been employed in 

accuracy assessment. Confusion matrixes for 1999 and 2009 classification results 

can be found in Tables 11 and 12 correspondingly.  

LULC classification show that Dhaka suffers from heavy LULC conversion. 

This might be both due to dramatic urban development that started several 

decades ago, but also due to geographic position and climatic constrains, since 

Dhaka region is often affected by floods which also influences the conversion of 

land use/land cover classes and classification results.  

 

Table 11 Confusion matrix (percentage), Dhaka 2000 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High  81,17 0 0 0 11,67 5,61 12,78 
Vegetation  0 97,88 0 0 0 0,24 20,93 
Water 0 0 99,61 0 0 0 24,43 
Agriculture 0 1,56 0 100 0 0 12,99 
Bare  4,47 0 0,39 0 84,64 1,46 17,21 
Urban Low  14,37 0,56 0 0 3,69 92,68 11,66 
Total 100 100 100 100 100 100 100 
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Table 12 Confusion matrix (percentage), Dhaka 2009 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High 91,97 0 1,17 0 3,27 8,36 15,82 
Vegetation 0 98,92 0,17 1,27 0 0,36 23,64 
Water 0 0 98,49 0 0 0 18,81 
Agriculture 0 0,27 0 98,25 0,14 0,18 9,98 
Bare 2,82 0 0 0,32 95,76 0,55 22,54 
Urban Low 5,21 0,81 0,17 0,16 0,83 90,55 9,2 
Total 100 100 100 100 100 100 100 

LULC classification results (Fig.18&19) show that urban area, mainly high 

density, has expanded in the rural zone. These results are in good agreement with 

the other sources, saying that Dhaka is in transition and under high urban 

development during the last years (Hossain, 2008).  

Table 13 Dhaka LULC area per class 

Dhaka 1999 2009 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 75.9843 118.7388 56% 

Urban Low 361.8117 330.4566 -9% 

Agriculture 81.4527 122.3091 50% 

Bare 145.1754 99.1674 -32% 

Forest 63.8703 160.2432 151% 

Water 157.3920 54.7713 -65% 

Table 13 shows multidirectional dynamics of LULC classes area change from 

1999 to 2009. High-density urban area of Dhaka increased by 56.3% in 2009; 

however, Low-density urban area decreased by 9%. Agriculture class area increased 

by 50%, while Bare – decreased by 46%. Forest class increased by 150%, while 

Water – decreased by 170%. The high amount of water class pixels on 1999 image 

and their dramatic decrease in 2009 is related to the 1999 Dhaka flood. 

 

5.3.2. LST map, density slicing and LST stats. 

LST mapping results (Fig.20 and Fig.21) show that the whole area of Dhaka 

lies in much lesser LST range than in 1999. The difference in temperature between 

urban and rural classes became much less. This cannot be directly tied to LULC 

conversion, due to the influence of such factors as air temperature, surface 

moisture and amount of rainfall. However, the urban core that has increased 

during these 9 years appears as a rather hot area on Fig.21. 

Comparison of LULC classification and corresponding LST density slices 

(Fig.22 and Fig.23) reveals that vegetation and water can be assigned to a specific 
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LST classes, but the rest of classes are mixed up. NDVI – LST linear regression is -

0.70 in 2000 and -0.83 in 2009. Which still prove some relationship between LST 

and LULC with vegetated areas having lower LST, while urban areas have higher 

LST.  

 
Figure 20 LST map, Dhaka 2000 

 
Figure 21 LST map, Dhaka 2009 

 

 

Figure 24 focuses on one of the urban regions of Dhaka. Here we can see a 

very good example of LULC and LST relationship. 1999 LULC and LST show that 

urban high density classes correspond with hotter LST slices, while water and 

agriculture with cooler. On 2009 we see the same relationship. However, LULC 

 
Figure 22 LST density slicing, Dhaka 2000 

 
Figure 23 LST density slicing, Dhaka 2009 
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classes spatial distribution has changed. High density urban class increased, and so 

did agriculture. And we see, that the regions that became high-density urban class 

now belong to the same LST slice. And the area that has converted into Agriculture 

class became cooler and now belong to lower LST slice. 

 

Figure 24 Dhaka LULC and LST change 

Since, the area of Dhaka is still suffering from high urban development and 

the situation there is not stable due to reoccurring floods, which change the 

surface a lot, no significant global trends in LULC conversion and its relation to LST 

can be deducted. 
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5.4. London 

5.4.1. Land use / land cover classification results 

Fig. 25 and Fig. 26 show the results of the LULC classification for the area of 

London in 2002 and 2011 respectively. Classification results show that there are 

not that many significant changes in LULC types between 2002 and 2011. 

Nevertheless, some changes, both positive and negative exist. For example, both 

of the urban classes occupy less area in 2011 than in 2002 (28% & 25% 

correspondingly). The location of urban classes has moved to the outskirts of the 

city, especially in the east direction, closer to the outfall of the Thames River. 

However, London is an old well-established urban area, with no dramatic changes 

in LULC. The classification overall accuracy is 98.79% and 98.22% in 2002 and 2011 

correspondingly, with a Kappa coefficient 0.98 for both of the years. Tables 14 & 

15 display confusion matrixes of the classification.  

