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Abstract 

Land surface temperature (LST) and air temperature (Tair) are the primary metrics applied to measure and 

analyze urban heat island (UHI) effects, a thermal phenomenon caused by urbanization. This thesis aims 

to study the UHI effect of a rapidly expanding low-density urban center using two satellite based LST 

products. Milton, Ontario, Canada was selected as the study site due to its rapid urban development from 

2000 to 2019. Two LST products extracted from Landsat 7 Enhanced Thematic Mapper (ETM+) through 

Google Earth Engine at 30 m resolution and Moderate Resolution Imaging Spectroradiometer (MODIS) 

at 1 km resolution were compared. The influence of the spatial resolution, land cover, vegetated surfaces 

and seasonality on the relationship between LST and in situ Tair were examined.  UHI footprint (UHIFP) 

and the surface UHI (SUHI) models were compared to measure the local UHI impact on rural vegetation 

based on the time series LST data from Landsat 7.  The UHI impact on surrounding land in the suburban 

and rural environment from 2000 to 2019 was analyzed. 

Results show that MODIS LST from Terra had stronger relationships with Landsat 7 LST than 

those from Aqua. Tair demonstrated weaker correlations with Landsat LST than with MODIS LST in 

sparsely vegetated and urban areas during the summer. Due to the winter’s ability to smooth heterogenous 

surfaces, both LST and Tair showed stronger relationships in winter than summer over every land cover, 

except with coarse spatial resolutions on forested surfaces. The UHI footprint of the studied low-density 

suburban center is about 1.4 times larger than the urban center. All vegetated land covers experienced 

their maximum cooling effects well before reaching the UHIFP perimeter while urban surfaces only begin 

to diverge from the SUHI Gaussian model outside of the UHIFP. The similar results from both methods 

indicate a strong urban cover influence overpowering the dominantly distributed agricultural surfaces 

throughout the growing season.  Moisture index was shown as the dominant variable, above vegetation 

health, correlating with the UHI residuals within every land cover throughout the growing season. This 

research has helped us better understand the UHI effects of small communities with varied vegetation 
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phonology based on the distribution of built-up pervious and impervious surfaces within the 

neighborhood structure. 
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Chapter 1 

Introduction and Literature Review 

This chapter provides context for the research presented and amalgamated in Chapters 2 and 3 of 

this thesis. The central focus of this research is to understand the relationship between land 

surface temperature (LST) and different bio-productive land covers in a rapidly urbanizing 

Canadian environment. LST data plays an important role in examining urban heat islands (UHI) 

around the world. Its relationship with air temperature (Tair) relative to local land covers helps 

determine the temperature variability depending on surface characteristics, especially in an urban 

environment. Heat absorption from different types of urban surfaces, along with anthropogenic 

activities from urbanization, contribute to UHI effects from rising LST and Tair.  

 This introduction and literature review examines the global development of urban 

expansion with emphasis on the Canadian domain. Next, the concept of UHI is examined. The 

applications and progress accomplished with LST through remote sensing are also discussed. 

Finally, the local study site is introduced. 

1.1 Urban Development 

Throughout the 20th Century, a global transition occurred from prominently agrarian nations to 

urban dwellers. By 1900, around 13% of the Earth’s population resided in urban places of 5,000 

people or more; an urban size which in 2007, over half the world’s population would call home 

(Brunn et al., 2020). This rapid migration has introduced a plethora of land use/land cover 

patterns along with new human and environmental challenges to overcome. 

Urban forms and patterns have evolved based on purpose and technology. Urban spatial 

processes were originally developed following an agricultural surplus based on concentration of 

power and decision making, flow and location of economic activities, diffusion of innovation, and 

migration (King & Golledge, 1978). Their locations would be advantageous based on the 
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surrounding topography and proximity to valuable resources. As population accumulated and 

technological innovations developed, a city’s urban land-use patterns changed with the needs of 

the time. Commercial activities were arranged in a centralized hierarchy with the Central 

Business District (CBD) at the apex. Industrial space became increasingly decentralized with 

transportation innovations and environmental considerations (King & Golledge, 1978). 

Residential remained the largest occupier of space with preference for low-density. Alternatively, 

conditions with high-density urban life often manifested in mental, physical, and social 

pathologies resulting in varied levels of sensory overload and social disorganization based on 

culture (Porteous, 1977).  

Due to the complexities of designing urban structures for optimal living spaces, three 

generalized patterns of land uses were naturally produced. The concentric zone hypothesis places 

the CBD (where major commercial, political, and social activities are centered in its highest 

forms of density) as the core with further decentralized residential on the outside (King & 

Golledge, 1978). The wedge and sector hypothesis determines residential patterns based on 

physical features such as rivers, lakes, railways, and major highways (King & Golledge, 1978). 

Finally, the multiple nuclei pattern applies both ideas and dictates land-use patterns around 

several centers (King & Golledge, 1978). Examples of each form are present around the world, 

especially within Canada where all three may be exhibited within one region.  

The perseverance of small cities is complex as their role is either diminishing or 

changing. In the latter half of the 20th Century, there was concern about the continuing viability 

of small urban places as efficient transportation networks improve travel times to larger urban 

centers and only “convenient” shopping needs are met in smaller towns (King & Golledge, 1978). 

Although those concerns have not disappeared and the state of small communities is in constant 

flux, urban centers of a similar size adjacent to major cities, known as suburbs, have become the 

desired location for present migration. With a large portion of the increasing human population 
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housed within suburbs, they exist within the background of large cities around the world as newer 

and low-density communities (Forsyth, 2014). Despite their individual importance in the structure 

and distribution of a local population, suburbs are often excluded from urban analyses or 

incorporated with the major metropolitan CBD. 

The environmental consequences to all forms of urbanization and anthropogenic 

activities have become an increasingly prevalent concern around the world. These include 

disturbances to vegetation (such as deforestation), fauna (expansion and retraction of animal 

populations), soil (such as salinity or erosion), waters (such as river flow and pollution), 

geomorphology (such as landforms produced from excavation or construction), and atmosphere 

(Goudie, 1994). A major subject matter throughout this thesis is centered around the urban heat 

island (UHI) effect, which is a cause of many disturbances. It will be discussed more extensively 

in Section 1.2; however, it is important to recognize that it is not the sole consequential product of 

urbanization. 

1.1.1 Urban Development within Canada 

Over the past several decades, the urban form of Canadian cities has dramatically changed its 

character away from the concentric model designed around an urban core. This has resulted in the 

decentralization of population and employment from monocentric cities with highly important 

CBD to a suburban polycentric model with automobile dependency and continuous infrastructure 

project investments (H. Maoh & Kanaroglou, 2007). The new multinucleated urban form presents 

population and employment patterns distributed to a variety of foci (Cuthbert & Anderson, 2002). 

Additionally, the increased necessity for urban design structured on automobile dependence has 

changed the attitudes of the population and land use planning design to accommodate for urban 

sprawl. People desire housing situated further from the CBD to enjoy increasingly spacious 

private residences with reasonable commuting distances (Ash, 2017). The consequence to such 

changing attitudes is a population’s rapid horizontal expansion in the form of low-density 
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developments as distance increases from the CBD (H. F. Maoh et al., 2010). Outer-city 

urbanization often takes three main forms abundantly used throughout North America: satellite 

cities, suburban towns, and exurban communities. 

 There is often disagreement regarding its definition; however, a general consensus states 

that satellite cities are independent political jurisdictions with civic and industrial autonomy 

outside of the major city (Goldfield, 2007). These cities thrive with its own supply of job 

opportunities and public facilities by retaining a distance from the major city while remaining 

closely related in terms of administration, economy, culture, and life (Shao, 2015). This contrasts 

the conventional approach to describing suburban communities with their reliance upon major 

cities. 

 The term ‘suburban’ can hold a variety of implications depending upon the country in 

which it is being used. Prior to the second world war, suburbs were communities where the 

metropolitan elite could escape the congestion, stress, and epidemics of the metropolis through 

rail and streetcar connections to middle class homes with grand villas, gardens, and horses 

(Hanson, 2017). Rapid suburban expansion soon became possible with the increasing demand for 

housing, reductions in construction costs, government building programs, mass production of 

automobiles, and greater emphasis on low-density single-family housing architecture (Caves, 

2005). The main separation they have with satellite cities relates to their reliance on the central 

metropolis for employment, entertainment, specialized retail, and commercial services (Goldfield, 

2007). Local commercial and industrial activity continues to exist; however, these communities 

would fail to thrive in the absence of the main urban center.  

The differentiation between the major metropolitan cities, satellite cities, and suburbs is 

paramount in dissecting the residential distribution throughout Canada. Gordon & Janzen (2013) 

described how 80% of Canada’s metropolitan population (and 66% of all of Canada’s population) 

are suburban residents (his suburban demographics is inclusive of satellite city residents). As a 
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result, understanding the environmental impact of suburban development is necessary as it 

represents where the majority of Canadian urban expansion occurs.  

 A third suburban category is described as an alternative classification to the use of the 

word “rural”, which is often associated with agricultural practices. Exurban refers to any census 

tract with a very low gross population density and heavy reliance upon automobiles where over 

half of the labour force commutes to central cities for employment (Gordon & Janzen, 2013; 

Gordon et al., 2018). This thesis will use the term ‘rural’ in continuity with previous research on 

UHI while the area is actually exurban in function. 

1.2 Urban Heat Island 

The well-studied consequence of urbanization, the urban heat island (UHI) effect, was initially 

discovered by Luke Howard while studying meteorological patterns in London, UK (Howard, 

1818). Despite limited resources and methodology, Howard was capable of accurately describing 

the UHI through four main discoveries which continue to be applicable today. 

First, he discovered through the available records in London that the denser parts of the 

metropolis experience warmer temperature, especially during the winter, when compared to the 

less dense suburban areas (Mills, 2008). Population density and urban patterns have proven to 

have instrumental roles in regards to temperature variation. Ramírez-Aguilar & Lucas Souza 

(2019) reported that population densities above 14,500 inhabitants/km2 have potential for causing 

air temperature variations greater than 1˚C, increased obstructions in the sky, and reduced 

vegetation phenology. As a result, the urban form and population density can dictate the 

magnitude of a local UHI. 

Howard also discovered the effects that the urban canopy layer has upon local 

temperature. He noted an increasing UHI trend towards the core of a settlement where building 

density is maximized, pockets of cooler air are localized, and the natural features remain, such as 

lakes, rivers, and parks (Mills, 2008). As an example, being one of the most densely populated 
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cities in the world, Hong Kong experiences some of the most dramatic UHI effects globally. Its 

compact highly urbanized form results in temperature changes as high as 4˚C (Tan et al., 2016). 

The locality of urban parks and natural features within the metropolis delivers relief from UHI 

effects. A study in Hong Kong (Lin et al., 2017) identified 10 pocket parks (urban green spaces 

surrounded by high-rise buildings/high density built up areas) which help alleviate UHI intensity 

at a micro scale during day and night. These reports indicate significant cooling properties within 

an otherwise highly urban area. The understanding of varied temperatures throughout urban 

centers is fundamental in determining why and how it differs from lower density and rural land 

covers outside of the metropolis. 

Anthropogenic gases have also long been identified as being a contributor to UHI. 

Howard noticed how the heat produced from our bodies, animals, and industries plays a major 

role in creating warmer environments in an urban setting which was even more noticeable in the 

winter due to chimney exhaust from residential heating (Mills, 2008). Since Howard’s death, 

anthropogenic pollution in the form of greenhouse gases have become a dominant factor affecting 

the radiation budget within urban centers. Increasing quantities of aerosols exhausted into the 

atmosphere results in scattering incoming solar radiation, a reduction of radiation absorbed and 

reflected on the surface, and the atmospheric absorption of emitted longwave radiation from the 

surface (Li et al., 2018). The absorbed atmospheric infrared radiation can then be emitted back to 

the surface, thus increasing heat stored in urban environments. In effect, increased concentrations 

of pollution impacts the UHI intensity. 

The detection of moisture for evaporation was the fourth main discovery Howard found. 

The vertical structures in London reflects and acquires solar radiation and then impedes the 

passage of light summer winds, allowing for faster evaporation compared to its countryside 

counterpart (Mills, 2008). Water bodies have the advantage in reducing UHI impacts. With 

ventilation services available, in conjunction with shortwave solar radiation, water has a 
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prominent cooling ability in its evaporation (Xu et al., 2019). Compared with impervious 

surfaces, the thermal capacity of water is much slower at contributing to rising temperature levels 

(Yu et al., 2020). The effects of UHI can be reduced when properly incorporating water bodies 

and vegetated spaces within larger metropolises. 

1.3 Land Surface Temperature, Remote Sensing, and Urban Heat Island (UHI) 

Effect 

New methods to calculate UHI effects have evolved from studying the relationship between 

urban environments and temperature. Oke (1973) introduced methods of modelling the difference 

between background rural and the highest urban temperatures with city size (as measured by 

population). In situ LST and Tair stations measuring the seasonal UHI effects for a variety of cities 

were implemented to study variations caused by natural and anthropogenic forces (Dettwiller, 

1970; Katsoulis & Theoharatos, 1985). Technological advancements with satellite data allowed 

for a more widespread global exploration of its effects with a variety of scales and methods for 

assessment. 

The acquisition of LST is distinctively different from near surface Tair based on methods 

of measurement and the variables in effect. Tair is measured at elevated platforms with ventilated 

sensors offering protection from solar radiation (Mildrexler et al., 2011). Vegetation distribution, 

canopy coverage, wind, humidity, and additional atmospheric properties surrounding each 

climate station present variables which can greatly affect the local Tair (Stewart & Oke, 2012). 

LST, alternatively, differs from Tair due to its physical meaning, magnitude, and measurement 

techniques through its estimation of thermal radiance from the surface (Mildrexler et al., 2011). 

Despite their differences, Tair can be successfully estimated through interpolation using LST data 

(Kloog et al., 2014) and estimated with greater degrees of success with snow coverage (Shamir & 

Georgakakos, 2014). Both metrics represent temperatures involving differing properties and 

variables which influence the atmospheric environment they involve. 
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Satellite derived LST is dependent upon thermal infrared (TIR) imagery acquired from 

different sensors. Derived from thermal, radiance, and moisture properties, LST is an important 

variable for modeling energy fluxes on the surface environment, the retrieval of spatially 

continuous air temperature, and the quantification of the surface UHI effect (Fu & Weng, 2016). 

Its data is derived from sensible and latent heat with emphasis on albedo, evapotranspiration, and 

surface roughness influences among other factors (He et al., 2018). It’s application with 

Geographical Information Systems (GIS) provides global coverage and scope, varied levels of 

resolution, plethora of selectable options, and accessibility to data that would otherwise be 

unattainable (Tomlinson et al., 2011). With its availability, the assessment of its relationship with 

land covers at different scales and UHI impacts is feasible. 

 Following the introduction of high-resolution monitoring satellites, it is now possible to 

perform remote UHI analyses with any global location. The earliest examples of understanding 

the scientific processes using remote sensing technology dates back to the 1970s (Matson et al., 

1978; Price, 1979); however, the techniques employed were primitive compared to modern 

developments. Gallo et al. (1993) first discovered a positive correlation between the normalized 

difference vegetation index (NDVI) and both LST and Tair in urban and rural environments using 

imagery acquired from the NOAA Advanced Very High Resolution Radiometer (AVHRR). The 

adoption of satellite-derived data accelerated the advancements made studying UHI. A two-

dimensional Gaussian surface modelling the UHI effects of the urban-rural differences introduced 

methods of displaying the distribution and quantification of the spatial breadth of the UHI (D. R. 

Streutker, 2002; David R Streutker, 2003). The planar fit model, known as the surface UHI 

(SUHI) model, has since become widely used to study the magnitude, orientation, spatial extent, 

and temporal change. 

 In the past two decades, a plethora of advancements have been made for analyzing and 

understanding the UHI effects with a variety of variables and methods. With the majority of the 
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research focusing on its effects within the urban environment (Oke, 1973; Rajasekar & Weng, 

2009; Santamouris et al., 2007; David R Streutker, 2003), gaps have remained with studies 

focused on the rural surface effects from the UHI footprint. Research on the consequences to 

vegetation phenology using satellite imagery began with focus on its influence on the growing 

season (White et al., 2002) and the phenological responses to spatial variability (Zhang et al., 

2004). Zhou et al. (2015) expanded on the methodology and applied it to estimate the 

spatiotemporal variability of the UHI footprint along urban-rural gradients. Studies have 

expanded upon the impact on vegetation phenology based on proximity (Krehbiel et al., 2016; 

Qiao et al., 2019), comparisons with various vegetation indices (Krehbiel et al., 2016; Yao, 

Wang, Gui, et al., 2017; Yao, Wang, Huang, et al., 2017), and the change caused to background, 

or rural, temperatures (Shi et al., 2019; Yao, Wang, Huang, et al., 2017). With the continuous 

focus on large metropolitan urban centers, there exists gaps concerning implications with a small, 

localized, suburban center and the role each bio-productive surface has with its UHI. 

1.4 Selection of Study Site 

The process to determine an appropriate study site relies upon the selection of a municipality that 

is representative of Canadian urban expansion and addresses gaps in existing research. 