 

 

Figure  25 LULC map, London 2002 
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Figure  26 LULC map, London 2011 

 

 

Table 14 Confusion matrix (percentage), London 2002 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 
Urban High 95,81 0 1,15 0 0,19 0,44 12,53 
Vegetation 0,13 98,79 0 0 0 0,22 19,14 
Water 1,57 0 98,76 0 0 0 17,51 
Agriculture 0 0,35 0 99,81 0 0,22 17,5 
Bare 0,52 0 0,1 0 99,72 0 17,73 
Urban Low 1,97 0,87 0 0,19 0,09 99,12 15,59 
Total 100 100,01 100,01 100 100 100 100 
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Table 15 Confusion matrix (percentage), London 2011 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High 97,79 0 1,35 0 1,55 0,47 13,99 
Vegetation 0 98,96 0 0,1 0 1,56 18,78 
Water 0 0 98,65 0 0 0 19,58 
Agriculture 0 0 0 99,9 0 0 17,96 
Bare 0 0 0 0 96,31 0,78 17,74 
Urban Low 2,21 1,04 0 0 2,14 97,18 11,95 
Total 100 100 100 100 100 100 100 

High-density urban area has increased by 1.5% and Low-density urban area – 

by 6% between 2002 and 2011 (Tab. 16). Agriculture LULC class has decreased by 

18%, while bare class increased same 18%. Forest class has decreased by 5%.  

Table 16 London LULC area per class 

London 2002 2011 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 422.1594 429.2082 2% 
Urban Low 2605.7286 2762.0217  6% 
Agriculture 2100.6810 1781.8686 -15% 
Bare 1465.1622 1724.3280 18% 
Forest 1215.9468 1160.5032 -5% 
Water 146.2167 97.9650 -33% 

 

5.4.2. LST map, density slicing and LST stats. 

Firstly, LST maps (Fig. 27& Fig. 28) show that the effect of UHI is lower in 

2011 than in 2002. However, the difference between urban and rural temperature 

is higher in some areas. Secondly, the urban area of hottest temperatures in 2011 

has moved towards the outfall of the Thames River, while in 2002 the downtown 

London especially City area was the hottest.  

Mean temperatures are a bit hotter in 2011 and LST temperature density 

slices show close correspondence with LULC classes (Fig. 30). The appearance of 

hot areas at the north and northeast of the city, both in 2002, but especially in 

2011 is primary caused by agricultural season: Landsat imagery was acquired in 

September, when most of the crops are cleared, and most of the fields are newly 

developed, meaning that soils are dry and have low density. This makes them 

acquire high radiance and appear with similar spectral characteristics as that of 

the paved areas on remotely sensed data. For both dates, Fig. 29 and 30 shows a 

good agreement between LULC classes and LST vector layer, though temperature 

in the urban area of 2002 shows a higher fragmentation than in 2011. 
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Figure  27 LST map, London 2002 

 

 

Figure  28 LST map, London 2011 

NDVI-LST linear regression in London had been measured as -0.77 (2002) and 

-0.79 (2011).  

 

Figure  29 LST density slicing, London 2002 

 

Figure  30 LST density slicing, London 2011 

London is not a place with dramatic LULC changes; however, Fig.31 zooms 

on an area in the Thames River valley where some urban development took place 

between 2002 and 2011. It is visible that high-density build-up area has increased 

in 2011 compared to 2002 and some parts of agriculture and bare land have 

converted into low-density build-up. LST density slicing show that in 2011 the area 

covered by warmer slices has increased compared to 2002.   
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Figure 31 London LULC and LST change  

Summing up, autumn months are inappropriate season for monitoring UHI in 

London. Autumn scenes were chosen due to the lack of proper quality cloud free 

Landsat imagery of London during the summer season. However, it does not give 

exact view of UHI; analysis of autumn scenes shows the general trend of urban 

development and LST. London does not experience intense urban development 

right now, which results in relatively similar LULC-LST relationship both in 2002 

and in 2011. 

 



58 

5.5. Los Angeles 

5.5.1. Land use / land cover classification results 

It must be mentioned, that Los Angeles analysis has limitations due to 

original data constraints. LA lies in the middle of 2 Landsat scenes and also in the 

middle of 2 Landsat overpasses. One needs 4 original scenes coming from 2 

different orbits, to cover the city area. That affects both LULC classification 

results and LST retrieval. Overall accuracy is 98.79% in 2000 and 98.41% in 2011. 

Kappa coefficient is 0.98 for both dates. Once again, no reference data for 

accuracy assessment has been used.  

 

Figure  32 LULC map, Los Angeles 2000 

 

Figure  33 LULC map, Los Angeles 2010 
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Table 17 Confusion matrix (percentage), Los Angeles 2000 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High 95,91 0 0,06 0 0,31 2,07 11,28 
Vegetation 0 98,88 0 0,94 0 0 20,46 
Water 0 0 99,94 0 0 0 18,61 
Agriculture 0 1,12 0 99,06 0,12 0,11 20,7 
Bare 0,9 0 0 0 99,56 0 18,33 
Urban Low 3,19 0 0 0 0 97,82 10,61 
Total 100 100 100 100 100 100 100 
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Table 18 Confusion matrix (percentage), Los Angeles 2010 

Class Urban High Vegetation Water Agriculture Bare Urban Low Total 

Urban High 94,65 0 0 0 1,43 1,4 9,57 
Vegetation 0 99,48 0 2,1 0 0 18,74 
Water 0 0 100 0 0 0 20,01 
Agriculture 0,1 0,26 0 97,9 0,14 0,3 21,96 
Bare 1,98 0 0 0 98,43 0,3 19,97 
Urban Low 3,27 0,26 0 0 0 98 9,75 
Total 100 100 100 100 100 100 100 

High density built-up area decreased by 11% while low density built up 

increased by 17% (Table 19). Built-up area decrease is an unusual case for urban 

area like Los Angeles. I suppose that such results are due to the different seasons 

of the original images. These results might be affected by the quality of original 

data. As said above, the imagery came from different dates and different orbits. 

Agriculture class his decreased almost twice; Forest class has increased by 22%, 

Bare class increased by 55%. 

Table 19 LA LULC area by class 

LA 2000 2010 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 1260,6345 1139,4675 -10,63% 

Urban Low 3294,1404 3980,0583 17,23% 

Agriculture 3407,5152 1179,2223 -188,96% 

Bare 951,0705 2128,9167 55,33% 

Forest 1814,9256 2315,2779 21,61% 

Water 5471,7138 5457,0573 -0,27% 

Figures 32 & 33 show that the low-density built-up class occupies most of 

the urban area of Los Angeles. High-density built up can be found only at the City 

district and surrounding neighborhoods. LA has not changed much between the 

dates when the satellite imagery was acquired. Most of the LULC changes can be 

found at the urban fringe where the agriculture and bare classes have been 

converted to low density urban areas. Changes in agriculture and bare classes can 

be explained by the season/weather differences between the dates rather than 

LULC conversion. 

5.5.2. LST map, density slicing and LST stats. 

As mentioned before, satellite imagery covering entire Los Angeles used 

are from different dates. Since TIR data is highly sensitive to atmospheric 
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conditions, high difference between spectral radiance values at the mosaic of LA 

can be seen in the LST maps (Fig.34 and Fig.35). 

Except for the agriculture class, other LULC classes have similar 

temperatures from 2000 and 2010. Only general trends can be drawn from this 

analysis due to data problems described above. Nevertheless, the 2000 image 

(Fig.34) shows that the urban area is hotter than the surrounding vegetation and 

agriculture areas, while the hottest area is inland occupied by desert. Both 2000 

and 2010 LST maps show a major decrease of LST to north-west of the city. That is 

vegetated mountainous area occupied by a national park.  

NDVI-LST linear correlation is -0.66 and -0.73 in 2000 and 2010 

correspondingly. That figures display the same trend with lower temperatures for 

vegetated areas, but the relationship is not as strong as expected.  
 

 

 

 

 
Figure  34 LST map, Los Angeles 2000 

 

 
Figure  35 LST map, Los Angeles 2010 

Fig.36 and 37 show LST density slicing. Fig.36 gives some idea about the 

relationship between LULC classes and LST: water occupies the lowest class, most 

of the urban area lies in one LST range, and the rest of the LULC classes are more 

or less assigned to a specific LST range. Urban area is divided between two LST 

slices (Fig.37), but same as in 2000 it is not the hottest area in LA. 
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Fig.38 focuses on the downtown area of LA and surrounding forested 

mountains. The main visible LULC change here is the conversion of forest to bare 

class, probably not human caused. LST density slicing also shows no major changes 

in the build-up area.  

 

Figure 38 LA LULC and LST change  

Therefore, like London, Los Angeles is an old urban area with not much 

ongoing LULC conversions. The effect of UHI here is rather low and probably more 

weather dependent. 

 

Figure  36 LST density slicing, LA 2000 

 

Figure  37 LST density slicing, LA 2010 
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5.6. Mexico City 

5.6.1. Land use / land cover classification results 

LULC classification of satellite imagery over Mexico City reveals the changes 

in urban development of the city. In 2000 (Fig.39) high-density built-up area used 

to be in the central and northern part of the city. In 2010 (Fig.40) the amount of 

high density built-up pixels in the central area is much less; while some new urban 

areas appear on the urban fringe and former agriculture/bare classes. The area of 

the city has expanded to the north, mainly due to the geographic conditions with 

mountain ridges to the south, east and west.  

 
Figure  39 LULC map, Mexico 2000 

 
Figure  40 LULC map, Mexico 2010 
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Overall accuracy of the LULC classification is 96.75% in 2000 and 95.95% in 

2010, with a Kappa coefficient 0.96 and 0.95 correspondingly. Confusion matrixes 

can be found in Tables 20 and 21.  
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Table 20 Confusion matrix (percentage), Mexico 2000 

Class Urban High Vegetation Water Agriculture Bare 
Urban 
Low Total 

Urban High 79,76 0 0,4 0 0,89 2,34 10,35 

Vegetation 0 99,92 0 0 0 0 20,02 

Water 0 0 98,89 0 0 0 20,82 

Agriculture 0 0,08 0 100 0 0 17,39 

Bare 7,74 0 0,72 0 99,11 0,55 18,04 

Urban Low 12,5 0 0 0 0 97,12 13,38 

Total 100 100 100 100 100 100 100 
 

Table 21 Confusion matrix (percentage), Mexico 2010 

Class Urban High Vegetation Water Agriculture Bare 
Urban 
Low Total 

Urban High 78,54 0 0,09 0 0,67 1,96 13,63 

Vegetation 0 99,85 0 0 0 0 21,26 

Water 0 0 99,91 0 0 0 18,56 

Agriculture 0 0 0 100 0 0 16,52 

Bare 0,09 0,15 0 0 98,92 0 19,1 

Urban Low 21,36 0 0 0 0,42 98,04 10,93 

Total 100 100 100 100 100 100 100 

Urban area expanded in both high-density and low-density LULC classes by 

60% and 6% respectively (Table 22). Agriculture has dramatically shrunk by 120%, 

while bare class remained relatively the same with 7% decrease in 2010. Forest 

class has also decreased by 27% and Water decreased by 36%. Notable spots of 

high-density urban class surrounded by vegetation to the west of the city on Fig.40 

refer to the mountain peaks covered with snow.  