Considering how most UHI related research is focused upon large urban metropolises (Anniballe 

& Bonafoni, 2015; Huang et al., 2019; Martin et al., 2015; Meng & Liu, 2013; Qiao et al., 2019; 

D. R. Streutker, 2002; David R Streutker, 2003; Zhou et al., 2015), the selection of an urban 

center on the periphery of a major city is helpful in addressing the research gaps on the effects 

from a local suburban town’s UHI. Since the majority of the Canadian metropolitan population 

resides within low-density residential neighborhoods (H. Maoh & Kanaroglou, 2007), it is 

important to research the UHI effects from smaller developing communities for comparison 

purposes. This research will be helpful for developing effective planning techniques since 

expansion will continue to increase in these types of urban centers.  
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The selected location for this research is Milton, in the province of Ontario. This town is 

amongst the most rapidly urbanizing communities nationwide. With a population increase of 

30.5% between 2011 and 2016 to 110,128 people, Milton is the fastest-growing community in 

Ontario, and the sixth overall throughout Canada (Hennessey, 2017). It is the only town within 

the list developed by Naraghi (2019) describing the “fastest-growing communities in Canada” 

with a population in excess of 100,000. Its local CBD has been marked to achieve a population 

and employment density of 200 per hectare by 2031 (Government of Ontario, 2017). It poses a 

unique opportunity to explore a significantly large site experiencing rapid low-density urban 

expansion throughout the first two decades of the 21st Century. This establishes it as an ideal 

choice due to its size being small enough to be ‘suburban’ and large enough to present serious 

environmental impacts upon its surrounding rural environment. 

1.5 Research Objectives 

The research presented in this thesis aims to address gaps in the scientific literature concerning 

UHI and how it has affected LST within and near urban environments. Specifically, this research 

aims to determine the role it plays with Tair and under the influence of the UHI effect of a low-

density Canadian suburban center with different categories of bio-productive land covers. More 

specifically, the following questions are addressed in order to achieve the research objective : 

1) What is the difference between LST data derived from MODIS at 1 km resolution and 

Landsat 7 ETM+ at 30 m resolution? 

2) How does the seasonality, land cover, and spatial resolution impact the relationship 

between satellite-derived LST and Tair? 

3) What is the extent of thermal disturbance of UHI on the LST of each bio-productive 

surface in the spatially proximate rural areas and how does it change from 2000 to 2019? 

4) How consistent are the methods for determining the spatial footprint of the UHI effect? 
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5) What are the factors influencing the spatiotemporal pattern that low-density 

anthropogenic urban activities have upon each land cover with varying degrees of distance from 

the urban center perimeter? 

 This thesis consists of two manuscripts, Chapter 2, which addresses the first two 

questions listed, and Chapter 3, which addresses the last three questions. Chapter 2 compares 

surface and near-surface temperatures acquired at different scales based on land cover 

distributions and seasonality. Chapter 3 examines the footprint of a suburban UHI and the 

variables influencing it. Chapter 4 summarizes the findings that have emerged from this research 

and makes recommendations for future research. The manuscripts help explain how the 

relationship LST has with bio-productive land covers differs based on scale, its variability with 

Tair, and its spatiotemporal pattern influenced from an expanding suburban UHI. 
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Chapter 2 

The Impact of Seasonality and Land Cover Distribution on the 

Consistency of LST Derived from Landsat 7 and MODIS at a Local 

Scale: A Case Study in Southern Ontario 

 

2.1 Abstract 

Land surface temperature (LST) and air temperature (Tair) have been commonly used to analyze 

urban heat island (UHI) effects throughout the world with noted variations based on vegetation 

distribution. This research has compared time series LST data acquired from the Moderate 

Resolution Imaging Spectroradiometer (MODIS) platforms and Landsat 7 Enhanced Thematic 

Mapper (ETM+) to study UHI effects in the Southern Ontario Area. The time series LST data are 

also compared with local Tair weather stations’ data based on surrounding land cover and 

seasonality. The objective is to identify spatial and seasonal differences and the causes for 

variations amongst these products with differing spatial resolutions at a localized scale. Tair and 

Landsat 7 LST showed weaker correlations than MODIS LST in sparsely vegetated and urban 

areas during the summer. Winter’s ability to smooth heterogenous surfaces presented stronger 

relationships with both LST and Tair over every land cover, except with coarse spatial resolutions 

on forested surfaces. Additionally, LST from Landsat 7 showed stronger relationships with LST 

products from MODIS Terra than Aqua. 

 

2.2 Introduction 

Land Surface Temperature (LST) and air temperature (Tair) are useful for assessing and mapping 

earth surface and near-surface thermal conditions using information related to sensible and latent 
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heat fluxes (Ermida et al., 2020). In urban environments, increased impervious surfaces, reduced 

vegetated areas with canopy cover, and atmospheric pollution affect the local LST and Tair (de 

Affonseca et al., 2002). As a result, heat absorption from numerous types of urban surfaces and 

anthropogenic activities lead to urban heat island (UHI) effects with rising LST and Tair (Chen et 

al., 2017). Therefore, examining the temporal and spatial changes of LST and Tair is commonly 

used to study the impact and footprint of UHI caused by urbanization (Streutker, 2003; Q. Yang 

et al., 2019; D. Zhou et al., 2015). 

Satellite-based LST provides comprehensive earth surface temperature data at different 

spatial resolutions with different temporal resolutions. For example, the most commonly used 

Moderate Resolution Imaging Spectroradiometer (MODIS) LST data often have a coarse spatial 

resolution of 1 km with daily overpass frequency which would reveal intra-annual dynamics and 

overall patterns throughout large areas (Kuenzer et al., 2015). However, its coarse spatial 

resolution often results in mixed pixels, containing more than one land cover in heterogenous 

landscapes (Muad & Foody, 2012; Walker et al., 2015). Alternatively, finer spatial resolution 

sensors, such as with Landsat 7 Enhanced Thematic Mapper (ETM+), have the ability to resolve 

complex land cover patterns, improve mixed pixels, add detail, and validate coarser maps 

(Kempeneers et al., 2011). Although many satellite-based LST products are available, there 

seems to be few direct comparisons at local regional levels. 

Tair is often measured through weather stations. Much like LST, canopy cover, wind, 

humidity, and other atmospheric properties affect the local Tair experienced at each station 

(Stewart & Oke, 2012). Vegetated land cover distributions influence Tair with its microclimatic 

effects along with rapid cool and warm air advections (P. Zhang et al., 2014). Its application in 

assessing UHI is dependent upon its location and the surrounding surface characteristics. For 

example, measuring Tair at airport locations found no evidence of correlation with population 

accumulation (Almazroui et al., 2013) while using in situ stations located within urban centers 
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provides contrasting results (Y.-J. Yang et al., 2013). Comparing Tair with the LST products 

provides an additional dimension for understanding the temperature variability in an urban 

setting. 

This study is intended to compare LST products derived from Landsat 7 and MODIS and 

examine the impact of seasonality and land cover on the relationship between LST and Tair at a 

local scale. As a result of the recent publication using Google Earth Engine (GEE) to simplify 

methods of obtaining LST from Landsat imagery, an extensive LST comparison acquired at 

different scales is now easily accessible. This analysis has two main goals; (1) understand the 

impact of seasonality with different bio-productive surfaces between LST (acquired through both 

MODIS platforms and Landsat 7 ETM+) and Tair and (2) determine the optimal LST scale, 

platform, and method of derivation based on surface land cover distributions. 

2.3 Study Area and Datasets 

2.3.1 Study Area 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: The locations (in red) of all weather stations included in this report. The area in green 

represents the 100 km buffer around Milton encompassing the populated southern Ontario region. 
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Using the rapidly urbanizing region of Milton, Ontario, Canada as the central point, a 100 km 

buffer around its urban core was used as the study area in Figure 2.1. It represents the most 

populated area of Canada and has a variety of different land covers. 

2.3.2 In Situ Meteorological Data 

Hourly Tair data was acquired from the Climate Services department of the Government of 

Canada’s Ministry of Environment and Climate Change. The metadata for each weather station, 

such as the geographical coordinates, instrument parameters, and station ID were also obtained. 

In order to maximize the database, all stations within the study area, including the ones which 

were only temporarily operational and contain data gaps, are included.  

For use in a daytime comparison with LST products, the data collected at the nearest hour 

to the time of acquisition for all products from each satellite platform was used. The LST data 

derived from Landsat 7 ETM+ products within the area were all obtained within twenty minutes 

of 16:00. The fluctuations with the overpass time of each of the MODIS platforms results in far 

more complex comparisons. Both satellites capture daily data throughout a 2.5 hours overpass 

window over the Milton area. In order to present data at the nearest hour to the overpass time of 

each satellite, the MODIS Terra data is compared with the 10:00, 11:00, and 12:00 Tair 

measurements while the Aqua data is compared to the 12:00, 13:00, and 14:00 data. In addition, 

due to the processing employed to derive the level 2 MODIS LST data, both platforms are also 

compared with the daily average and maximum Tair data. 

2.3.3 Land Cover Data 

Raster and vector land cover maps were provided by Southern Ontario Land Resource 

Information System (SOLRIS). An accuracy assessment conducted in the same area as this 

analysis has an overall accuracy of 93% captured by fuzzy error assessment results (Sampson, 
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2007). The version 3.0 SOLRIS package includes a raster dataset (with all of the land cover 

designations), a vector land cover changes dataset, and a land cover class corrections dataset 

(including class updates, accuracy assessment results, and transformations) with a 15 m spatial 

resolution (Science and Research Branch of the Ministry of Natural Resources and Forestry, 

2019).  

Simplified land cover classifications are used to reduce the quantity of different land 

covers to five categories (Forested, Wetland, Lakeside, Agricultural, and Urban). ‘Wetland’ refers 

to any surface where the water table is either seasonally or permanently at, near, or above the 

substrate surface (Science and Research Branch of the Ministry of Natural Resources and 

Forestry, 2019). Any weather station adjacent to a large water body is classified as “lakeside”. 

2.3.4 Remote Sensing Data 

Imagery was collected from sensors with different spatial and temporal resolutions, obtainable 

product levels, and processing requirements. Both remote sensing products use similar variables 

related to Tair such as albedo, LST, and normalized difference vegetation index (NDVI) (Cristobal 

et al., 2008). 

2.3.4.1 MODIS LST 

Selection of MODIS as coarse resolution sensors for the comparison is based on data availability, 

product accuracy, and an established foundation of land cover analysis reports. Consisting of two 

platforms launched in a similar time period as Landsat 7 ETM+ (although the Aqua platform was 

released in 2002), MODIS products can successfully provide LST data with spatial 

representativeness being a limiting factor (Bosilovich, 2006).  A T-based validation analysis over 

rice farming and densely forested regions provided highly accurate LST error results with small 

biases (Coll et al., 2009). When compared against Tair stations, a report in Egypt found MODIS 

LST can be overestimated by as much as 5˚C (El Kenawy et al., 2019) and stronger relationships 
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were found in non-forested cover types compared to areas with dense canopy coverage 

(Mildrexler et al., 2011).  

MOD11A1 and MYD11A1 are level 3 LST products from the MODIS Terra and Aqua 

platforms on a 1200 x 1200 pixel grid with an exact spatial resolution of 0.928 km x 0.928 km in 

the Sinusoidal projection (Zhengming Wan, 2013). LST pixel values are generated using the 

split-window algorithm (SWA) with clear-sky conditions and are averaged in areas with 

overlapping pixels with overlapping areas of weight (Zhengming Wan, 2013). Its advertised one-

day temporal resolution is optimistic based on the availability of clear sky distribution. Because 

the thermal infrared (TIR) bands on the MODIS sensors are unable to penetrate clouds, any pixel 

experiencing cloudy interference must be skipped (Z. Wan et al., 2004).  

Both satellite platforms operate on a sun-synchronous orbit (Urban et al., 2013). Based on 

the estimates provided by the NASA LaRC Satellite Overpass Predictor 

(https://cloudsway2.larc.nasa.gov/cgi-bin/predict/predict.cgi), the overpass times at the selected 

location for the Terra platform ranges between 10:00 and 12:30 and 12:00 to 14:30 for Aqua in 

the local Eastern Standard Time. 

2.3.4.2 Landsat 7 Derived LST 

Landsat 7 ETM+ was the ideal choice for finer resolution LST data. It is a major leap forward 

from its predecessors with multispectral spatial resolutions ranging from its 15 meters 

panchromatic band to the 60 meters TIR band (L. Yang et al., 2003). Ermida et al. (2020) 

presents an innovative method using the Statistical Mono-Window Algorithm (SMW) in Google 

Earth Engine to simplify the calculations needed to derive LST by reducing the amplitude of data 

required for time series analyses. Access to the algorithm is simply introduced through the use of 

the JavaScript function “require(…)”, thus eliminating the necessity to download bulk quantities 

of data.  
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To access LST, the surface reflectance is calculated from the radiative transfer for 

atmospheric data using the Landsat Ecosystem Disturbance Adaptive Processing System 

Algorithm (Ermida et al., 2020). A cloud mask is applied to eliminate interference. Data from the 

Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Emissivity Data Set 

(ASTER) is spectrally adjusted and modified accounting for phenology and snow coverage using 

shortwave infrared Landsat data (Malakar et al., 2018). The SMW algorithm used within the 

Ermida et al. (2020) code presents two options for achieving LST, the direct application of 

instantaneous ASTER emissivity corrected values or the inclusion of NDVI-based corrections. 

With the latter option, the coarser TIR band can be resampled with an enhanced spatial resolution 

from NDVI and surface emissivity to generate LST (Rodriguez-Galiano et al., 2012). For the 

purposes of understanding the influence which NDVI has upon LST, both methods are 

implemented. 

2.4 Methodology 

The first step involves the data extraction from all meteorological stations collecting hourly data 

within the study area from January 1, 2000 to December 31, 2019. Figure 2.1 displays the 

locations of all 46 weather stations used in the analysis. From each station, all 16:00 data was 

used for comparison with the Landsat 7 ETM+ derived LST data. Since the time of the data 

acquired from both MODIS platforms ranges from 10:00 to 14:30, the daily mean and maximum 

temperature recordings are used along with every hour within the range, relative to its 

corresponding satellite. Linear regression analyses are conducted using geographical variables 

such as location and land cover type and performed through R. All remote sensing data is 

acquired from Google Earth Engine.  

A 100 m buffer is implemented surrounding each weather station to determine the 

dominant land cover classification from SOLRIS data. Table 2.1 displays how the classifications 
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are simplified into five main categories. All stations classified under each surface type are 

grouped together. 

Table 2.1: The reclassification of all land covers into five manageable categories. Any 

station located in proximity to an open water land cover is reclassified as a lakeside station 

regardless of the dominant land cover within 100 m. 

 

Based on the provided longitude and latitude data from each weather station, all MODIS 

(Terra and Aqua) and Landsat 7 LST data are extracted for the time series analysis. Each year is 

divided into two parts representing the changing land surface distribution amongst seasons 

(summer and winter). Rather than utilizing the four traditional seasons, each year only uses two to 

describe the changing land surface characteristics. The warmer portion of the year, referred to as 

“summer” (days 100-290), ranges from mid-spring (April 9/10) to mid-autumn (October 16/17) 

and the colder portion (named “winter” in reference to days 1-99 and 291-366) indicates the rest 

of the year. The summer content is largely unaffected by snow or ice coverage and is 

representative of vegetation growth and increased solar radiation as opposed to the winter. 

Once all the Tair and LST data is extracted for analysis, only the data that exists when in 

situ measurements and remote sensing data was simultaneously collected is utilized. A 

comparison is detailed based on time of year and land covers using R2 values, root-mean square 

error (RMSE), bias, and the number of observations.  

Agricultural Urban Lakeside Forested Wetlands 

Plantations - Tree 

Cultivated Transportation Open Water Forest 

Treed 

Swamp 

Hedge Rows 

Built-Up Area - 

Pervious  

Coniferous 

Forest 

Thicket 

Swamp 

Tilled 

Built-Up Area - 

Impervious  Mixed Forest Marsh 

Undifferentiated 

(orchards,  

vineyards, perennial 

crops, and idle land) 

Extraction 

   

Deciduous 

Forest 

 



 

29 

 

An additional comparison between satellites excludes Tair measurements. Several large 

areas with land covers consistently within each category are selected and aggregated. Within each 

land cover designation, 70 points are randomly selected accessing the mean temperature within a 

50 m homogenous buffer. The mean LST measurements from each category and platform are 

compared to determine the quantity and quality of the variations of data. 

2.5 Results 

As a result of the vastly different temporal resolutions amongst the remote sensing platforms, 

there is far less Tair data to compare with the Landsat 7 LST. The validity of all analyses are based 

on p-values and the R2 values which measures the quantity of variance in the dependent variable 

explained through the independent variable (Y. Zhang et al., 2012). All regression results from 

these analyses produced statistically significant p-values with a few exceptions (all of which are 

related to the small quantity of LST data to compare with wetlands Tair measurements due to the 

limited quantity of stations on or near wetlands). In addition, the RMSE and bias were included to 

further understand the distribution of residuals and real values (Cristobal et al., 2008). The bias 

refers to subtracting the LST by Tair, or in the Landsat 7/MODIS comparison, MODIS LST minus 

Landsat 7 LST. 

2.5.1 Impact of Seasonality 

Winter results provide a stronger relationship compared with the summer. LST from Terra with 

Tair recorded at 12:00 provides the strongest overall relationship with either of the MODIS 

missions with an R2 value of 0.79 in Table 2.2. The Landsat 7 NDVI-derived LST’s relationship 

with Tair is a marginal improvement with RMSE of 4.16 and an R2 value of 0.81, slightly higher 

than ASTER-derived data. In contrast, the summer data in Table 2.3 correlations are far less 

robust. Comparisons with MODIS data have R2 values as high as 0.45 while the Landsat 7 LST 

overall data comparison is slightly weaker with R2 values of 0.35.  
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Amongst the two Landsat 7 LST datasets, the results are very similar. NDVI corrections 

produce marginally improved R2 and RMSE values; however, the bias is weaker. 

Table 2.2: The results from regression analyses for all three satellites for days 1-99 and 291-

366 of every year between 2000 and 2019. The Tair relationships with the best R2 results are 

included. All p-values are < 0.001. 

LST Variables R-Squared 

Value 

RMSE Bias Optimal Tair 

measurement 

Aqua MODIS 0.75 4.57 2.22 14:00 

Terra MODIS 0.79 4.27 1.74 12:00 

Landsat 7 ASTER with NDVI 0.81 4.16 2.48 16:00 

Landsat 7 ASTER 0.78 4.50 1.68 16:00 

 

Table 2.3: The results from regression analyses for all three satellites for days 100-290 of 

every year between 2000 and 2019. The Tair relationships with the best R2 results are 

included. All p-values are < 0.001. 

 

2.5.2 Impact of Land Cover at Meteorological Stations 

The summer and winter analyses developed differing conclusions regarding the land cover in 

which strongest relationships between LST and Tair exist. In the summer (Table 2.4), the wetland 

surfaces had the most robust correlations with MODIS at R2 values as high as 0.69 (Terra and the 

daily maximum Tair) and the smallest RMSE. Meanwhile, both Landsat 7 LST measurements 

failed to collect enough data from stations located near wetlands. With the other land covers, R2 

and RMSE results between fine resolution LST data and Tair were only slightly weaker than 

Regression Variables R-Squared 

Value 

RMSE Bias Optimal  Tair  

measurement 

Aqua MODIS 0.41 5.16 9.68 DAILY MEAN 

Terra MODIS 0.45 4.64 2.73 DAILY MAX 

Landsat 7 ASTER with NDVI 0.35 6.11 5.28 16:00 

Landsat 7 ASTER 0.35 6.34 4.59 16:00 
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MODIS relationships with forested and lakeside stations compared to larger deviations with 

agriculture and urban.  

With the winter comparisons (Table 2.5), Landsat 7 results are stronger than MODIS; 

however, only marginally better in agricultural and urban areas. Forested weather stations’ data 

during the cold season exhibit the largest deviation in variance explained through Landsat 7 LST 

(R2 values of 0.67 without NDVI) over the highest MODIS R2 values of 0.50. All other land 

covers yield similar comparisons with slight improvements when NDVI corrections are applied to 

calculate LST. 

The number of observations with Landsat 7 is a continuous issue throughout the analysis. 

Wetlands results with Landsat 7 are insufficient throughout both seasons. Although conclusions 

can be drawn with forested land covers, the quantity of winter observations limits the validity.  

A visual analysis of the plots for individual weather stations was necessary to ensure that 

the temperature variations and patterns throughout each season in each year are followed closely. 

Although some stations have far more data than others, certain parameters are required to 

complete a thorough visual examination. Tair station dates which contain data recorded from both 

remote sensing platforms are used for the analysis. Figure 2.2 displays patterns that Landsat 7 

(with NDVI corrections) LST data has with MODIS Aqua LST and the daily mean Tair recordings 

during the summer and Figure 2.3 has a similar comparison except with MODIS Terra LST 

during the winter. Although the satellite produced LST data differs from the ground Tair data, 

winter patterns appear more aligned. 
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Table 2.4: The results from regression analyses for all three satellites for days 1-99 and 291-

366 of every year between 2000 and 2019 based on the land cover which each in situ 

meteorological station was located on. Results include the best R2 results with the associated 

Tair measurement for MODIS sensors in brackets along with the number of observations 

(Obs.). All p-values are < 0.001 with the exceptions of the Landsat 7 NDVI wetlands study 

(p-value = NA) and Landsat 7 ASTER wetlands study (p-value = 0.001). 

 

Table 2.5: The results from regression analyses for all three satellites for days 100-290 of 

every year between 2000 and 2019 based on the land cover which each in situ 

meteorological station was located on. Results include the best R2 results with the 

associated Tair measurement for MODIS sensors in brackets along with the number of 

observations (Obs.). All p-values are < 0.001 with the exceptions of both Landsat 7 wetlands 

studies which produce a p-value of NA. 

 

 

 

 

 

LST Variables Agricultural Urban Lakeside Forested    Wetland 

R2 Obs. R2 Obs. R2 Obs. R2 Obs. R2 Obs. 

Aqua MODIS 0.80 

(14:00) 

2744 0.80 

(14:00) 

5036 0.68 

(12:00) 

1964 0.49 

(12:00) 

883 0.89 

(14:00) 

459 

Terra MODIS 0.83 

(12:00) 

3446 0.82 

(12:00) 

5952 0.73 

(12:00) 

2477 0.50 

(12:00) 

980 0.91 

(11:00) 

620 

Landsat 7 ASTER 

with NDVI 

0.86 96 0.84 188 0.75 90 0.60 23 NA 2 

Landsat 7 ASTER 0.83 130 0.81 277 0.74 130 0.67 34 0.97 5 

LST Variables Agricultural Urban Lakeside Forested    Wetland 

R2 Obs. R2 Obs. R2 Obs. R2 Obs. R2 Obs. 

Aqua MODIS 0.47 

(Mean) 

6782 0.55 

(Mean) 

11982 0.40 

(Max) 

4831 0.53 

(12:00) 

1695 0.65 

(Max) 

1046 

Terra MODIS 0.52 

(Mean) 

7713 0.58 

(11:00) 

13058 0.45 

(10:00) 

5511 0.53 

(10:00) 

1903 0.69 

(Max) 

1225 

Landsat 7 ASTER 

with NDVI 

0.37 193 0.46 469 0.32 204 0.47 74 NA 1 

Landsat 7 ASTER 0.36 232 0.44 569 0.37 256 0.38 85 NA 1 
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Figure 2.2: The charts comparing the Landsat 7 NDVI-derived LST and MODIS Aqua LST 

along with average air temperature at the stations with the most data points during the 

summer. The green line represents MODIS LST, the brown line represents Landsat 7 LST 

and the black points represent average air temperature observations. 

Figure 2.3: The charts comparing the Landsat 7 NDVI-derived LST and MODIS Terra LST 

along with average air temperature at the stations with the most data points during the 

winter. The green line represents MODIS LST, the brown line represents Landsat 7 LST and 

the black points represent average air temperature observations. 
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2.5.3 Land Cover LST Comparison 

With the scaled LST analysis excluding Tair, the relationships are marginally stronger with the 

MODIS Terra platform and Landsat 7 with NDVI across both seasons and every land cover. 

Much like the Tair comparisons, the winter has significantly stronger correlations with the only 

exception being open water land covers.  

Winter results in Table 2.6 determined fine resolution LST with NDVI corrections and 

coarse resolution data from MODIS Terra have the strongest relationship based on every 

conducted measurement. For summer results in Table 2.7, Landsat 7 LST using NDVI has an 

improved relationship with R2 values ranging from 0.74 to 0.91 with Terra. Relationships over 

water bodies provided the strongest summer R2 and RMSE (0.91 and 1.98 respectfully) results 

between Landsat 7 and the Terra sensor. 

Table 2.6: The comparison analysis using the mean values from 70 randomly selected points 

within each land cover category during the winter. Both methods of acquiring LST from 

Landsat 7 have a superior relationship to MODIS Terra. All p-values are < 0.001. 

ASTER (Landsat 7) & Terra (MODIS) 

during Winter 
 

ASTER (Landsat 7) & Aqua (MODIS) 

during Winter 

Land Cover R2 RMSE Bias  Land Cover R2 RMSE Bias 

Agricultural 0.88 3.27 0.24  Agricultural 0.89 3.14 1.51 

Urban 0.90 2.86 0.38  Urban 0.86 3.51 1.38 

Water 0.80 2.24 2.15  Water 0.78 2.33 2.22 

Forested 0.91 2.50 0.77  Forested 0.88 3.22 1.74 

Wetland 0.90 2.70 0.67  Wetland 0.86 3.16 1.84 

         
NDVI (Landsat 7) & Terra (MODIS) 

during Winter 
 

NDVI (Landsat 7) & Aqua (MODIS) 

during Winter 

Land Cover R2 RMSE Bias  Land Cover R2 RMSE Bias 

Agricultural 0.89 3.18 -0.18  Agricultural 0.89 3.31 1.01 

Urban 0.92 2.73 -0.26  Urban 0.88 3.27 0.77 

Water 0.83 2.05 1.47  Water 0.79 2.29 1.46 

Forested 0.93 2.44 0.04  Forested 0.88 3.27 1.10 

Wetland 0.91 2.49 -0.47  Wetland 0.89 2.90 0.76 
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Table 2.7: Similar comparison analysis to Table 2.6 except in the summer. Once again, the 

relationship Landsat 7 LST has with MODIS Terra is a significant improvement when 

compared with Aqua. All p-values are < 0.001. 

ASTER (Landsat 7) & Terra (MODIS) 

during Summer 
 

ASTER (Landsat 7) & Aqua (MODIS) 

during Summer 

Land Cover R2 RMSE Bias  Land Cover R2 RMSE Bias 

Agricultural 0.75 3.28 1.10  Agricultural 0.69 3.42 1.46 

Urban 0.75 3.54 -0.36  Urban 0.68 3.84 0.27 

Water 0.74 3.62 1.32  Water 0.69 4.04 1.47 

Forested 0.77 3.31 0.62  Forested 0.69 3.64 1.27 

Wetland 0.71 3.14 3.47  Wetland 0.69 3.11 3.59 

         
NDVI (Landsat 7) & Terra (MODIS) 

during Summer 
 

NDVI (Landsat 7) & Aqua (MODIS) 

during Summer 

Land Cover R2 RMSE Bias  Land Cover R2 RMSE Bias 

Agricultural 0.76 2.96 0.57  Agricultural 0.69 3.13 0.99 

Urban 0.76 3.16 -1.36  Urban 0.69 3.50 -0.65 

Water 0.91 1.98 0.81  Water 0.87 2.34 0.90 

Forested 0.80 2.80 -0.30  Forested 0.74 3.09 0.34 

Wetland 0.74 2.69 2.95  Wetland 0.68 2.80 3.10 

 

2.6 Discussion 

A major obstacle confronted in this analysis relates to the vastly different quantities of imagery 

available from each satellite platform. The 16 days revisit cycle for the Landsat 7 satellite limits 

the availability of data to compare and analyze with MODIS and Tair. Both MODIS platforms 

calculate the LST based on clear-sky pixel coverage masking clouds with the cloudmask 

algorithm (Zhengming Wan, 2013), maximizing the quantity of available imagery. With Landsat 

7 derived LST, only 479 observations are possible (provided every overpass occurs during a clear 

sky) at each location throughout the provided time frame compared to the near daily results 

optimistically attainable from MODIS.  
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The results based on time of year remain consistent with previous research comparing 

MODIS results with Tair. P. Zhang et al. (2014) noted the much stronger relationship that MODIS 

LST has in the winter (daytime and nighttime) when compared with the summer daytime (the 

nighttime results were stronger due to a lacking solar radiation variable) with fluctuations based 

on ecological context. Similar conclusions are made with the analysis in the Milton region with 

both scales due to the change that occurs in winter. Surface conditions, changes to the soil 

moisture content, and heterogeneity of the surrounding land covers can play a major role in 

determining the variations between seasons. 

2.6.1 Impact of Seasonality 

Winter seasonal energy exchanges heavily affect the comparisons in this study. The albedo 

consistency varies based on low temperature snow coverage over agriculture, grassland, near-

surface shrubbery, and diversified canopy cover with heterogenous types of forest life (Essery, 

2013). The impact is limited to the spatial resolution each sensor possesses and the ecosystems 

surrounding the study site. In addition, due to the time frame of the winter analysis (mid-October 

to mid-April), discrepancies can occur due to the varying degrees of snow coverage throughout 

the time interval. A temperature bias happens as the year progresses from the winter solstice 

resulting in stronger solar radiation (X. Zhou et al., 2014). The necessity to encompass the entire 

period of each year where snow cover is possible enhances the ability to identify the true 

relationship LST has with Tair, regardless of circumstances.  

 Overall, the finer scale LST products with NDVI corrections retained the strongest 

relationships with Tair. With an R2 value of 0.81 (slightly higher than with coarse sensors) and 

RMSE of 4.16 (slightly lower than with coarse sensors), the winter’s ability to homogenize the 

surrounding environment increases the reliability of surface temperature to determine near-

surface temperatures. The relationship difference between coarse and fine resolution sensors is 
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minor with the exception of in situ stations surrounded by forested surfaces. Finer resolution LST 

and Tair have R2 values between 0.60 and 0.67 compared to 0.50 with coarse resolution LST. 

The summer comparisons lead to alternative results with each land cover and scale. 

Surface temperatures are high with non-evaporating surfaces and lower with water bodies due to 

the radiant reflection. The reflected solar radiation on the impervious pixels can impact the LST 

strongly, especially at a finer scale. Vegetated covers also have low radiant temperature as a 

result of a reduction in heat stored in the soil from transpiration (Sahana et al., 2016). Overall, 

coarse resolution LST data possesses the strongest R2 and RMSE results, especially with the 

MODIS Terra platform. Agricultural and urban stations have the largest difference in relationship 

between coarse and fine resolutions while lakeside an forested stations displayed minor 

improvements. 

The diversity of temperatures across each land cover poses strong catalysts for how the 

remote sensing derived LST relates to Tair, depending on scale. Each biome maintains its own 

unique set of physical, climatological, botanical, and animal habitat characteristics which cause 

variances that are not expressed through simple temperature observations and predictions (P. 

Zhang et al., 2014). The diversity of variables within dense and sparse vegetation during the 

growing season affect the temperature on the ground and in the air above it. Comparing the 

coarse spatial resolution of MODIS to the much finer Landsat 7 data, the additional 

environmental factors can cause fluctuations, especially with agriculture and urban surfaces. 

 

2.6.2 Land Cover Impact 

Variations dependent on land cover type imply discrepancies based on vegetation cover, 

impervious surface distribution, and soil type. Areas with a lower surface albedo are more likely 

to result in a greater overestimation of daytime temperature than higher surface albedo (El 

Kenawy et al., 2019). This is reflected with the weaker relationship at lakeside stations with 
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larger RMSE results. The phenology of a land cover can also have a major impact upon the 

temperature variations. For example, summer results in vegetated areas with increased canopy 

coverage provided stronger results with Landsat 7.  

MODIS has advantages over finer spatial resolution sensors as it subsumes the detail 

throughout heterogenous urban and vegetated areas across broad geographical extents (Walker et 

al., 2015). The precision useful with Landsat 7 LST analyses in the summer serves as a 

disadvantage when compared with in situ observations due to the increased likelihood of 

variables affecting Tair outside of the 30 m resolution pixels. For example, the RMSE values in 

Table 2.3 and the Figure 2.2 patterns display how MODIS sensors have improved abilities for 

determining LST more closely aligned Tair. Opposing results occur throughout the homogenously 

transformed surfaces during the winter season with finer spatial resolutions yielding superior 

results expressed through R2 and RMSE values.  

Defining an exact location within pixels of either 1 km or 30 m spatial resolutions 

challenges the ability to acquire specified temperatures for that location. Although this issue 

exists with each land cover classification, the lakeside stations are the most problematic. Its issues 

are reduced in the winter with snow cover affecting the spectral reflectance over water in a 

similar manner to land; however, complications are exposed in the summer time frame. In 

addition to the provided coordinates for each station not being detailed enough to have their 

locations precisely georeferenced, the proximity to the large Lake Ontario water body and 

proportion of land surfaces incorporated into the pixels affects the classification with MODIS 

calculations more than Landsat 7. The open space over water bodies may also increase humidity 

and wind related elements, which affect Tair observations.  

The forested in situ station’s Tair relationship with coarse resolution LST revealed the 

only instance where summer produced a stronger seasonal relationship. Due to the dense flora, 

the Canadian winter is unable to completely homogenize the forest environment. The canopy 
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density produces low R2 values in the winter which finer resolutions can marginally improve 

upon. Considering the strong results in the LST regression analysis based on scale, forested land 

covers inhabit variables, relevant to vegetation density and height, affecting air which snow 

coverage fails to smooth at coarse resolutions. 

The linear regression analyses between LST scales produced robust results, especially 

over forested and wetlands pixels (compared with the Tair analyses which lacked sufficient data). 

In contrast to the limited number of observations at each weather station for comparisons with 

Landsat, Terra data produced far more results with superior variance and reliability in each 

regression analysis. The application of 70 randomly selected points for scaled LST comparisons 

allowed for more complete representations with land covers where in situ stations were seldomly 

placed. The summer comparison between Landsat 7 (with NDVI) and Terra delivered the 

strongest R2 and RMSE results, especially over water (due to its homogeneity) and forests. 

In the winter, the factors which affect the variance in summer LST such as solar 

radiation, vegetation growth, surface roughness, and albedo are reduced. Water is the land cover 

with the most variation and highest bias amongst the two platforms with vastly different spatial 

resolutions (which contrasts summer results). The stronger relationship within water pixels in the 

summer is due to homogeneity with both fine and coarse spatial resolutions. Winter provides 

more variance with LST at a coarser scale. 