Table 22 Mexico City LULC area by class 

Mexico 2000 2010 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 1172.9682 1885.0824 61% 

Urban Low 3931.7319 4154.5692 6% 
Agriculture 1734.4998 799.2207 -54% 

Bare 14054.1138 13180.0158 -6% 
Forest 3366.4356 4268.1807 27% 
Water 104.1507 76.8312 -26% 
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5.6.2. LST map, density slicing and LST stats. 

LST map of Mexico in 2000 (Fig.41) shows that the hottest area are not at 

all urban. On the contrary, the area occupied by the city is relatively moderate in 

terms of temperature with occasional hot spots. In 2010 (Fig.42) the picture is 

different. In 2000 the hottest areas were to the north of the city, in 2010 it’s the 

southern area lying over the mountains. The LST of the whole plain where the city 

is situated is more or less the same and the city cannot be distinguised from the 

surrounding bare fields. The range of LST was less in 2010 compared to 2000 (271-

360K vs. 273-330K). For both 2000 and 2010 the lowest LST values are recorded at 

the mountains. Some pixels even have around zero (270-273K) temperature, these 

pixels  correspond to snow cover. 

 

 

Figure  41 LST map, Mexico 2000 

 

 

Figure  42 LST map, Mexico 2010 

When comparing LULC with LST density slicing results (Fig.43&44), it can 

be seen that the vegetation class falls into one LST range. Bare fields are easily 

distinguished on 200- image (Fig.43), these are the hottest parts of the area. In 

2010, the temperatures are more flat, with most of the area covered by only 3 LST 

slices. The exception is the agriculture area in the south. LST – NDVI linear 

regression is -0.79 (2000) and -0.65 (2010). These values mean that the correlation 

between LST and NDVI is still negative, that lower LST values correspond to 

healthy spacious vegetation. However, looking at the LULC classification 

(Fig.39&40) and LST maps (Fig.41&42) one could expect this correlation to be even 
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closer to -1. Probably low vegetation cover and the fact that the lowest values 

stand for bare mountains, especially in 2010, affect the results (Fig.43). 

 

 

 

 

 
Figure 45 Mexico City LULC and LST change 

The bare land LULC class holds the highest LST values in Mexico for both 

dates. Conversion of bare land (2000) into urban low- and high-density build-up 

class (2010) resulted in lower LST values (Fig.45).  

The LST of urban area in Mexico is definitely higher than that of 

surrounding vegetation, but no real UHI has been recorded here. Moreover, 

landscape and geographic features, not the urbanization impact, mainly cause this 

difference in temperature.  

 
Figure  43 LST density slicing, Mexico 2000 

 
Figure  44 LST density slicing, Mexico 2010 

City 
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5.7. Moscow 

5.7.1. LULC classification results 

During the period from 2001 to 2010, Moscow has suffered significant LULC 

changes, both in the downtown and surrounding areas. This can be seen in LULC 

classification results (Fig.46&47). The urban growth in space is not that significant, 

though some significant conversion on the urban fringe has taken place. Much 

better visible conversion is from low-density urban to high-density which happened 

to most of the downtown area.  

 

Figure 46 LULC map, Moscow 2001 

 
Figure 47 LULC map, Moscow 2010 
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Overall classification accuracy was 95.95% with a Kappa coefficient of 0.95 

in 2000 and 94.45% with a Kappa coefficient of 0.93 in 2010. Confusion matrixes, 

displaying the misclassified pixels of the LULC classification can be found in Tables 

23 and 24. 
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Table 23 Confusion matrix (percentage), Moscow 2001 

Class Urban High Forest Water Agriculture Bareare Urban Low Total 

Urban High 81,4 0,05 0,15 0,25 1,24 2,03 13,23 

Forest 0 99,55 0 0 0,2 0 18,06 

Water 0,06 0 99,85 0 0,1 0 18,66 

Agriculture 0 0 0 99,15 0,3 0,16 18,12 

Bare 0,99 0 0 0 96,78 0,49 17,9 

Urban low 17,56 0,4 0 0,6 1,39 97,32 14,03 

Total 100 100 100 100 100 100 100 
 

Table 24 Confusion matrix (percentage), Moscow 2010 

Class Urban High Forest Water Agriculture Bare Urban Low Total 

Urban high 83,43 0,05 0,27 0 1,16 6,32 11,61 

Forest 0 99,32 0 0 0 0,29 19,65 

Water 1,19 0 99,73 0 0 0 19,53 

Agriculture 0,08 0,05 0 94,08 0,63 3,38 20,28 

Bare 0,87 0 0 1,96 94,41 2,21 19,18 

Urban low 14,43 0,58 0 3,96 3,8 87,79 9,75 

Total 100 100 100 100 100 100 100 
 

Table 25 Moscow LULC area by class 

Moscow 2001 2010 Change 
rate Area 

(sq.km) 
Area 

(sq.km) 
Urban High 646.8552 868.1670 34% 

Urban Low 2604.1446 2735.5617 5% 

Agriculture 980.3061 2889.2403 195% 

Bare 2482.1892 393.4827 -84% 

Forest 5579.3268 4003.3935 -28% 

Water 193.2021 124.9209 -35% 

According to Table 25, Moscow’s urban area has grown from 2001 to 2010: 

high-density built up by 34% and low-density built up by 5%. At the same time, 

agriculture class has expanded almost twice, while bare class decreased in 6 times. 

Forest class has also decreased by 28%.  

5.7.2. LST map, density slicing and LST stats. 

LST mapping (Fig.48&49) shows that the trend of spatial LST distribution is 

the same in 2001 and 2010, though the range of temperatures became bigger and 

downtown Moscow possess more exceptional hot spots in 2010 (Fig.49). 
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Figure  48 LST map, Moscow 2001 

 

 

Figure  49 LST map, Moscow 2010 

The relation between LST density slices and LULC classes is especially good 

when describing Moscow (Fig.50 &51). In most cases, LST slices coincide with LULC 

classes. In Moscow, we cannot talk about the classic case of UHI, because the 

hottest part of the city lies, not in its center, but distributed as a circle in the 

middle of the city. This area matches a circular highway with surrounding 

industrial areas and large paved surfaces. The UHI trend still can be noted in 

Moscow, because the temperatures inside the city are still higher than outside of 

the city. For example, Moscow River outside of the city fits into LST class for 

water, while, inside the city, it falls into a warmer vegetation class. The same 

applies to vegetation. City vast parks are several degrees hotter than forests 

outside the city.  

LST-NDVI linear regression is -0.75 and -0.80 in 2001 and 2010 

correspondingly. This again proves that vegetated areas possess lower LST values.  
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Figure  50 LST density slicing, Moscow 2001 

 

Figure  51 LST density slicing, Moscow 2010 

LST density slicing show that in 2010 2 hottest slices are mainly distributed 

inside the city forming a more visible UHI effect. Fig.52 focuses on an area which 

has been under massive urban construction. It can be seen from LULC 

classification: large area of low density build-up, agriculture and bare classes 

converted into high density build up class in 2010.  

 
Figure 52 Moscow LULC and LST change 

Higher temperatures outside the city match the highways running from the 

city. Most urban development in and outside the city is spread around those 

highways. Despite the absence of classic UHI, Moscow possesses straight relation 

between urban development and higher LST.  
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5.8. New York City 

5.8.1. LULC classification results 

LULC changes in New York (Fig.53&54) are relatively high for such an old 

megacity. Though, the changes mainly affect the periphery regions where lots of 

urban construction takes place. For example, Manhattan is relatively unchanged. 

The urban growth mainly affects low density built up class. High density urban 

class can be found in central New York and it has not changed much during these 

10 years. 

 

Figure  53 LULC map, NYC 2000 
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Figure  54 LULC map, NYC 2010 

Overall accuracy of LULC classification is 95.64% and 94.41% with Kappa 

coefficient 0.94 and 0.93 in 2000 and 2010 correspondingly. Confusion matrixes 

can be found in tables 26 and 27 below.  

Table 26 Confusion matrix (in percent), NYC 2000 

Class Urban High Forest Water Agriculture Agri_bare Total 

Urban High 99,74 0,51 0 0 0 24,56 
Forest 0,26 92,21 0,84 0 0 19,64 

Water 0 7,17 88,58 0 2,26 17,82 
Agriculture 0 0,1 2,4 100 1,07 18,95 
Bare 0 0 8,17 0 96,67 19,03 
Total 100 100 100 100 100 100 

Table 27 Confusion matrix (in percent), NYC 2010 

Class Urban High Forest Water Agri_crop Agri_bare Total 

Urban High 99,74 0,51 0 0 0 24,56 
Forest 0,26 92,21 0,84 0 0 19,64 
Water 0 7,17 88,58 0 2,26 17,82 
Agriculture 0 0,1 2,4 100 1,07 18,95 
Bare 0 0 8,17 0 96,67 19,03 
Total 100 100 100 100 100 100 

Table 28 NYC LULC area by class 
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NYC 2000 2010 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 832.0662 897.2595 8% 

Urban Low 2705.4828 2909.6514 8% 

Agriculture 301.8177 496.5237 65% 

Bare 625.7682 258.4179 -59% 

Forest 1933.4700 1740.2094 -10% 

Water 6930.9387 7027.4817 1% 

Both urban LULC classes, high and low-density built up has expanded by 8% 

between 2000 and 2010 (Table 28). Agriculture increased by 65%, while bare 

decreased by 60%, forest decreased by 10% and the water by 1%, which can be 

counted as no change. 

 

Figure  55 LST map, NYC 2000 

 

Figure  56 LST map, NYC 2010 

5.8.2. LST map, LULC LST relationship 

LST maps from 2000 (Fig.55) and 2010 (Fig.56) coincide with each other, 

the temperature ranges of 2000 and 2010 are in close agreement. Though, there is 

a difference in LST spatial distribution. For example, middle range LST values 

(yellow color on Fig.55&56) occupy larger area in 2010 than in 2000, replacing 

cooler temperatures. It means that urban outskirts that used to possess lower LST 

values than the rest of the urban area in 2000, have LST values closer to the rest 

of the urban area in 2010. 