 

2.6.3 ASTER derived emissivity values VS. NDVI corrected values 

The minor differentiation amongst the two methods of deriving LST from Landsat 7 imagery is 

definitive for this region. The only category which NDVI corrected values are not superior is 

around Lakeside and Forested in situ stations. NDVI LST data has a significantly stronger 

relationship with forested Tair in the summer. In contrast, ASTER LST values had an R2 

improvement of 0.0732 in the winter. The only other instance is with lakeside stations during the 
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summer. Otherwise, NDVI corrected LST maintains a dominance. NDVI plays a stronger role 

with summer data due to the influx of vegetation across each land cover. In the winter, even with 

snow coverage and a major reduction of vegetation life, the results continue to reveal the 

necessity for NDVI corrections on the ASTER emissivity values. 

 

2.7 Conclusion 

When compared to Tair measurements from calendar days 100 to 290, success with coarse 

resolution products is reflective of previous research. MODIS imagery maintained overall R2 

values between 0.41 and 0.45 while Landsat 7 results were 0.35 with a weaker RMSE. For the 

remainder of the year, Landsat 7 is more highly correlated with overall R2 value as high as 0.81 

while MODIS data is between 0.71 and 0.79 with similar RMSE.  

Individual land covers produce much more varied results based on phenology, albedo, 

and moisture content on the heterogenous land surfaces during the summer. As a result, the 

summer conditions for a finer resolution satellite does not account for the greater variety of 

variables present in heterogenous surfaces. The differences in variances explained through coarse 

and fine resolution satellite imagery with Tair over lakeside and forested stations are marginally 

smaller (R2 difference within 0.08) compared to agriculture and urban surfaces. In addition, 

coarse resolution LST explains more variance in Tair at forested locations during summer due to 

the winter’s inability to homogenize the landscape due to dense flora content. 

When comparisons based on the surrounding land covers for each in situ observation are 

conducted, Landsat 7 derived LST concluded with R2 values between 0.03 and 0.15 lower than 

MODIS in summer. Results with agricultural and urban in situ stations provided the most 

variations between air measurements and different LST scales. This emphasizes the disadvantage 

for using satellites with a finer spatial resolution during the summer due to a greater availability 

of heterogenous factors over sparse vegetation and low-density impervious spaces. Further 
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assessment is needed on the atmospheric variability in a variety of environments based on the 

radiation, atmospheric contents, and surface biomass factors.  

The availability of weather stations in or near wetlands was a limitation in the LST 

comparisons made with Tair. For Landsat 7 data, 1 to 5 observations are entirely insufficient to 

make a distinction on its accuracy. Future exploration of the relationship with Tair stations may 

provide greater insight in the correlation with fine resolution LST located at wetlands. 
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Chapter 3 

Urban Heat Island Footprint Effects on Bio-Productive Rural Land 

Covers Surrounding a Low Density Urban Center 

 

3.1 Abstract 

The urban heat island (UHI) is a common effect caused by urbanization and has been studied to 

evaluate the thermal condition in cities worldwide. However, most previous UHI analyses are 

performed in major metropolitan cities.  This study conducts a spatiotemporal analysis of UHI in 

a rapidly expanding low-density suburban center and determines how bio-productive land covers 

react and the extent of the disturbance to each land cover based on time series land surface 

temperatures extracted from Landsat 7 ETM+ images. Two methods applied and compared are 

the single exponential decay method, which measures UHI footprint (UHIFP) on vegetation 

phenology, and the two dimensional Gaussian surface, which quantifies the influence based on 

distance from the local urban perimeter. Three spectral indices (Normalized Difference 

Vegetation Index (NDVI), Moisture Index (NDMI), and the Enhanced Vegetation Index (EVI)) 

were extracted and the residuals from the Gaussian model were compared based on these indices 

in order to better understand the thermal variations of each land cover within a UHI. The results 

show that the UHIFP of the studied low-density suburban center is 1.4 times larger than the size 

of the urban center, marginally smaller than previous analyses performed within high-density 

metropolises. All vegetated land covers experienced their maximum cooling effects before 

reaching the UHIFP perimeter while urban surfaces begin to diverge from the Gaussian model 

outside of the UHIFP. The residuals of sparse vegetation maintained strong correlations with each 

index throughout the growing season while NDMI retained the strongest relationships with every 

land cover. This study has helped us better understand the UHI effects of small communities with 
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varied vegetation phonology based on the distribution of built-up pervious and impervious 

surfaces within the neighborhood structure. The similar results from both methods indicate a 

strong urban cover influence overpowering the dominant distribution of agricultural surfaces 

throughout the growing season. 

 

3.2 Introduction 

The urban heat island (UHI) is the product of anthropogenic processes with urbanization which 

modifies atmospheric and surface properties and alters the energy balance and thermal 

environment (Yang, Huang, and Tang 2019). It has been studied as far back as early 19th Century 

(Howard 1818) and is a well-explored phenomenon with urban centers of varying sizes (Oke 

1973; Katsoulis and Theoharatos 1985; David R Streutker 2003; Krehbiel, Jackson, and Henebry 

2016; Yao et al. 2019).  

Thermal infrared (TIR) data quantified from top of atmosphere radiances in satellite 

imagery is used to derive land surface temperatures (LST) (Tomlinson et al. 2011). UHI research, 

now commonly measured globally using LST, has accelerated since 2005 with the majority of 

regional and seasonal focus being in China and summer daylight hours (D. Zhou et al. 2019). 

Using the UHI intensity measured between urban temperatures and a referenced rural region, the 

footprint of the UHI effect is a new index quantifying the spatial extent of the rural area affected 

by the UHI (Qiao et al. 2019).  

 Two commonly used approaches for determining the spatial influence of the UHI are the 

urban heat island footprint (UHIFP) and the footprint of surface urban heat island (SUHI) model 

developed by D. R. Streutker (2002; 2003). The UHIFP, first introduced to measure the 

anthropogenic effects that urbanization has upon the warming of vegetation phenology (X. Zhang 

et al. 2004), has been adapted to determine the distance at which the UHI effects decay towards 

rural areas (D. Zhou et al. 2015). The footprint model of SUHI effect uses a Gaussian planar 
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surface to fit the UHI effect and has been widely applied to study the UHI in many metropolitan 

areas (D. R. Streutker 2002; David R Streutker 2003; Martin, Baudouin, and Gachon 2015; 

Sobrino et al. 2012; Anniballe, Bonafoni, and Pichierri 2014; Anniballe and Bonafoni 2015; Yao 

et al. 2017; Qiao et al. 2019; D. Zhou et al. 2019). However, the footprints of both approaches 

have not been compared. 

The majority of previous UHI studies using remote sensing are performed with mean 

annual data from daily products using coarse spatial resolution sensors such as the Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Yao et al. 2017; Qiao et al. 2019). However, 

the smoothing effects with high-resolution thermal data are more appropriate for smaller scales 

despite having higher UHI magnitudes and spatial extents (Anniballe and Bonafoni 2015). 

Furthermore, the land cover products used in this analysis were also derived from Landsat which 

will help produce robust residual analyses based on each bio-productive surface.  

The application of UHI studies in a cold and urban country such as Canada is 

increasingly necessary. Climate models indicate greater warming in colder regions, accelerated 

transformations of nitrogen oxides and volatile organic compounds into ozone, and the 

population’s sensitivity to heat higher than 20˚C (Y. Wang, Berardi, and Akbari 2016). With most 

of the research focused on major metropolitan cities (Touchaei and Wang 2015; Y. Wang, 

Berardi, and Akbari 2016; Adamowski and Prokoph 2013), the UHI effect of low-density 

suburban centers, where the majority of Canadian urban growth occurs (Maoh and Kanaroglou 

2007), are often not assessed individually.  

 This study examines the UHI effect of a low-density suburban center near the Greater 

Toronto Area (GTA) from 2000 to 2019 using time series images of Landsat 7 Enhanced 

Thematic Mapper (ETM+). By comparing the footprint produced from both models, this analysis 

seeks to address three main questions: 1) what is the extent of thermal disturbance of the UHI 

effect to each bio-productive land cover in the surrounding rural areas?, 2) are the calculated 
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footprints from UHIFP and SUHI consistent?, and 3) what are primary factors influencing the 

spatiotemporal pattern that a low-density suburban center has upon differing land covers with 

varying distance from the urban perimeter? 

3.3 Materials 

3.3.1 Study Site 

The location of this study is in Milton, Ontario, Canada. It is situated within the GTA, the most 

populous area throughout Canada, and is surrounded by a plethora of agricultural and urban land 

covers, as well as some forested and wetlands. Milton’s population has risen 30.5% to 110,128 

between 2011 and 2016 making it the most rapidly growing community in Eastern Canada 

(Hennessey 2017).  

 

 

 

 

 

 

 

 

Urban Milton (UM) and Rural Milton are defined based on population density due to 

their relatively homogenous neighborhood structures and their stability for time-series analyses 

(Gordon and Janzen 2013). Figure 3.1 displays in boldened polygons the appropriate census tracts 

representing UM for which the urban surfaces within are representative of the urban center. 

Gordon and Janzen (2013) defined urban census tracts as having a population density in excess of 

150 people/km2 and exurban having a low gross population density and heavy reliance upon 

automobiles where over half of the labor force commutes to central cities for employment. This 

Figure 3.1: The distribution of land covers surrounding Urban Milton, its designated 

census tracts, and its location within the GTA in the 2015 land cover product. 
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explains 13 of the census tracts; however, a fourteenth tract was selected due to its wide 

distribution of industrial urban surface components. 

3.3.2 Land Cover Data 

Version 3.0 of the Southern Ontario Land Resource Information System (SOLRIS) includes land 

cover maps in 2002, 2006, 2011, and 2016 in the Milton area with a pixel resolution as low as 15 

m (Science and Research Branch of the Ministry of Natural Resources and Forestry 2019). 

Landsat imagery is associated with the nearest chronological land cover product (2004 imagery is 

analyzed with the 2006 land cover product). The SOLRIS dataset employs methodology 

presented by Lee et al. (1998) to optimize the implementation of the classification techniques. It 

presents reliable land cover products with overall accuracy of 93% based on an assessment 

conducted within a polygon encompassing the study area (Sampson 2007).  

19 unique classes existing within close proximity to Milton were grouped into five land 

cover categories. Table 2.1 displays the five merged classes; water, wetlands (any surface where 

the water table is either seasonally or permanently at, near, or above the substrate surface), forest, 

agriculture (including undifferentiated land covers in reference to alternative tilled surfaces not 

included in the ‘tilled’ class, hydro fields, forest openings, and brownfields), and urban (Science 

and Research Branch of the Ministry of Natural Resources and Forestry 2019). 

3.3.3 Remote Sensing Data Acquisition 

In order to maintain data consistency, only LST data acquired solely from Landsat 7 ETM+ from 

2000 to 2019 were used in this study. The ETM+ imagery has 7 main bands (along with an 

additional panchromatic band) with spatial resolutions ranging from 15 to 60 meters, and a 16-

day temporal resolution (National Aeronautics and Space Administration 2020). The LST is 

extracted using the statistical mono-window algorithm (SMW) conceived by Ermida et al. (2020) 

from atmospherically corrected surface reflectance Landsat 7 ETM+ products in Google Earth 

Engine (Malakar et al. 2018). Its accuracy meets the threshold proposed by Guillevic et al. (2018) 



 

51 

 

with overall precision (in RMSE) of 1.0 K determined by Ermida et al. (2020). A 20% local cloud 

coverage threshold was used to select appropriate LST images for UHI analysis. 

3.3.3.1 Seasonality 

The annual timeframe used in this study was based around the growing season due to the 

complexity of environmental variables with the local climate. Soil moisture, snow cover, cloud 

cover, atmospheric moisture, precipitation, and anthropogenic gases are among the elements 

widely studied to separate the typical extremes of summer and winter measurements (Bernhardt 

and Carleton 2019; K. Wang et al. 2017; W. Zhou et al. 2014). Late autumn and winter data 

present far too many obstructions and interference caused by snow coverage. As a result, the 

annual calendar days included in the research consists of days 100 (April 9/10) to 290 (October 

16/17). These days exhibit minimal frost and snow coverage along with increasing solar radiation 

and vegetated growth (Ministry of Agriculture, Food and Rural Affairs 2020). In order to 

differentiate the portions of the growing season for this analysis, April and May (referred to as 

‘Spring’) are combined representing the end of frost coverage and the initial planting phase, June 

through August is the main summer period, and September and October (referred to as ‘Autumn’) 

represent the harvest and end of season. 

3.4 Methods 

3.4.1 UHIFP 

UHIFP uses a single exponential decay model as the following to examine temperature trends 

from an urban center toward rural areas (D. Zhou et al. 2015). 

3.1 

Where ∆T represents the mean LST differences between the urban area and rural buffers, 

A is the maximum temperature difference using the mid-value amongst the three furthest rural 
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buffers, S is the mean temperature decay rate, D is the distance away from the urban center, and 

T0 stands for the asymptotic value. 

To determine the spatial properties of the UHI impact on rural surfaces, buffers are 

implemented as a factor of distance from the urban perimeter. In order to maintain a similar 

quantity of pixels within each buffer zone, twelve buffers surrounding the urban land cover area 

within UM census tracts are generated, each consisting of half the urban surface area (Zhou et al., 

2015). Transportation surfaces are masked out to avoid the inclusion of roads in the rural parts of 

UM census tracts. Instead, a 15 m buffer around all other urban surfaces is used to regulate a 

centralized urban center. As this study uses four land cover products addressing Milton’s growth 

over 20 years, a different set of buffers are generated consistently maintaining a total rural area 6 

times larger than the urban center. 

Previous research examined annual mean UHIFP based on daily MODIS products (X. 

Zhang et al. 2004; D. Zhou et al. 2015; C. Meng and Dou 2016). Due to the exchange of a 16 

days revisit cycle of ETM+, a 5-years period is implemented with the central year determining 

the land cover product. With all 16 time periods (period 1 = 2000-2004), each set of results are 

inputted into the single exponential decay model.    

 All cloud cover pixels and elevations greater than 50 m from the highest point in UM 

were removed from the UHIFP model. The footprint determination is based upon the point at 

which each exponential model reaches 95% of their asymptotic values (X. Zhang et al. 2004). 

The final product represents the area surrounding UM affected by the local UHI within the 

proximate exurban buffers. 

3.4.2 SUHI Gaussian Fit Model 

The planar fit Gaussian surface was developed through the method described by D. R. Streutker 

(2002; 2003) to quantify the UHI as a continuously varying surface. Its purpose is to present a 

quick and robust technique for analyzing and parameterizing the spatial distribution of the SUHI 
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for quantitative inter-city comparisons or single city time scale analyses (Anniballe and Bonafoni 

2015). To access the Gaussian surface, the following equation is used: 

3.2 

Where (x0, y0) represent the central location of the model’s UHI, a0 is the magnitude, (ax, 

ay) is the spatial extent, and φ is the orientation. 

All cloud and water pixels must first be masked out from the LST image followed by the 

temporary removal of urban pixels within UM to produce datasets consisting entirely of rural 

pixels. After acquiring the mean rural temperature, it is then subtracted from the entire LST 

image to generate the SUHI Gaussian surface.  

Its results produce two elliptical thresholds representing the footprint of the SUHI in each 

image. One ellipse determines the distance from the central location at which the temperature 

decreases to a fraction of the magnitude, 61% (e-1/2) of the maximum value, and the second ellipse 

is a constant threshold where the SUHI planar fit surface temperature is greater than 1.0 K 

(Anniballe and Bonafoni 2015). 

3.4.2.1 Residuals Analyses 

The SUHI planar fit model does not produce thresholds that align with the shapes of either UM or 

the rural buffers produced for the UHIFP model. Alternatively, the Gaussian surface produces 

residuals which can be analyzed with the buffers and a land cover distribution map. Four analyses 

are made regarding the residuals’ relationship with the planar surface; a ratio analysis, a buffer 

comparison, and a timeframe analysis. 

 The ratio analysis divided the quantity of positive residuals by the negative and the 

results with each land cover are displayed in a box-plot separated by months. Its purpose is to 

quantify the relationship that pixels within each land cover have with the planar fit model 

depending on whether the residuals are above or below the SUHI surface. 
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 The Gaussian surface’s residuals are also analyzed using the buffer areas applied to the 

UHIFP model. The buffer analysis helps determine the SUHI model’s spatiotemporal influence 

and provides a spatial analysis comparable with the UHIFP. Seasonal divisions are implemented 

based on vegetation growth and solar radiation separating the beginning, middle, and end of the 

growing season. The mean seasonal distribution of residuals for land covers within each buffer is 

compared. 

 The time frames used for each distribution of land covers are incorporated into a time 

frames analysis. Using Google Earth Engine, mean imagery for each year associated with a 

SOLRIS product was calculated and compared. General UHI magnitudes, spatial extents, and 

Gaussian surface residuals are analyzed for each part of the growing season. Because of the 

nature of this analysis, a series of complications occur such as the inability to control local cloud 

coverage and a bias towards the few days with clear skies. These results are taken with caution 

and only conclusions regarding general UHI trends are made. 

3.4.2.2 Vegetation Health and Moisture Correlation Analyses with Residuals 

Understanding the variables affecting the residuals of each bio-productive land cover in the SUHI 

model is achieved through correlation analyses between the residuals and vegetation and moisture 

indices. The multispectral Landsat 7 bands required from each date are blue, red, near infrared 

(NIR), and shortwave infrared (SWIR). Amongst the vegetation indices, NDVI is more 

commonly used due to its cancellation of topographic, cloud cover, atmospheric, and changing 

sun angle effects with vegetation monitoring (Alademomi et al. 2020). 