This means that the relationship between LULC and LST becomes tighter in 

NYC. It is visible at the LST density slicing maps (Fig.57&58). In 2000, only some 

land use/land cover types classes could fit into corresponding LST classes, in 2010 

urban high density, urban low density, agriculture and partly vegetation fit into 
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corresponding LST class. NDVI – LST linear regression is -0.65 (2000) and -0.79 

(2010). 

 

Figure  57 LST density slicing, NYC 2000 Figure  58 LST density slicing, NYC 2010 

The area on Fig.59 is one of the few areas with visible LULC conversion in 

NYC. As we can see high-density built-up area has grown in 2010 compared with 

2000 and the LST density slicing reflect this conversion. 

 
Figure 59 NYC LULC and LST change 

Summing up, NYC hosts the effect of UHI, with highest temperatures in high 

density urban areas of New Jersey and spreading lower temperatures higher than 

that of the rural across the city. 
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5.9.  Sao Paulo 

5.9.1. LULC classification results 

Sao Paulo experienced quite large LULC changes (Fig. 60 & Fig. 61), both in 

the downtown area and at the urban fringe. Overall area of urban space has 

increased for Sao Paulo and its satellite cities. The rest of class conversions were 

between agriculture and the bare land class, which can be explained by different 

weather conditions and harvest season.  

Figure 60 LULC map, Sao Paulo 2000 Figure 61 LULC map, Sao Paulo 2010 
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Overall classification accuracy is 92.65% with a Kappa value of 0.91 in 2000 

and 97.5%/0.97 in 2010. Confusion matrixes can be found in tables 29 and 30 for 

LULC 2000 and 2010 correspondingly.  

 

 

 

Table 29 Confusion matrix (in percent) Sao Paulo 2000 

Class  Urban high Vegetation Water Bare Urban low  Agriculture  Total  

Urban high 84,28 0,00 0,93 2,92 3,50 0,00 13,03 
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Vegetation 0,29 98,94 0,00 0,00 0,13 0,00 18,53 

Water 0,00 0,00 99,07 0,00 0,00 4,02 17,18 

Bare 0,86 0,00 0,00 88,20 5,76 0,00 16,83 

Urban low  14,57 0,84 0,00 8,48 89,58 0,17 17,97 

Agriculture 0,00 0,22 0,00 0,39 1,04 93,88 16,46 

Total  100,00 100,00 100,00 100,00 100,00 100,00 100,00 
 

Table 30 Confusion matrix (in percent) Sao Paulo 2010 

Class UrbanHigh Vegetation Water Agriculture Bare UrbanLow Total 

Urban High 82,4 0 0 0 0,6 0,87 6,32 

Vegetation 0 99,69 0 0,62 0 0 20,79 

Water 0 0 100 0 0 0 21,75 

Agriculture  0 0,13 0 98,65 0 0 22,74 

Bare  0,52 0 0 0 96,42 0,52 18,96 

Urban Low 17,07 0,19 0 0,73 2,98 98,61 9,44 

Total 100 100 100 100 100 100 100 
 

Table 31 Sao Paulo LULC area by class 

SP 2000 2010 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 731,8296 922,158 20,64% 

Urban Low 3040,3791 4741,5771 35,88% 

Agriculture 1390,6089 3829,1634 63,68% 

Bare 3348,1323 991,9854 -237,52% 

Forest 6650,2332 4686,4647 -41,90% 

Water 228,8169 218,6514 -4,65% 

High density built up LULC class has grown by 21,64%, while low density 

built-up штcreased by 36% (Table 31). The most dramatic change has occurred to 

bare class: it shrank by 237.5%. At the same time, agriculture class has increased 

by 64% and forest decreased by 42%.  

5.9.2. LST map, LULC LST relationship 

LST spatial distribution across Sao Paulo and surrounding areas in 2000 (Fig. 

62) and 2010 (Fig. 63) does not match each other. The range of LST values is 

different, with much wider range (55 Kelvin degrees vs. 38) in 2010. The effect of 

UHI can be seen in both the 2000 and 2010 maps, but, in the later year, its 

influence is more significant. Despite UHI, large rural areas lying to the north of 

the city possess similar LST values as high density urban areas. This is probably the 
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result of the geographic position of these areas as well as their agricultural land 

use.  

LST density slicing results (Fig.64&65) are in close correspondence with the 

results of LULC classification (Fig.60&61), eliminating that the city’s urban high 

density class became hotter. The only exception is again the agriculture class, 

which is hotter than the other rural land use classes. In 2000 (Fig.60) almost the 

whole urban area fits into one LST range. Vegetation, bare land and water are also 

easily distinguished. The situation in 2010 is similar (Fig.61) though urban area 

hosts 2 LST slices, with higher LST values inside the city. LST – NDVI relationship 

for Sao Paulo is -0.70 and -0.79. The results of this linear regression prove the 

increasing UHI trend, with higher discrepancy in LST between vegetated and non-

vegetated areas.  