3.3 

Enhanced Vegetation Index (EVI) acts as an enhancement to it with its atmospheric 

correction, saturation in areas with high biomass, and soil reflectance reduction abilities 

(Alademomi et al. 2020). 

3.4 
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Normalized Difference Moisture Index (NDMI) behaves as an index to reflect the 

moisture content within the soil and vegetation canopy (Zhu et al. 2019). 

3.5 

The comparisons made with vegetation indices use Landsat 7 ETM+ Surface Reflectance 

Tier 1 products on the same dates as the LST acquisition. A cloud mask was installed, the 

residuals’ pixels were converted to points, and all values from each vegetation/moisture index 

were extracted to the nearest point. The correlation coefficient is calculated with a range of 1.0 

(positive correlation) to -1.0 (negative correlation). 

3.5 Results and Discussion 

3.5.1 UHIFP 

The results from the UHIFP are determined based on the distance at which the exponential model 

reaches 95% of its asymptotic value. For Milton during the growing season, the mean UHIFP is 

achieved at 1.4 times the urban area (Figure 3.2). As a result, the first three buffers are 

Figure 3.2: The determined size of the UHIFP, where the temperature declines to 95% 

of the asymptotic value, is 1.4 times the urban area of Milton based on an overall 

average. 
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representative of the area within the local average UHIFP. The strongest outliers were the first 

two time frames (2000-2004 and 2001-2005) with marginally increased footprints (1.8 times the 

size of the urban center).  

The size of the UHIFP within each set of mean sampled imagery was consistent after the 

first two time frames. The results experienced in Milton are much smaller than the conclusions 

drawn by X. Zhang et al. (2004), which were 2.4 times the area of an urban center in eastern 

North America. Such results are related to the local conditions influencing the UHIFP analysis, 

such as population density, city size, proximity to a larger urban center, and the surrounding 

vegetation distribution. 

 Figure 3.3 presents the mean LST within the urban center and the adjacent rural area 2 

times the urban center’s size (first four buffers). The temperature difference between the urban 

center and the first buffer exhibits minimal change while an increasing difference is evident 

Figure 3.3: The mean LST collected within each time period within the urban center and 

the first four buffers. Daily air temperature data from the nearest station to Milton, in 

Georgetown, is applied to separate the local UHI effects from regional climate change. 
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between the first and second buffers after 2005. Following the second buffer, the mean 

temperature differences amongst buffer regions remain consistently small while most UHI effects 

have decayed. The data in Figure 3.3 presents mean LST increasing at a higher rate within the 

urban center and the first buffer than the following buffers. As a result, the UHIFP of the very 

small low-density community, prior to its expansion, is larger relative to the urban center’s area.  

 The proportion of each land cover within the local UHIFP compared to its distribution 

throughout the area 6 times the size of UM can help determine the urban center’s impact on each 

type of surface. The portion of forested surfaces within the footprint was between 11% and 14% 

of its total. Wetlands and agricultural land covers contain slightly higher proportions within the 

UHIFP (19% - 22% and 24% - 27% respectfully). The majority of urban surfaces were contained 

within the footprint (between 65% and 73%); however, exclusive of the urban center, only 

between 18% and 27% of the rural urban surfaces were located inside the footprint. 

3.5.1.1 UHIFP Size Discussion 

The population arrangement and overall size of an urban center are foundational in determining 

the footprint of a UHI. Population density can have a major effect on temperature differences 

within a city as it grows (Ramírez-Aguilar and Lucas Souza 2019). An increased distribution of 

impervious surfaces, coinciding with rising human activity frequency, contribute to the growing 

intensity of a UHI (F. Meng and Liu 2013). In comparison with previous studies applied to larger 

municipalities with denser population distributions, Milton’s suburban stature is incapable of 

reproducing the increasing trends of sensible heat flux experienced in larger cities with less 

vegetated surfaces.  

The proximity to much larger urban centers heavily affects the determination of the local 

UHIFP. All of the surrounding UHI footprints influence the referenced rural temperatures used 

for Milton’s analysis. For example, the first two time periods (2000-2004 and 2001-2005) 

determined larger footprints due to Milton’s smaller urban size and a reduced external influence 



 

58 

 

from neighbouring UHI footprints. Milton’s growth coincides with neighbouring communities’ 

development and their influence on rural temperatures. As a result, an inevitable discrepancy is 

found between urban and rural temperatures in a suburban setting compared with a larger 

metropolis, being the primary influence on rural temperatures.  

3.5.1.2 Vegetation Distribution within the UHIFP 

The vegetation distribution surrounding Milton is another major variable on its ecological impact 

upon the surrounding temperatures. While urban areas surrounding forested or highly vegetated 

areas produce a greater discrepancy in UHI, partly due to residential energy consumption for 

cooling during the summer (Imhoff et al. 2010), Milton’s rural land covers consist largely of 

sparse vegetation. The Niagara Escarpment, a large nearby forested area, was omitted from the 

rural UHIFP due to the impact of elevation. Additionally, being an inland town with limited open 

water and wetlands surfaces in close proximity may result in lower evapotranspiration 

comparisons between urban and rural (D. Zhou et al. 2015; Li, Zhang, and Kainz 2012). As a 

result, urban centers lacking nearby dense vegetation may experience reduced UHIFP sizes. 

The diminutive proportion of the study area’s dense vegetation located within the UHIFP, 

as opposed to its distribution in the outer buffers, can have a major influence on the UHI effect on 

rural LST. Its cooling effects and spatial distribution have the ability to reduce the footprint 

encroachment on rural vegetation. Additionally, as the UHIFP contains a quarter of the local 

agricultural surfaces and the majority of urban surfaces, the spatial variability of vegetated land 

covers, and concentration of impervious surfaces, is a major contributor to a smaller footprint 

size. 

3.5.1.3 UHIFP Limitations  

The limitations within this study for calculating the UHIFP with Landsat 7 ETM+ consists of an 

optimistic 16 days revisit cycle, only one time of day where imagery acquisition is possible, and 

the distribution of snow and ice surfaces in the winter. Previous research (D. Zhou et al. 2015) 
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utilized MODIS products due to their near daily data availability, possibility for comparing 

daytime and nighttime data, and much larger metropolitan sizes. In comparison, Milton’s urban 

area is dwarfed by the far larger North American and Chinese cities. The resulting 5 years periods 

applied to determine mean pixel values for a UHIFP is unable to reproduce daily samples 

possible with MODIS analyses; however, this study’s results were consistent with every period. 

Until a satellite is launched with similar spatial resolutions as Landsat and a major reduction in its 

revisit cycle, applying a 5 years average may presently be the optimal solution as uniform results 

were found within each 5 years period. With winter conditions, the model remains sufficient 

provided the urban area is a large enough size. 

3.5.2 SUHI Model 

The SUHI model was generated from a limited quantity of image acquisition dates due to a coarse 

temporal resolution and cloud interference. From the available results, the SUHI magnitude 

observes a rising trend (0.16 K/year). From Figure 3.4, it can be seen that the area with 1.0 K UHI 

threshold is increasing at a much more dramatic rate of 3626.7 pixels/year compared with the e-1/2 

UHI threshold (a slope of 559.5 pixels/year).  

Figure 3.4: The size of both SUHI thresholds from each acquired image. The total 

quantity of urban pixels within Urban Milton (green) and the line of regression (blue) are 

presented to compare planar surface SUHI threshold results with actual urban area. 
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The surface thresholds indicated rising trends, and in the case of the 1.0 K temperature 

ellipse (Figure 3.4), greatly surpassing the area of UM. The rate at which the thresholds grow 

appears to align with the rate of expansion of the built-up environment. Based on the distribution 

and quantity of urban pixels within UM for each land cover product, the timeframe between 2006 

and 2011 is when UM experienced its greatest degree of urban development. The declining 

vegetated surfaces along with increasing impervious surface, anthropogenic gases, and population 

densities are all highly correlated with higher surface temperature, especially during the 

urbanization process (Lu et al. 2015; Yu et al. 2019). The development of new built-up 

environments result in increased volume of ozone, faster pollutant production lofted to higher 

altitudes, and greater transport of the adverse effects on air quality (D. L. Zhang et al. 2011). 

Further evidence of these effects are displayed in the Table 3.1 time frames comparison where the 

most dramatic changes in magnitude occurs between 2004-2008 and 2009-2013 (with the 

exception of autumn where observations were in minimal supply). 

Time series results incurred from the overall SUHI data, along with the time frames 

analysis with residuals data, must be taken with speculation due to the insufficient temporal 

resolution of the Landsat 7 ETM+ sensors. In order to accurately determine the SUHI effects, a 

spatial resolution similar to Landsat is required along with a 2 days revisit cycle and the overpass 

time immediately before sunrise (Sobrino et al. 2012). There are currently no spaceborne thermal 

sensors which satisfy these requirements. The available products from Landsat 7 meet the spatial 

resolution requirements; however they are heavily unqualified for the temporal obligation. 

Although trends are noticeable, conclusions based on magnitudes are incapable of being drawn 

due to insufficiencies with the products.  

 

3.5.2.1 Residuals Ratio Analysis 
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Figure 3.5 lists the ratio between quantities of positive and negative residuals in each month for 

each land cover type. The results from the ratio analysis indicate the distinctive impact of urban 

cool islands within the forested and wetlands surfaces surrounding UM. April and May data 

describe residual cooling behavior less intense than in the summer and early autumn.  

The most interesting results in this analysis are within the agricultural and urban surfaces. 

The agricultural residuals, being the dominant land cover throughout the study site, follows the 

Gaussian planar surface closely with only a marginally greater quantity of negative residuals. 

Spring and Autumn months exhibit results which better align with the SUHI model as opposed to 

summer months where a much more definitive distribution of negative residuals exist. The 

cooling effects climax in August with the average ratio being 0.72, as seen in Figure 3.5.  The 

urban results contrast vegetated surfaces where positive residuals consistently outnumber 

negative residuals. As summer progresses, the distribution of positive residuals grows to an 

August peak. 

It is well established that vegetated land covers behave as cooling zones within a UHI 

(Oke 1979; Sun, Wu, and Tan 2012; Li, Zhang, and Kainz 2012; Skelhorn, Levermore, and 

Lindley 2016; Q. Huang et al. 2019; Alademomi et al. 2020). The ratio analysis results in Figure 

3.5 further exemplify that notion with only the urban land cover category obtaining a greater ratio 

of positive residuals compared to negative residuals. As summer progresses and thermal 

emissivity and capacity on impervious surfaces increases, the divergence urban land covers’ 

residuals have compared to the vegetated covers increases (H. Huang et al. 2019). The cooling 

effects from vegetated land due to evapotranspiration are largely removed when replaced with 

impervious materials (Oke 1979). The result is a surface with a heavily limited ability for 

evapotranspiration, and cooling properties, culminating in a warmer surface temperature 

compared to vegetation. 
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Figure 3.5: The residuals ratio for each land cover determined by dividing the number 

of positive residuals by negative residuals within each captured Landsat 7 ETM+ 

product. 
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 The crop surfaces in spring months (April and May) along with the autumn months of 

September and October (to a lesser degree) exhibit a reduction in its cooling abilities within the 

UHI. With the possibility of frost as late as May and cultivation occurring in September, the 

agricultural results in Figure 3.5 display considerable distributions of bare earth at the beginning 

and end of the growing season. The summer months of July and August, when sparse vegetation 

growth achieves its peak performance, provide its greatest ability of cooling below the SUHI 

surface.  

 Pixels within the other two land cover categories observed a much larger ratio of negative 

residuals throughout the growing season, especially in summer and autumn. Forests and wetlands, 

which usually have low LST due to its dense vegetation compared to crop lands which contain 

more sparse vegetation along with bare soil, are known to behave as cool areas within a UHI 

(Sun, Wu, and Tan 2012). In the spring, forested land covers deviated the least of any season (-

0.27˚C compared to -0.54˚C in the summer) from the UHI temperature mean in Wuhan, China 

from 2005 to 2015 (Q. Huang et al. 2019). The densely vegetated land covers surrounding Milton 

behave in a similar manner with its most effective cooling abilities occurring after spring. 
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3.5.2.2 Residuals Buffer Analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6 shows the density of mean SUHI residual values for each land cover within the buffer 

regions. The buffer analysis indicates the spatial distribution of residuals from each SUHI image 

as distance increases from the urban center perimeter. Applying the results from the UHIFP (rural 

Figure 3.6: Density plot of the results from the buffers analysis with the residuals of 

each land cover within the SUHI models. 
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area 1.4 times the size of the urban area), the first three buffers are within the local footprint of 

the UHI.  

 Seasonality plays a major role in determining the cooling and warming abilities within a 

UHI with dense vegetation and urban lands. Summer is when impervious surfaces are warmest 

and deviate most from the Gaussian surface. Forests and wetlands, in contrast, provide their 

greatest cooling effect during summer and deviate most while moderately reducing its cooling 

abilities in autumn. Agriculture exhibits minimal seasonal effects within Milton’s UHI. 

The buffer analysis with both forested and wetlands pixels determined a cooling effect 

which is much more evident within the first three buffers and in the main summer months. 

Throughout the year, the spatial influence which densely vegetated surfaces have on the UHI in 

Milton are most intense within the surrounding area 1.5 times the size of the urban center (first 3 

buffers), the rural area within the UHIFP. They remain definitive urban cool zones throughout the 

dataset with the highest mean residual value (-2.02 K) existing within the wetlands category at the 

fourth buffer zone during Spring. While green spaces within urban environments are known for 

the ability to improve local air quality, assist in the reduction of energy required for cooling, and 

optimize the natural ecological system (Ozyavuz 2012), the dense vegetation is most intense 

within the UHIFP. 
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Figure 3.7: The mean and first standard deviation residual value of each land cover 

within each season for each buffer away from the central urban perimeter. 
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Agricultural land covers convey similar observations to the more densely vegetated 

pixels. Their respective cooling effects are limited to the first five buffers within every season and 

maximized within the first three (the area within the UHIFP). The mean residual values ranged 

between -0.67 K and -0.26 K within the first 5 (4 for autumn) buffers away from the urban center 

before stabilizing with the Gaussian surface. Being the dominant land cover of the region, the 

distribution is more likely to contribute to the SUHI planar fit and produce residuals closest to 

zero, especially during the time before planting and after cultivation where its consistency is 

largely bare soil. The summer months contributed slightly more cooling as a result of its peak 

vegetated state (Figure 3.7), especially within the outer buffers.  

 The reaction within the first buffer zone for the urban land covers’ residuals is due to this 

paper’s methods of obtaining an urban perimeter. The urban center was calculated excluding 

transportation within UM census tracts and joined with a 15 m buffer to replace the missing 

roadways and obtain a centralized urban center. As a result, heavy traffic located on the major 

401 highway along with the immediate outer roads are the main contributors to the first buffer’s 

urban distribution.  

Urban results provide the highest LST and, aside from Spring, reliably positive residuals. 

For the remaining buffers, the average urban residuals conform closely to the Gaussian planar fit 

until the final 6 buffers away from the urban center where its positivity increases (especially 

during the summer and autumn months). The area located outside of Milton’s UHIFP (buffers 4 – 

12) is representative of where the ecological footprint that Milton has on its surrounding rural 

vegetation has decayed (X. Zhang et al. 2004). The positive residual values that urban pixels 

experience outside of the UHIFP indicates a localized warming divergence from the Gaussian 

surface, which has decayed. 

3.5.2.3 Time Frames Analysis 
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Mean LST for each time frame as each of the land cover datasets were used to determine general 

trends. Table 3.1 presents the SUHI magnitude, model thresholds, and the total quantity of 

available images within the region for each section of the growing season. 

Results with SUHI magnitudes, thresholds, and measures of fit experience growth 

between the first and last time frame. An apparent rising SUHI magnitude is displayed within the 

first three time frames during the spring (3.93 K to 6.67 K) and summer (6.55 K to 8.09 K) of 

Table 3.1 before exhibiting a slight UHI magnitude reduction in the final time frame. The areas 

within each SUHI threshold experiences growth, especially in the final three time frames of each 

season.  

Significant portions of the results do not indicate rising trends. The autumn months, with 

their limited quantities of clear sky pixels, provides uncharacteristically the largest thresholds 

within its first time frame. Fluctuations are also evident in the autumn’s magnitudes throughout 

the research period. 

Table 3.1: The results from the time frames analysis which incorporated acquiring 

averaged imagery from each time period. It should be noted that the quantity of possible 

observations is attributed to the number of products available within each tile, thus not 

every observation is incorporated into the area of the study area. 

 2000-2003 2004-2008 2009-2013 2014-2019 

Months 4/5 Magnitude (k) 3.93 4.78 6.67 5.14 

Months 4/5 Thresholds (Pixels) 

[e-1/2 / 1.0 K] 

15,028 / 

41,151 

15,876 / 

49,658 

21,656 / 

82,202 

32,789 / 

107,341 

Months 4/5 Available Images 11 11 11 15 

Months 6/7/8 Magnitude (K) 6.55 6.92 8.09 7.81 

Months 6/7/8 Thresholds 

(Pixels) [e-1/2 / 1.0 K] 

17,600 / 

66,158 

17,043 / 

65,902 

17,761 / 

78,457 

28,505 / 

117,164 

Months 6/7/8 Available Images 16 22 22 26 

Months 9/10 Magnitude (K) 3.48 5.11 4.09 5.74 

Months 9/10 Thresholds (Pixels) 

[e-1/2 / 1.0 K] 

48,299 / 

120,381 

14,393 / 

46,960 

25,610 / 

72,078 

29,394 / 

102,721 

Months 9/10 Available Images 8 9 10 12 
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The acquisition of mean LST data within each time frame presents complications with 

the results. A limited quantity of observations are available within each section of the growing 

season (16 to 26 available images for the summer months compared to 8 to 12 for the autumn 

months). The insufficiencies with the data results in bias and influence from outliers. With those 

considerations, even the period with the greatest potential quantity of observations (summer 

2014-2019 has 26 observations) remains insufficient for decisive conclusions. 