 

 

Figure  62 LST map, Sao Paulo 2000 

 

 

Figure  63 LST map, Sao Paulo 2010 
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Fig.66 shows an area at the outskirts of the city, where urban growth is 

visible. Here a strong relationship of LULC-LST is visible. Areas converted into 

urban class in 2010 also gain a different LST slice with higher temperatures.  

 

Figure 66 Sao Paulo LULC and LST change 

Sao Paulo experiences UHI effect and it seems to be growing bigger together 

with urbanization expansion. If the same trend continues, the difference in 

temperature between urban/non-urban areas becomes even more noticeable.  

 

Figure  64 LST density slicing, Sao Paulo 2000 

 

Figure  65 LST density slicing, Sao Paulo 2010 
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5.10. Tokyo 

5.10.1. LULC classification results 

The most part of Tokyo metropolitan area did not suffer from massive 

changes between 2002 and 2011. Urban area has increased a bit in 2011 (Fig. 68) 

when compared to 2002 (Fig.67), mainly for the low density urban class. LULC 

classification accuracy in 2002 is 93.22%, Kappa coefficient 0.92, confusion matrix 

– Table 32. 2011 – 93.96% / 0.92, confusion matrix in Table 33 below. 

 

Figure  67 LST map, Tokyo 2002 Figure  68  LST map, Tokyo 2011 
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Table 32 LULC classification confusion matrix (in percent), Tokyo 2002 

Class     
Urban 
high Vegetation Water Bare 

Urban 
low  Agriculture  Total  

Urban high 74,45 0,00 1,04 4,69 4,19 0,00 13,76 

Vegetation 0,06 99,88 0,00 0,00 0,00 1,90 16,63 

Water 1,92 0,00 98,96 0,00 0,00 0,00 19,32 

Bare 3,32 0,00 0,00 93,11 1,60 0,00 15,78 

Urban low  20,02 0,00 0,00 2,20 93,90 0,00 16,42 

Agriculture 0,23 0,12 0,00 0,00 0,31 98,10 18,09 

 Total  100,00 100,00 100,00 100,00 100,00 100,00 100,00 
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Table 33 LULC classification confusion matrix (in percent), Tokyo 2011 

Class     Urban high Vegetation Water Bare 
Urban 
low  Agriculture  Total  

Urban high 74,45 0,00 0,70 3,56 3,64 1,01 19,92 

Vegetation 0,06 99,84 0,00 0,00 0,00 0,05 25,93 

Water 1,92 0,00 99,30 0,00 0,00 0,00 20,78 

Bare 3,32 0,00 0,00 94,52 6,05 0,05 19,33 

Urban low  20,02 0,16 0,00 1,92 89,10 0,41 5,63 

Agriculture 0,23 0,00 0,00 0,00 1,21 98,48 8,41 

 Total  100,00 100,00 100,00 100,00 100,00 100,00 100,00 

Table 34 Tokyo LULC area by class 

Tokyo 2002 2011 Change 
rate Area (sq.km) Area (sq.km) 

Urban High 1203.7419 975.4236 -19% 

Urban Low 3741.9579 4774.5441 28% 

Agriculture 2781.9630 3392.5878 22% 

Bare 4856.0805 3639.8007 -25% 

Forest 2427.4197 2217.3552 -9% 

Water 5105.9970 5117.4486 0% 

While low-density build-up area has expanded by 28%, high density built up 

area decreased by 19% (Table 34). Agriculture has grown by 22%, while bare land 

decreased by 25%. Forest decreased by 8% and water has seen no changes.LST 

map, LULC LST relationship 

LST maps from 2002 (Fig.69) and 2011 (Fig.70) are similar: the spatial 

distribution of temperatures is the same, though the temperature range in 2011 is 

 

 
Figure  69 LST map, Tokyo 2002 

 

 
Figure  70 LST map, Tokyo 2011 
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a bit larger. Mean LST values distributed among LULC classes remain almost the 

same with insignificant changes.  

Tokyo megacity is an example of a megacity hosting urban heat sink (UHS) 

with downtown temperatures lower than the rest of the urban area and 

surrounding vegetation and agricultural area. This trend is noted already in 2002, 

but, in 2011, it became more defined. UHS in Tokyo can be explained by its 

geographical position: it is situated in the valley surrounded by mountain chains 

and moderate ocean climate cooling down the high-built up urban area of the city 

center. Another explanation lies in the history of Tokyo’s development. Though it 

is the largest megacity in the world hosting more than 30 million people, its 

development has slowed down in recent years with a development boom a few 

decades ago. This corresponds to the fact that areas under intensive development 

have higher LST, while stable urban areas, have lower LST values. However, the 

effect of UHI is also present in Tokyo, because the whole plain occupied by 

metropolitan region is much hotter than surrounding non-urban areas.  

NDVI – LST relationship is -0.76/-0.77 in 2002 and 2011 correspondingly. 

LULC – LST relationship can be seen quite well in fig. 71 and fig. 72, which displays 

the results of LST density slicing. Areas with highest LST values (red color) match 

the bare land class. That forms a distinguishing LULC-LST relationship in Tokyo, 

 

Figure  71 LST density slicing, Tokyo 2002 

 

Figure  72 LST density slicing, Tokyo 2011 
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which can be seen in the Fig. 73 in focus. In 2000 the hottest LST slices matched 

the bare land LULC class. In 2010 much of the area has been converted into low-

density urban built up area. And the LST image changed correspondingly.  

 

Figure 73 Tokyo LULC and LST change 

Tokyo is rather stable urban area with not many ongoing LULC conversions. 

Still, its urban development history and unique geographic position gives a way to 

differently directed trends. We can find here rather cool downtown area, which is 

covered by high-density built-up class, but at the same time, we cannot deny the 

existence of UHI for the whole urban area. 
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6. Discussion 

6.1 General Trends and and Comparisons 

Changes in LULC classes around all 10 megacities unveil 2 major trends in 

the development of urbanized areas. The first one mainly concerns the “old” 

megacities of the developed countries. On the example of New York City, London 

and Tokyo we can see that the increase in urban area is relatively low, not higher 

than 10% during 10 years. Different situation is in newer megacities in developing 

countries, where we can see a major growth of the urban area, both high-density 

and low-density. For example, in Delhi low-density built-up area has increased in 3 

times by 2010. It is the same with Dhaka, where high density built up area 

increased by 56%. Total urban area of Beijing and Sao Paulo has expanded by 60% 

and 39% respectively. Most cities with high increase in urban class has also 

significant decrease in agriculture and bare land classes (Beijing, Delhi, Mexico 

City), which might have a resulting affect in future LST changes as according to 

Fall (et al. 2009) all conversions from agriculture class to any other class lead to 

surface temperature increase. 

The findings in this project on LST distribution and its relationship with LULC 

conversion are similar to other research results, for example, Xiao and Weng 

(2005), Muttitanon (2004), Nonomura (2008), Sun (2011). Higher temperatures are 

more common for urban areas under development or recently developed areas. 

The difference between temperatures of urban area and surrounding rural areas is 

visible for each city, both for the main urban area and smaller urban outbursts. 

However, no radial spatial distribution of urban LST and UHI has been found, hot 

temperatures are distributed more like hotspots around the city often matching 

densely built-up areas or construction sites. This means that the spatial 

distribution of LST and UHI depends more on corresponding LULC class than the 

distance from the urban center. 

For most of the cities, the range of LST values became wider in 2009-2011. 

This cannot be called a universal trend, because LST is influenced by many factors, 

but this fact is in close correspondence with the modern climate change studies. 

For ‘old’ megacities, like London, New York and Tokyo, the city center is not the 
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hottest area of the city. These cities surely host the UHI effect, but its center 

usually lies outside the downtown area, matching the areas under urban 

development. At the same time, vegetated urban areas possess lower LST values. 

As in correspondence with other researches of UHI and LST and its 

correlation with LULC, the results show strong negative relationships between LST 

and NDVI for all of the cities. That means those areas with spacious and healthy 

vegetation experience lower surface temperatures, than that of the areas with 

weak or no vegetation at all.  

In order to get better relation between LULC and LST the LST raster were 

corrected by emissivity, since different land cover types possess different 

emissivity, which is not taken into account by the sensor. The results of this 

correction significantly improved the LST maps and produced appreciable evidence 

of relation between high temperatures and urban land use types.  

 

6.2 Limitations: 

There are a few limitations of this project. First, the effect of UHI is 

supposed to be at its highest peak during the hot season. Nevertheless, not all the 

imagery for the cities comes from that season, due to unavailability of decent 

cloud-free imagery suitable for processing. Second, the nature of UHI is a 

limitation itself. UHI is changing from day to day and does not have a stable state. 

Moreover, it depends a lot on external factors, like air temperature or weather, 

which are hard to take into account in a study like this. Third, the analysis lacks 

statistical analysis. The only statistical data available is linear regression between 

NDVI and LST. The last limitation is that all further results depend on the quality of 

classification results, which is the source of possible misinterpretation. Especially, 

when the selected classification method (Maximum Likelihood) is not the best-

known method. The classification results are used in further analysis, not only for 

LULC maps, but also for emissivity correction of LST values. 
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7. Conclusions and Future Research  

7.1 Conclusions  

The aim of this project was to investigate how land use/land cover classes 

are related with land surface temperatures and how urban development influences 

changes in LST. Ten megacities of the world with different characteristics where 

chosen as the study area. They showed different results and different trend, but 

some universal conclusions might be drawn. Megacities hosted in developing 

countries tend to have huge urban growth with urban area expanding into adjacent 

agriculture and bare land areas, while megacities at the developed countries have 

much smaller growth and lesser influence at the surrounding areas.  

In most cases, land use/land cover classes can be related to LST values, 

utilizing density slice. This works for areas not suffering from constant dramatic 

LULC conversions caused by both human beings and natural disasters. For those 

under such influence, (like Dhaka, Bangladesh) it is hard not just to relate LULC 

classes to LST, but also produce qualitative LULC classification.  

Summing up, the relationship between LULC and LST is not always 

straightforward, but in order to reduce the influence of growing surface and air 

temperature and the influence of UHI, sustainable city planning should be utilized 

with less urban paved areas and more urban vegetated areas. This especially 

applies to developing countries and their megacities, because they experience 

much more risks from the urban environment than developed cities. 

7.2 Future research: 

Further research could include utilizing more effective classification 

methods, such as neural networks or Support Vector Machines to reduce the 

classification errors and their influence on the final results. It would be also 

interesting to perform classification on the imagery of higher resolution. This will 

give the idea of LST variation inside the city depending on more precise land use / 

land cover classification. In addition, further research could include finding better 

statistical and quantitative interpretation of LULC-LST relationships.  
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