3.5.2.4 Vegetation and Moisture Index Correlations 

The results from the correlation analysis between the SUHI model’s residuals and the moisture 

index (Figure 3.8) provide the most consistently positive correlation results with all land cover 

categories. Wetlands and agriculture provided the strongest relationships throughout the growing 

season along with significantly positive results with urban pixels in the summer. In spring 

months, the strongest correlation occurs in the wetlands (0.52) while the weakest ones appears in 

urban land (0.31). Summer has agriculture being the strongest (0.74) with urban surfaces being 

second strongest (0.56). In autumn, agriculture and wetlands have stronger relationships (0.62 and 

0.58 respectfully) and urban surfaces were the weakest again with moderate results (0.45). 

Table 3.2: The results from a correlation analysis with each of the indices. The summary 

statistics are similar to Figure 3.8 with only the inclusion of mean values from each season. 

 Agricultural Forested Wetlands Urban 

EVI (Months 4/5) 0.36 0.42 0.44 0.19 

EVI (Months 6-8) 0.40 0.38 0.41 0.28 

EVI (Months 9/10) 0.27 0.27 0.30 0.18 

NDVI (Months 4/5) 0.39 0.36 0.37 0.29 

NDVI (Months 6-8) 0.67 0.42 0.46 0.49 

NDVI (Months 9/10) 0.53 0.39 0.47 0.40 

NDMI (Months 4/5) 0.47 0.44 0.52 0.31 

NDMI (Months 6-8) 0.74 0.51 0.54 0.56 

NDMI (Months 9/10) 0.62 0.50 0.58 0.45 
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Figure 3.8: The correlation coefficient each land cover’s residuals have with the NDMI product 

with the same Landsat 7 product. This comparison was determined to have the strongest 

correlation with the residuals of every land cover. 
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The results with EVI (Table 3.2) indicate stronger relationships with dense vegetation in 

the early growing season. Average wetlands and forested results in the spring are 0.44 and 0.42 

respectfully compared to 0.36 in agriculture. The mean correlation coefficients for the remainder 

of the growing season are similar with all three vegetated surfaces (between 0.38 and 0.41 in the 

summer and 0.27 to 0.30 in the autumn). Urban pixels experienced their weakest correlations 

with this vegetation index. 

The results with NDVI (Table 3.2) describe a strong relationship with agriculture while 

moderately weaker with dense vegetation and low-density urban surfaces in the summer and 

autumn months. Sparse vegetation experienced similar correlations to NDVI as dense vegetation 

in the spring months (mean values between 0.36 and 0.39) before providing significantly stronger 

results throughout the remainder of the year (0.67 for the summer and 0.53 in autumn). Urban 

pixels, alternatively, had weak relationships in the early growing season before providing similar 

results to dense vegetation in the summer and autumn. 

Moisture was consistently the strongest variable affecting the SUHI residuals over every 

land cover. NDMI is considered as a cooling index useful for regulating thermal configuration 

with strong greening properties (Zhu et al. 2019). With a consistent moisture distribution 

throughout the study area, NDMI is capable of retaining a strong correlation with every bio-

productive land cover throughout every season. Amongst all indices, its correlation with urban 

pixels was the strongest due to Milton’s low-density residential distribution. Built-up pervious 

land in the form of lawns, parks, and recreational areas increase abilities for moisture retention. 

The land cover which obtained the weakest correlation results with both vegetation 

indices was urban. This is due to the distribution of impervious surfaces, contrasting vegetation 

land covers and their abilities to retain moisture and reflect more infrared radiation, which are 

important in all three indices. The inclusion of built-up pervious land covers (in reference to 

urban recreation areas, such as golf courses or playing fields (Science and Research Branch of the 
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Ministry of Natural Resources and Forestry 2019)) may be the primary contributor to the positive 

correlations. Additionally, the low-density structure of the residential neighbourhoods allow for a 

reduced distribution of impervious surfaces and increased abilities for infrared reflection, sparse 

vegetation distribution, and moisture retention. As a result, as noted in Table 3.2, urban surfaces 

correlate relatively well with NDVI in summer and autumn. 

 Agricultural surfaces dominated the correlations with NDVI and NDMI with mean 

correlation coefficients as high as 0.64 and 0.74 within the summer months respectfully. With 

EVI, the forested and wetlands surfaces obtained a marginally higher correlation, with April and 

May results deviating the most in Table 3.2. Considering that LST generally trends in contrast to 

NDVI and EVI (Alademomi et al. 2020), the stronger correlation with EVI is due to the denser 

vegetation and reduced soil reflectance while agriculture is distributed more dominantly and 

performs better with NDVI. 

3.6 Conclusion 

The two common methods for analyzing the footprint of a UHI was adapted for a rapidly 

urbanizing low-density urban area in Canada using LST acquired from Landsat 7 ETM+. Both 

UHIFP and SUHI models were used for a comparison analysis and to determine the primary 

factors influencing the results. These techniques allowed for an enhanced comprehension of the 

effects that the local UHI has upon rural (or exurban) vegetation within differing bio-productive 

land covers with varying degrees of distance applied.  

Milton, a secondary (or suburban) city, was determined to have an average rural UHIFP 

1.4 times the size of the urban center. It is smaller than previous research due to the study site’s 

dwarfed size compared to previous studies, reduced population density, its proximity to larger 

urban centers at its periphery which influence the rural reference LST, and the rural vegetation 

distribution. Additionally, the use of 5 years mean imagery for Landsat 7 ETM+ provided an 

effective and consistent method for calculating the UHIFP with a 16-days temporal resolution. 
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Despite agricultural surfaces being the most dominantly distributed throughout the 

region, urban land covers dominated influencing the UHIFP and SUHI models. It mainly 

followed the SUHI Gaussian surface and exhibited increased warming effects outside of the 

UHIFP. Agricultural surfaces achieved their greatest cooling effects in the area 2.5 times the 

urban center’s area. Alternatively, densely vegetated land covers maximized their cooling 

abilities within the rural area 1.5 times the size of the urban center. 

NDMI provided the strongest correlations with every land cover throughout every part of 

the growing season. As a result, moisture may be more important to the spatial pattern of the UHI 

and its footprint than vegetation health. 

 The results from this analysis describe the impact which small scale urban expansion 

poses for surrounding rural environments. The plethora of proximate agricultural surfaces and 

distribution of dense vegetation presents Milton’s surroundings as an ideal representation for 

suburban communities across Canada and abroad. Conclusions made here are very useful for city 

planners, engineers, and geographers in their abilities to predict the impact of low-density urban 

expansion and its spatiotemporal influence. The strong correlations urban residuals found with 

NDMI and NDVI defines how the increased vegetation distributions in low-density 

neighborhoods and urban centers influences the local UHI and rural vegetation. 
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Chapter 4 

Conclusion 

This thesis presents two manuscripts using temperature as the main variable to examine its 

influence within an urbanizing low-density region. The results are important in understanding the 

influence on impervious and bio-productive surfaces based on scale and location within a local 

urban heat island (UHI) footprint. The first manuscript compares the relationship land surface 

temperature (LST) products with 1 km and 30 m spatial resolutions have with air temperature 

(Tair) within different land cover surfaces. The second manuscript compares two models 

commonly applied to define the footprint of an UHI and examines the variables influencing their 

results.   

 As finer resolution LST data derived from Landsat 7 Enhanced Thematic Mapper 

(ETM+) was used throughout this research, existing models required adjustments to be applicable 

with Landsat 7. In Chapter 2, land covers associated with in situ Tair stations were decided based 

on distributions within a 100 m buffer. Five-years mean imagery was used in Chapter 3 (replacing 

annual averages with daily data from other satellites) with the UHI footprint (UHIFP) model due 

to the coarse temporal resolution with Landsat 7. Additionally, the finer resolution LST data 

provided use of residuals from the surface UHI (SUHI) Gaussian model for a spatial analysis with 

land cover distributions of a similar scale.  

4.1.1 Key Findings 

Chapter 2 displayed the significance with how snow coverage in winter has the ability to 

homogenously transform land surfaces. The variations between a finer scale surface temperature 

data and coarser scales are reduced after altering every land cover’s distribution. When surface 

temperatures are compared with near-surface measurements, the finer resolution LST always 

provided the strongest relationship in winter. The only land cover in winter which the relationship 
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between LST and Tair was weaker than in summer was with coarse resolutions and forested 

stations. Alternatively, coarse resolution satellite data had a stronger relationship with every Tair 

land covers in summer. 

Chapter 3 determined that the UHIFP of a low-density suburban center is smaller than the 

footprint of a major city. Within Milton, dense vegetation maximized its cooling abilities in the 

adjacent rural area 1.4 times the size of its urban center, and sparse vegetation’s cooling area 

within the UHI is 2.4 times the urban size. Urban surfaces, despite not being the dominantly 

distributed land cover in the rural area, plays a leading role warming rural temperatures and 

influencing the footprint size of the UHI. Although moderately strong correlations were found 

between vegetation health and the SUHI Gaussian surface, moisture presented a stronger 

influence on a low-density urban center’s UHI. 

A general agreement was found between the two methods of determining the footprint of 

an UHI within the rural environment. With the UHIFP determining its threshold within the third 

buffer, the SUHI model found vegetation to maximize its cooling abilities within the first five 

buffers. Urban surfaces increase their heating abilities in the outer buffers, outside of the 

determined footprint from the UHIFP model. 

4.2 Limitations 

Many studies in the past have used ground station LST data for comparisons with satellite-

derived LST and Tair. If in situ LST stations were placed within the study area, surface 

temperature measurements from ground stations could operate as an additional dimension with 

the satellite derived LST and Tair. Its inclusion would have provided an additional scale to 

compare the variability between coarse and fine satellite data.  

 A limitation which affected both manuscripts relates to the land cover product used with 

this research. The SOLRIS dataset which provides accurate land cover distribution data was 

insufficient in distinctively classifying different agricultural and urban land covers. The 



 

84 

 

‘undifferentiated’ classification incorporated into the agricultural category presents surfaces that 

are either tilled, hydro fields, forest openings, or brownfields (Science and Research Branch of 

the Ministry of Natural Resources and Forestry, 2019). The inability to differentiate crops from 

other sparsely vegetated surfaces forced open field pixels to be classified as agricultural. 

Additionally, traffic is a major contributor to urban pollution, and in effect, an UHI 

(Keeratikasikorn & Bonafoni, 2018). The lack of historical traffic data with associated road 

surfaces prevented the research in this thesis from examining the role and impact of vehicular 

exhausts and degrees of congestion. 

 In addition, Southern Ontario contains an inadequate supply of wetlands with local 

weather stations. All linear regression analyses performed with in situ wetlands stations and 

Landsat 7 were inconclusive due to the temporal resolution and insufficient supply of wetlands 

stations. An alternative site is required to investigate the relationship. 

 Milton’s proximity to the major metropolitan Toronto, and its adjacent suburban centers 

(Mississauga, Oakville, Brampton, and Burlington) being located closer, heavily affects the 

background rural temperatures. As both models in Chapter 3 use surrounding rural temperature 

values to calculate the UHI and its footprint, Milton’s rural temperatures are already modified 

from surrounding UHI footprints. This issue is mostly unavoidable due to urban development 

patterns explored in Chapter 1. Although small independent low-density urban centers exist 

throughout Canada, the degree of expansion is heavily dwarfed by their suburban counterparts. 

In regards to the Landsat 7 sensor, on May 31 2003, the scan line corrector responsible 

for making adjustments for the curvature of the Earth’s surface failed (Sadiq et al., 2017). After 

that date, all acquired images contain gaps that widen out from the image’s bottom with a 22% 

pixilation loss (Lee et al., 2016). Despite the multitude of efforts made to interpolate the lost pixel 

data with accuracies as high as 94.1% (Asare et al., 2020; Lee et al., 2016; Sadiq et al., 2017), no 

methods were implemented in this study. This decision retains the consistency and reliability of 



 

85 

 

the digital numbers with all of the imagery. With the majority of the interpolation techniques 

focused on the recovery of lost pixels with the visual and near-infrared bands, the thermal 

infrared (TIR) band, which is heavily used to study UHI, does not get as much attention (Chen et 

al., 2011). In terms of LST retrieval, the TIR band contains some of the most important data. In 

order to avoid manipulating meaningful data in this thesis, no interpolation technique was 

implemented. 

4.3 Future Work 

New abilities to calculate the UHIFP within smaller urban centers using 5-years averaged 

products enables similar comparisons to be made with similar sized communities. Since the 

suburban population accounted for 66% of the Canadian urban population in 2006 (Gordon & 

Janzen, 2013), more studies will be required to gain a generalized analysis of the impact with 

low-density urban centers. Milton’s results, producing a smaller footprint compared to larger 

cities in Eastern North America (Zhang et al., 2004), also introduces new concepts to explore. Its 

rural environment’s vegetation has already been influenced by the adjacent centers’ UHI. 

Comparisons with communities at a similar size with no major city dependency can further define 

the impact with a low-density urban center’s UHI. 

 Improvements in differentiating and diversifying sparse vegetation and urban surfaces 

will allow for a more complete examination of residuals from the SUHI model. Although 19 

unique classes were found in the SOLRIS dataset surrounding Milton, they were categorically 

grouped due to limited pixel quantities and broad categorizations for some classifications. Robust 

diversification and further detail is necessary for many land covers, especially with 

undifferentiated, tilled, built-up, and transportation. Its use will help determine the influence that 

individual crops, urban densities, urban vegetation distributions, and varied levels of 

transportation based on traffic density have on the built and rural environment. 
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 The limitations with the Landsat 7 overpass time and temporal resolution prevents a 

robust time series analysis of the magnitude and spatial extent of the SUHI model. Although the 

spatial resolution meets the requirements, near daily morning imagery is necessary to adequately 

understand the UHI development and appropriately model its magnitude (Sobrino et al., 2012). 

Until a sensor with those qualities is launched, a complete time series analysis with a similar 

urban size as Milton using the SUHI model is not possible. 
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Appendix A 

Software 

Table A.1: Description of software used to process, manipulate, and visualize data. 

Software Application 

Google Earth Engine Processing of multispectral data (All chapters) 

- LST calculation 

- Weather station buffer mean (Chapter 2) 

- Land cover means (Chapter 2) 

- UHIFP buffer’s mean temperatures (Chapter 3) 

- Vegetation/Moisture index calculations (Chapter 3) 

ArcGIS Land cover processing and generation (All chapters) 

Map visualizations  

Data format conversions 

Buffer calculation and generation (Chapter 3) 

ENVI Spatial data processing (Chapter 2) 

R Data processing and visualization (All Chapters) 

Matrix Laboratory 

(MATLAB) 

SUHI Gaussian model data generation and visualization (Chapter 3) 
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Appendix B 

Location of Randomly Selected Points within each land cover for 

Chapter 2 

Table B.1: Location of all 70 randomly selected points over the area consistently 

agricultural throughout the study period. Projection is in WGS 1984. 

Longitude Latitude Longitude Latitude Longitude Latitude Longitude Latitude 

-80.02 42.91 -80.19 43.84 -79.73 44.29 -79.81 43.02 

-79.06 42.92 -79.57 44.37 -79.26 42.95 -80.10 42.82 

-80.58 43.02 -79.27 43.91 -80.00 42.94 -79.15 43.94 

-80.47 43.61 -79.65 44.11 -79.13 43.98 -80.85 43.55 

-80.30 43.64 -80.59 43.43 -79.69 42.99 -81.05 43.64 

-80.69 44.14 -80.08 43.18 -80.95 43.50 -80.80 43.53 

-79.84 43.16 -81.04 43.43 -80.97 43.54 -79.20 43.92 

-80.21 42.94 -80.21 43.94 -79.79 43.01 -80.87 43.01 

-80.13 42.82 -80.34 43.53 -80.16 43.14 -81.04 43.74 

-80.86 43.45 -80.74 43.26 -79.41 43.01 -80.63 43.02 

-79.65 43.14 -80.61 43.98 -80.72 43.30 -80.73 44.11 

-80.05 44.25 -80.15 42.87 -80.87 43.29 -80.32 43.71 

-79.37 43.07 -80.58 43.82 -80.74 43.58 -79.29 44.06 

-78.98 43.96 -80.14 44.26 -79.32 44.08 -80.99 43.91 

-81.01 43.59 -79.76 44.36 -79.70 44.22 -81.08 43.70 

-79.84 44.20 -80.48 43.57 -78.91 44.00 -80.48 42.74 

-80.42 44.22 -79.52 43.06 -79.55 42.95 -79.83 44.18 
  

-80.38 43.68 
  

-80.85 43.72 

 

Table B.2: Location of all 70 randomly selected points over the area consistently forested 

throughout the study period. Projection is in WGS 1984. 

Longitude Latitude Longitude Latitude Longitude Latitude Longitude Latitude 

-78.90 43.91 -79.21 43.12 -79.32 43.67 -79.54 44.33 

-79.61 42.91 -79.63 43.72 -80.24 43.52 -80.62 43.30 
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-79.80 43.12 -79.36 43.74 -79.51 43.85 -80.74 43.14 

-80.31 43.44 -80.22 43.16 -79.48 44.25 -79.50 43.69 

-79.63 44.37 -79.05 43.05 -79.02 43.89 -79.69 44.39 

-79.36 43.66 -79.57 43.63 -79.68 43.77 -79.45 43.88 

-79.23 44.08 -79.48 44.20 -79.22 43.76 -79.61 43.68 

-80.74 43.14 -79.57 43.20 -79.28 43.01 -79.41 43.13 

-79.68 43.43 -80.49 43.47 -79.17 43.15 -79.63 43.57 

-80.31 43.09 -80.24 43.15 -79.54 43.83 -79.79 43.35 

-79.47 43.76 -80.26 43.17 -79.83 43.35 -80.42 43.68 

-79.72 43.75 -80.32 43.43 -79.01 44.00 -80.31 43.53 

-79.42 43.79 -79.11 43.22 -79.64 43.63 -79.74 43.55 

-78.96 42.89 -79.21 43.89 -79.42 43.82 -80.28 43.53 

-80.45 43.39 -79.77 43.39 -79.69 43.76 -79.70 43.71 

-79.45 43.82 -79.51 43.67 -79.41 43.65 -80.12 43.45 

-79.76 43.72 -79.44 44.00 -79.56 44.35 -80.52 43.52 
  

-79.08 43.07 
  

-79.74 43.38 

 

Table B.3: Location of all 70 randomly selected points over the area consistently urban 

throughout the study period. Projection is in WGS 1984. 

Longitude Latitude Longitude Latitude Longitude Latitude Longitude Latitude 

-79.97 44.23 -78.96 43.85 -79.71 43.75 -80.52 43.48 

-79.87 43.64 -79.53 43.68 -79.81 44.04 -80.49 43.54 

-79.04 43.05 -80.38 43.19 -80.00 43.22 -79.37 43.76 

-79.53 43.65 -79.67 43.58 -79.85 43.34 -79.75 43.23 

-79.35 43.04 -81.08 43.59 -78.87 43.93 -79.71 43.72 

-79.40 43.70 -80.00 43.50 -79.75 43.36 -79.41 43.82 

-79.67 43.56 -80.95 43.73 -80.25 43.53 -80.24 43.18 

-80.30 43.18 -79.54 43.86 -80.20 42.79 -79.73 44.39 

-79.81 43.25 -79.39 44.32 -79.31 43.77 -79.41 43.77 

-80.03 43.89 -79.56 43.83 -79.53 43.60 -79.54 43.84 

-79.67 43.66 -79.21 43.19 -79.77 43.71 -78.87 43.88 

-79.83 43.38 -80.32 43.79 -80.71 42.87 -79.46 44.00 
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-79.93 43.42 -79.25 42.96 -79.80 43.38 -78.92 42.93 

-80.58 43.46 -79.12 43.83 -79.34 43.90 -79.16 43.10 

-79.71 43.48 -79.81 43.33 -80.40 43.42 -79.41 44.32 

-79.35 43.66 -79.54 43.73 -79.71 43.56 -79.10 43.83 

-80.04 43.85 -78.95 44.11 -80.06 43.76 -80.31 43.54 
  

-79.33 43.84 
  

-79.36 43.83 

 

Table B.4: Location of all 70 randomly selected points over the area consistently open water 

throughout the study period. Projection is in WGS 1984. 

Longitude Latitude Longitude Latitude Longitude Latitude Longitude Latitude 

-78.68 43.74 -79.26 43.66 -79.74 42.80 -79.08 43.52 

-78.80 43.83 -79.57 42.83 -78.87 43.82 -79.72 43.30 

-79.57 42.64 -78.76 43.84 -78.76 43.79 -79.52 42.70 

-79.18 43.70 -79.43 42.72 -79.18 43.66 -79.58 43.41 

-79.71 42.68 -79.67 42.82 -78.96 43.77 -79.89 42.79 

-80.10 42.70 -79.32 43.54 -79.50 43.59 -79.38 43.48 

-79.40 42.85 -80.12 42.68 -78.91 43.61 -79.37 43.19 

-79.56 43.45 -78.98 43.80 -79.53 43.58 -79.81 42.78 

-78.81 43.72 -79.47 43.27 -79.47 43.21 -78.74 43.66 

-78.85 43.76 -79.68 42.64 -79.45 43.43 -79.35 43.28 

-79.33 43.36 -78.86 43.68 -79.48 44.38 -79.23 43.36 

-78.88 43.63 -79.03 43.56 -79.36 42.83 -79.60 42.71 

-79.35 43.30 -79.03 43.80 -79.97 42.67 -80.02 42.74 

-78.85 43.83 -79.73 42.62 -79.36 43.65 -79.10 42.83 

-79.15 43.52 -79.22 43.50 -79.04 43.75 -79.98 42.64 

-79.59 42.66 -80.01 42.64 -79.45 42.86 -78.83 43.76 

-80.27 42.68 -79.13 42.83 -79.08 43.54 -78.84 43.72 
  

-79.92 42.74 
  

-78.80 43.62 
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Table B.5: Location of all 70 randomly selected points over the area consistently wetlands 

throughout the study period. Projection is in WGS 1984. 

Longitude Latitude Longitude Latitude Longitude Latitude Longitude Latitude 

-80.39 43.57 -80.23 44.33 -80.10 43.32 -80.03 43.43 

-79.41 42.93 -79.66 43.02 -80.60 44.05 -80.07 43.74 

-80.40 43.57 -80.64 43.05 -80.04 43.46 -80.07 43.62 

-80.06 43.49 -79.90 43.36 -79.34 44.14 -80.33 43.47 

-80.27 44.17 -80.40 42.72 -79.75 43.92 -79.47 42.94 

-80.24 43.40 -80.55 42.88 -80.00 43.59 -79.10 43.86 

-80.35 42.68 -80.08 43.40 -79.55 44.06 -79.60 43.11 

-80.10 43.37 -80.66 42.86 -79.90 44.21 -79.25 44.15 

-80.67 43.23 -80.98 43.73 -79.03 42.88 -80.24 43.41 

-80.65 44.19 -80.34 43.70 -80.15 43.59 -80.37 44.23 

-80.43 43.30 -80.89 43.44 -80.18 43.99 -79.13 44.18 

-80.75 43.77 -80.33 44.26 -80.25 43.37 -79.92 44.38 

-79.17 42.88 -80.35 43.41 -79.14 43.82 -79.27 44.26 

-80.84 43.09 -80.12 43.88 -79.89 44.39 -80.04 43.96 

-80.42 43.37 -79.95 44.09 -79.02 43.97 -80.41 44.12 

-79.55 44.33 -79.26 44.27 -80.24 43.46 -79.04 43.00 

-79.20 44.19 -80.10 43.82 -80.20 44.31 -79.15 44.22 
  

-79.88 44.37 
  

-79.32 44.18 
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Appendix C 

Further Detailed Results from LST Comparisons in Chapter 2 

Table C.1: Extension of Table 2.2 including detailed results from regression analyses 

conducted using both MODIS satellites and Landsat 7 for days 1-99 and 291-266 of every 

year between 2000 and 2019. All p-values are < 0.001. 

Regression Variables R2 Value RMSE Bias 

12:00 Air Temperature & Aqua LST 0.7439 4.6365 3.1726 

13:00 Air Temperature & Aqua LST 0.7473 4.6061 2.5791 

14:00 Air Temperature & Aqua LST 0.7511 4.5724 2.2199 

Daily Mean Air Temperature & Aqua LST 0.7196 4.8496 5.5773 

Daily Maximum Air Temperature & Aqua LST 0.7376 4.6914 1.2749 

10:00 Air Temperature & Terra LST 0.777 4.3805 3.6045 

11:00 Air Temperature & Terra LST 0.7854 4.2952 2.5353 

12:00 Air Temperature & Terra LST 0.7883 4.2734 1.7427 

Daily Mean Air Temperature & Terra LST 0.7614 4.5417 4.1379 

Daily Maximum Air Temperature & Terra LST 0.7734 4.4262 -0.1073 

16:00 Air Temperature & Landsat 7 NDVI LST 0.8046 4.1612 2.4809 

16:00 Air Temperature & Landsat 7 ASTER LST 0.7806 4.4996 1.6836 
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Table C.2: Extension of Table 2.3 including detailed results from regression analyses 

conducted using both MODIS satellites and Landsat 7 for days 100-290 of every year 

between 2000 and 2019. All p-values are < 0.001. 

 

 

 

 

 

 

 

 

 

 

 

 

Table C.3: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on agricultural in situ stations from days 100 - 

290. All p-values are < 0.001. 

Regression Variables Agricultural (Days 100-290) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.4207 4.8571 7.3827 6741 

13:00 Air Temperature & Aqua LST 0.4199 4.8597 6.7787 6738 

14:00 Air Temperature & Aqua LST 0.4273 4.8283 6.3936 6741 

Daily Mean Air Temperature & Aqua LST 0.4677 4.6559 11.4638 6782 

Daily Maximum Air Temperature & Aqua LST 0.45 4.7326 5.6817 6782 

10:00 Air Temperature & Terra LST 0.5016 4.1444 7.405 7663 

11:00 Air Temperature & Terra LST 0.4923 4.1861 6.3825 7671 

12:00 Air Temperature & Terra LST 0.4845 4.2164 5.6032 7658 

Daily Mean Air Temperature & Terra LST 0.5228 4.0596 9.8324 7713 

Daily Maximum Air Temperature & Terra LST 0.5079 4.1223 3.9654 7713 

16:00 Air Temperature & Landsat 7 NDVI LST 0.3692 5.899 6.8979 193 

16:00 Air Temperature & Landsat 7 ASTER LST 0.3583 6.2879 6.0341 232 

 

Regression Variables R2 Value RMSE Bias 

12:00 Air Temperature & Aqua LST 0.3813 5.2846 6.0764 

13:00 Air Temperature & Aqua LST 0.3805 5.2870 5.4977 

14:00 Air Temperature & Aqua LST 0.3861 5.2571 5.1184 

Daily Mean Air Temperature & Aqua LST 0.409 5.1585 9.6836 

Daily Maximum Air Temperature & Aqua LST 0.4026 5.1863 4.2775 

10:00 Air Temperature & Terra LST 0.4423 4.6789 6.1422 

11:00 Air Temperature & Terra LST 0.4364 4.7007 5.1803 

12:00 Air Temperature & Terra LST 0.4335 4.7143 4.4537 

Daily Mean Air Temperature & Terra LST 0.4498 4.6428 8.172 

Daily Maximum Air Temperature & Terra LST 0.4508 4.6384 2.7306 

16:00 Air Temperature & Landsat 7 NDVI LST 0.3487 6.1143 5.283 

16:00 Air Temperature & Landsat 7 ASTER LST 0.3521 6.341 4.5934 
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Table C.4: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on agricultural in situ stations from days 1 – 

99 and 291 - 366. All p-values are < 0.001. 

Regression Variables Agricultural (Days 1-99 and 291-366) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.7967 4.5553 3.2964 2746 

13:00 Air Temperature & Aqua LST 0.8002 4.5132 2.6845 2747 

14:00 Air Temperature & Aqua LST 0.8032 4.472 2.2992 2744 

Daily Mean Air Temperature & Aqua LST 0.7848 4.6748 5.9186 2773 

Daily Maximum Air Temperature & Aqua LST 0.793 4.585 1.4248 2773 

10:00 Air Temperature & Terra LST 0.8226 4.2136 3.724 3425 

11:00 Air Temperature & Terra LST 0.8294 4.1287 2.5877 3433 

12:00 Air Temperature & Terra LST 0.8296 4.137 1.7761 3446 

Daily Mean Air Temperature & Terra LST 0.8128 4.3344 4.3844 3471 

Daily Maximum Air Temperature & Terra LST 0.8101 4.3658 -0.0853 3472 

16:00 Air Temperature & Landsat 7 NDVI LST 0.8548 3.7708 2.6472 96 

16:00 Air Temperature & Landsat 7 ASTER LST 0.8249 4.2854 1.8832 130 

 

Table C.5: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on urban in situ stations from days 100 - 290. 

All p-values are < 0.001. 

Regression Variables Urban (Days 100-290) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.5311 4.2716 5.5043 11738 

13:00 Air Temperature & Aqua LST 0.5313 4.2705 4.9068 11741 

14:00 Air Temperature & Aqua LST 0.5355 4.2388 4.5207 11733 

Daily Mean Air Temperature & Aqua LST 0.5564 4.1423 9.352 11982 

Daily Maximum Air Temperature & Aqua LST 0.5437 4.2013 3.8243 11982 

10:00 Air Temperature & Terra LST 0.5821 3.837 5.8825 13033 

11:00 Air Temperature & Terra LST 0.5827 3.8298 4.8369 13058 

12:00 Air Temperature & Terra LST 0.5824 3.8328 4.0665 13074 

Daily Mean Air Temperature & Terra LST 0.5778 3.8474 8.0562 13343 

Daily Maximum Air Temperature & Terra LST 0.5855 3.8118 2.4879 13343 

16:00 Air Temperature & Landsat 7 NDVI LST 0.4572 5.2276 5.8093 469 

16:00 Air Temperature & Landsat 7 ASTER LST 0.4362 5.642 5.0306 569 
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Table C.6: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on urban in situ stations from days 1 – 99 and 

291 - 366. All p-values are < 0.001. 

Regression Variables Urban (Days 1-99 and 291-366) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.7861 4.1093 3.4581 5025 

13:00 Air Temperature & Aqua LST 0.7916 4.0575 2.8226 5042 

14:00 Air Temperature & Aqua LST 0.7984 4.0019 2.47 5036 

Daily Mean Air Temperature & Aqua LST 0.7588 4.3694 6.0023 5166 

Daily Maximum Air Temperature & Aqua LST 0.7809 4.1644 1.6144 5166 

10:00 Air Temperature & Terra LST 0.8095 3.9851 3.908 5945 

11:00 Air Temperature & Terra LST 0.8188 3.8866 2.7811 5958 

12:00 Air Temperature & Terra LST 0.8228 3.847 1.9228 5952 

Daily Mean Air Temperature & Terra LST 0.7918 4.1818 4.4845 6126 

Daily Maximum Air Temperature & Terra LST 0.8099 3.9956 0.151 6126 

16:00 Air Temperature & Landsat 7 NDVI LST 0.8366 3.7915 3.096 188 

16:00 Air Temperature & Landsat 7 ASTER LST 0.8067 4.1715 2.3733 277 

 

Table C.7: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on lakeside in situ stations from days 100 - 

290. All p-values are < 0.001. 

Regression Variables Lakeside (Days 100-290) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.3908 4.909 8.5138 4789 

13:00 Air Temperature & Aqua LST 0.3872 4.9191 8.0196 4797 

14:00 Air Temperature & Aqua LST 0.3862 4.924 7.6035 4792 

Daily Mean Air Temperature & Aqua LST 0.3211 5.1799 10.3851 4831 

Daily Maximum Air Temperature & Aqua LST 0.3954 4.8882 6.1621 4831 

10:00 Air Temperature & Terra LST 0.4457 4.3293 7.6876 5511 

11:00 Air Temperature & Terra LST 0.4391 4.3445 7.0554 5517 

12:00 Air Temperature & Terra LST 0.4334 4.3715 6.5172 5513 

Daily Mean Air Temperature & Terra LST 0.3819 4.5672 8.3848 5572 

Daily Maximum Air Temperature & Terra LST 0.4396 4.3491 4.1817 5572 

16:00 Air Temperature & Landsat 7 NDVI LST 0.3212 5.2401 6.1964 204 

16:00 Air Temperature & Landsat 7 ASTER LST 0.3706 5.3031 5.5546 256 
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Table C.8: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on lakeside in situ stations from days 1 – 99 

and 291 - 366. All p-values are < 0.001. 

Regression Variables Lakeside (Days 1-99 and 291-366) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.6791 5.4695 3.3996 1964 

13:00 Air Temperature & Aqua LST 0.6785 5.4771 2.9356 1966 

14:00 Air Temperature & Aqua LST 0.676 5.4888 2.5873 1962 

Daily Mean Air Temperature & Aqua LST 0.6421 5.7743 4.7079 1989 

Daily Maximum Air Temperature & Aqua LST 0.6679 5.5622 1.1563 1989 

10:00 Air Temperature & Terra LST 0.7209 5.0116 3.274 2474 

11:00 Air Temperature & Terra LST 0.7282 4.94 2.5085 2479 

12:00 Air Temperature & Terra LST 0.7303 4.9316 1.9167 2477 

Daily Mean Air Temperature & Terra LST 0.6975 5.2234 3.247 2504 

Daily Maximum Air Temperature & Terra LST 0.7153 5.0676 -0.2602 2504 

16:00 Air Temperature & Landsat 7 NDVI LST 0.7532 4.7342 1.6437 90 

16:00 Air Temperature & Landsat 7 ASTER LST 0.736 4.9414 0.3831 130 

 

Table C.9: Detailed results from regression analyses conducted using both MODIS satellites 

and Landsat 7 against air temperature based on forested in situ stations from days 100 - 

290. All p-values are < 0.001. 

Regression Variables Forested (Days 100-290) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.5327 3.8748 -3.7175 1695 

13:00 Air Temperature & Aqua LST 0.5269 3.8987 -4.241 1698 

14:00 Air Temperature & Aqua LST 0.519 3.934 -4.4671 1698 

Daily Mean Air Temperature & Aqua LST 0.5106 3.9682 0.7678 1708 

Daily Maximum Air Temperature & Aqua LST 0.5035 3.9968 -5.2136 1708 

10:00 Air Temperature & Terra LST 0.5292 3.8762 -2.9269 1903 

11:00 Air Temperature & Terra LST 0.5172 3.926 -3.8971 1908 

12:00 Air Temperature & Terra LST 0.5176 3.926 -4.5586 1908 

Daily Mean Air Temperature & Terra LST 0.4982 4.0073 0.0655 1920 

Daily Maximum Air Temperature & Terra LST 0.4934 4.0263 -5.9624 1920 

16:00 Air Temperature & Landsat 7 NDVI LST 0.4678 4.8187 -4.7892 74 

16:00 Air Temperature & Landsat 7 ASTER LST 0.3758 5.398 -5.1702 85 
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Table C.10: Detailed results from regression analyses conducted using both MODIS 

satellites and Landsat 7 against air temperature based on forested in situ stations from days 

1 – 99 and 291 - 366. All p-values are < 0.001. 

Regression Variables Forested (Days 1-99 and 291-366) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.4845 3.2372 0.8661 883 

13:00 Air Temperature & Aqua LST 0.4812 3.2415 0.3668 882 

14:00 Air Temperature & Aqua LST 0.4744 3.2666 0.101 884 

Daily Mean Air Temperature & Aqua LST 0.4667 3.301 3.9898 891 

Daily Maximum Air Temperature & Aqua LST 0.4628 3.3129 -0.6288 891 

10:00 Air Temperature & Terra LST 0.4868 3.3084 2.2958 977 

11:00 Air Temperature & Terra LST 0.4982 3.2939 1.1851 980 

12:00 Air Temperature & Terra LST 0.5002 3.3002 0.4744 980 

Daily Mean Air Temperature & Terra LST 0.4877 3.379 3.6575 990 

Daily Maximum Air Temperature & Terra LST 0.483 3.3943 -0.9713 990 

16:00 Air Temperature & Landsat 7 NDVI LST 0.5964 3.5986 0.3265 23 

16:00 Air Temperature & Landsat 7 ASTER LST 0.6696 3.7692 0.37679 34 

 

Table C.11: Detailed results from regression analyses conducted using both MODIS 

satellites and Landsat 7 against air temperature based on forested in situ stations from days 

100 - 290. All MODIS p-values are < 0.001 (with Landsat 7 it is NA). 

Regression Variables Wetlands (Days 100-290) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.6342 3.9862 8.8099 1041 

13:00 Air Temperature & Aqua LST 0.6394 3.9608 8.1474 1039 

14:00 Air Temperature & Aqua LST 0.6391 3.9589 7.7212 1028 

Daily Mean Air Temperature & Aqua LST 0.5932 4.2218 13.2588 1046 

Daily Maximum Air Temperature & Aqua LST 0.6476 3.929 7.1574 1046 

10:00 Air Temperature & Terra LST 0.6814 3.3877 8.1491 1225 

11:00 Air Temperature & Terra LST 0.6839 3.3713 7.0046 1231 

12:00 Air Temperature & Terra LST 0.6821 3.3846 6.1529 1228 

Daily Mean Air Temperature & Terra LST 0.6342 3.6382 10.6941 1236 

Daily Maximum Air Temperature & Terra LST 0.6885 3.3576 4.6071 1236 

16:00 Air Temperature & Landsat 7 NDVI LST NA NA 5.721 1 

16:00 Air Temperature & Landsat 7 ASTER LST NA NA 5.461 1 
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Table C.12: Detailed results from regression analyses conducted using both MODIS 

satellites and Landsat 7 against air temperature based on forested in situ stations from days 

1 – 99 and 291 - 366. All p-values are < 0.001 except with Landsat 7 NDVI where it is NA. 

Regression Variables Wetlands (Days 1-99 and 291-366) 

R2 RMSE Bias Observations 

12:00 Air Temperature & Aqua LST 0.8832 3.4508 2.7788 458 

13:00 Air Temperature & Aqua LST 0.8844 3.4324 2.0054 458 

14:00 Air Temperature & Aqua LST 0.8846 3.4256 1.5209 459 

Daily Mean Air Temperature & Aqua LST 0.8471 3.944 5.5815 461 

Daily Maximum Air Temperature & Aqua LST 0.8651 3.7044 0.7589 461 

10:00 Air Temperature & Terra LST 0.9064 3.1937 3.4188 621 

11:00 Air Temperature & Terra LST 0.9172 3.0049 2.1289 620 

12:00 Air Temperature & Terra LST 0.9168 3.0148 1.1445 622 

Daily Mean Air Temperature & Terra LST 0.8954 3.3771 3.7007 625 

Daily Maximum Air Temperature & Terra LST 0.8935 3.4073 -0.7811 625 

16:00 Air Temperature & Landsat 7 NDVI LST NA NA -0.8715 2 

16:00 Air Temperature & Landsat 7 ASTER LST 0.9721 1.4713 0.9844 5 
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Appendix D 

Additional Detail to the Results from the SUHI Gaussian Model in 

Chapter 3 

Table D.1: Detailed time frames analysis results 

 

 

 

 

 

 

 2000-2003 2004-2008 2009-2013 2014-2019 

Months 4/5 Magnitude 3.93 4.78 6.67 5.14 

Months 4/5 e-1/2 Threshold 15,027.9 px 15,876.3 px 21,655.6 px 32,789.1 px 

Months 4/5 1 K Threshold 41,151.3 px 49,658.4 px 82,201.6 px 107,340.9 px 

Months 4/5 Correlation Coef. 0.42 0.57 0.57 0.58 

Months 4/5 R2 Value 0.17 0.31 0.30 0.31 

Months 4/5 Possible Observations 11 11 11 15 

Months 6/7/8 Magnitude 6.55 6.92 8.09 7.81 

Months 6/7/8 e-1/2 Threshold 17,599.5 px 17,043.0 px 18,761.1 px 28,505.4 px 

Months 6/7/8 1 K Threshold 66,158.2 px 65,902.0 px 78,456.8 px 117,164.4 px 

Months 6/7/8 Correlation Coef. 0.55 0.62 0.63 0.64 

Months 6/7/8 R2 Value 0.28 0.38 0.38 0.39 

Months 6/7/8 Possible 

Observations 

16 22 22 26 

Months 9/10 Magnitude 3.48 5.11 4.09 5.74 

Months 9/10 e-1/2 Threshold 48,298.6 px 14,392.5 px 25,609.5 px 29,393.6 px 

Months 9/10 1 K Threshold 120,380.8 px 46,960.4 px 72,078.0 px 102,721.0 px 

Months 9/10  Correlation Coef. 0.52 0.47 0.49 0.63 

Months 9/10 R2 Value 0.21 0.22 0.21 0.38 

Months 9/10 Possible 

Observations 

8 9 10 12 
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Figure D.1: The correlation coefficient each land cover’s SUHI residuals have with NDVI. 

Figure D.2: The correlation coefficient each land cover’s SUHI residuals have with EVI. 
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Figure D.3: The SUHI magnitude obtained from all 95 individual dates. 

Figure D.4: The SUHI correlation coefficient and R2 results from each individual dates with 

the observed trends. 
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Appendix E 

MATLAB Script for SUHI Model 

The script used for this thesis is a modification of the MATLAB script produced by Roberta 

Anniballe and Stefania Bonafoni. 

 

Produce grid 

xCenter = 591281; 

yCenter = 4819112; 

  

% Set the size of the frame 

longestlength = 745; % Size varies based on land cover product 

  

% Get new area 

t = (longestlength - 1) ./ 2; 

  

% Pixel Size 

ps = 22; 

  

%%%%%%%%%%%% 

Lon_MIN_s= xCenter - (t.*ps); 

Lon_MAX_s= xCenter + (t.*ps); 

Lat_MIN_s= yCenter - (t.*ps); 

Lat_MAX_s= yCenter + (t.*ps); 

  

  

  

yy=[Lat_MIN_s:ps:Lat_MAX_s]; 

xx=[Lon_MIN_s:ps:Lon_MAX_s]; 

yy=fliplr(yy); 

  

xdata_ex=ones(length(xx),1)*xx; 

  

ydata_ex=(ones(length(yy),1)*yy)'; 

  

save ydata_ex 

save xdata_ex 

 

Introduce UHI layers with mask and land cover differentiation 

i='2011_06_16'; 

  

rur='rural.tif'; 
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rural=geotiffread(append('s',i,rur)); 

rural=rural(:,:,3); 

rural(rural==rural(1,1))=nan; 

minusValue=mean(mean(rural,'omitnan'),'omitnan'); 

  

tif='.tif'; 

[uhi_map,Ref]=geotiffread(append('s',i,tif)); 

uhi_map=uhi_map(:,:,3); 

uhi_map(uhi_map== uhi_map(1,1))=nan; 

  

% Access row and column data 

[R,C]=size(uhi_map); 

dit=(C-R)/2; 

  

uhi_map=[nan(dit,C);uhi_map;nan(dit,C)]; 

uhi_map=uhi_map-minusValue; 

save uhi_map 

  

  

% Save masks of each land cover 

ag='agr.tif'; 

fo='for.tif'; 

we='wet.tif'; 

ur='urb.tif'; 

  

agr=geotiffread(append('s',i,ag)); 

agr=agr(:,:,3); 

agr(agr==agr(1,1))=nan; 

agr=[nan(dit,C);agr;nan(dit,C)]; 

agrlogic=~isnan(agr); 

  

fores=geotiffread(append('s',i,fo)); 

fores=fores(:,:,3); 

fores(fores==fores(1,1))=nan; 

fores=[nan(dit,C);fores;nan(dit,C)]; 

foreslogic=~isnan(fores); 

  

wet=geotiffread(append('s',i,we)); 

wet=wet(:,:,3); 

wet(wet==wet(1,1))=nan; 

wet=[nan(dit,C);wet;nan(dit,C)]; 

wetlogic=~isnan(wet); 

  

urb=geotiffread(append('s',i,ur)); 

urb=urb(:,:,3); 

urb(urb==urb(1,1))=nan; 

urb=[nan(dit,C);urb;nan(dit,C)]; 
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urblogic=~isnan(urb); 

  

save agrlogic 

save foreslogic 

save wetlogic 

save urblogic 

 

Create mask for each buffer 

for i = (1:1:12) 

    e=num2str(i) 

    buffer=['2002B',e,'.tif'] 

    B= readgeoraster(buffer); 

    B(B==B(1,1))=nan; 

    B=[nan(dit,C);B;nan(dit,C)]; 

    Blog=~isnan(B); 

    save(['Y2015B' num2str(i) '.mat'],'Blog'); 

end 

 

Gaussian Fitting 

% %This script perform the fitting of a UHI map to an elliptical Gaussian surface by 

using the Matlab function lsqcurvefit   

  

% % INPUT 

% % uhi_map - The NxN array of the data to fit. 

% % xdata - The NxN array of the x coordinates in meters(centers of pixels). 

% % ydata - The NxN array of the y coordinates in meters(centers of pixels).   

% % pixel_size - the pixel size in meters 

% % OUTPUT 

% % gaussuhi - A structure composed by two elements: 

% %   par - a structure which contains the Gaussian fit parameters: 

% %       a0- is the UHI magnitude 

% %       Xc- is the x coordinate of the UHI central location, defined as 

% %       shift in km from the center of the map 

% %       Yc- is the x coordinate of the UHI central location, defined as 

% %       shift in km from the center of the map 

% %       orientation - is the rotation of the elliptical footprint from the X axis in 

degrees 

% %       A_61- is the area at which the temperature falls to the 61% of its maximum 

value, in km^2 (inner ellipse)  

% %       A_1K- is the area for which the UHI temperature is greater than 1 K, in km^2 

(outer ellipse). 

% %   gof - a structure which contains information on the goodness of the fit 

% %       corr- is the correlation coefficient between the Gaussian model and the UHI 

image 

% %       Rsquare- is the coefficient of determination 
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%% 

%clear all 

%close all 

%clc 

%% Input data 

load('xdata_ex'); 

load('ydata_ex'); 

load('uhi_map'); 

xdata=xdata_ex; 

ydata=ydata_ex; 

uhi_map= uhi_map; 

pixel_size=30; 

%% 

center_px_idx=ceil(size(ydata,2)/2); 

fn=ydata(center_px_idx,center_px_idx); 

fe=xdata(center_px_idx,center_px_idx); 

x=(xdata-fe)/pixel_size; 

y=(ydata-fn)/pixel_size; 

  

%% Initial guess parameters estimation 

zz=uhi_map(1:end)'; 

ind=find(zz>0 & ~isnan(zz)); 

xx=x(1:end)'; 

xx=xx(ind); 

yy=y(1:end)'; 

yy=yy(ind); 

zzlog=log(zz(ind)); 

q=[xx.^2, xx.*yy, yy.^2, xx, yy, ones(size(xx))]; 

qtq=q'*q; 

qtz=q'*zzlog; 

c=qtq\qtz 

clear zz xx yy  zzlog q qtq qtz ind 

%% 

  

%% Gaussian fitting 

Fun=@(p,x_data)exp(p(1).*x_data(:,:,1).^2+p(2).*x_data(:,:,1).*x_data(:,:,2)+p(3).*x_data

(:,:,2).^2+p(4).*x_data(:,:,1)+p(5).*x_data(:,:,2)+p(6)); 

uhi_notisnan=find(~isnan(uhi_map)); 

x_d1(:,:,1)=x(uhi_notisnan); 

x_d1(:,:,2)=y(uhi_notisnan); 

[par,resnorm,residual,exitflag,output] = lsqcurvefit(Fun,c,x_d1,uhi_map(uhi_notisnan)); 

p1=par(1);p2=par(2);p3=par(3);p4=par(4);p5=par(5);p6=par(6); 

%% 

% Create a residuals matrix 

uhi_nan=~isnan(uhi_map); 

uhi_residual1=nan(size(uhi_nan)); 

uhi_residual1(uhi_nan)=residual; 
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%% Gaussian fit parameters computation 

% %UHI central location (Xc, Yc)defined as shift in km from the center of the 

% %map 

Xc= ((2*p3*p4 - p2*p5)/(p2*p2 - 4*p1*p3)) * pixel_size/22; 

Yc= ((2*p1*p5 - p2*p4)/(p2*p2 - 4*p1*p3))* pixel_size/22; 

% %UHI magnitude 

A0=exp(p6-p1*Xc^2-p2*Xc*Yc-p3*Yc^2); 

% %Major and minor axes of the inner elliptical footprint 

invax2=-((p1+p3)+ sqrt((p1-p3)^2+p2^2))/4;%1/ax^2 

ax=sqrt(invax2^(-1)); 

invay2=-((p1+p3)- sqrt((p1-p3)^2+p2^2))/4;%1/ay^2 

ay=sqrt(invay2^(-1)); 

clear invax2 invay2 

% %UHI area A_61% (inner ellipse) 

sax=ax/2*pixel_size/22; 

say=ay/2*pixel_size/22; 

uhi_area_gauss=sax*say*pi; 

% %UHI area A_1K% (outer ellipse) 

sax1K=2*sax*sqrt(log(A0)/2); 

say1K=2*say*sqrt(log(A0)/2); 

uhi_area1K=sax1K*say1K*pi; 

% %Rotation of the elliptical footprint from the X axis in degrees, counter-clockwise 

due_theta_rad=atan(p2/(p1-p3)); 

if(due_theta_rad<0) 

   due_theta_rad=pi-abs(due_theta_rad); 

   if (p1>p3) 

       theta_Rad=pi/2+due_theta_rad/2; 

   else 

       theta_Rad=due_theta_rad/2; 

   end 

else 

    if (p1>p3) 

        theta_Rad=due_theta_rad/2; 

        

   else 

       theta_Rad=pi/2+due_theta_rad/2; 

   end 

end 

theta_deg=theta_Rad*180/pi; 

  

x_data1(:,:,1) = x; 

x_data1(:,:,2) = y; 

f=Fun(par,x_data1); 

corr=corrcoef(f(uhi_notisnan),uhi_map(uhi_notisnan)); 

SSE=sum((f(uhi_notisnan)-uhi_map(uhi_notisnan)).^2); 

Rsquare=1-SSE/sum((uhi_map(uhi_notisnan)-mean(uhi_map(uhi_notisnan))).^2); 
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gaussuhi1.a0=A0; 

gaussuhi1.Xc=Xc; 

gaussuhi1.Yc=Yc; 

if theta_deg<90 

    gaussuhi1.orientation=theta_deg; 

else 

    gaussuhi1.orientation=theta_deg-180; 

end 

  

gaussuhi1.A_61=uhi_area_gauss; 

gaussuhi1.A_1K=uhi_area1K; 

gaussuhi1.M_sax=sax; 

gaussuhi1.m_sax=say; 

gaussuhi1.M_sax_1K=sax1K; 

gaussuhi1.m_sax_1K=say1K; 

gaussuhi1.corr=corr(1,2); 

gaussuhi1.Rsquare=Rsquare; 
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Appendix F 

SUHI Gaussian Model Result Examples 

 

 

 

 

 

 

 

 

 

Gaussian fit parameters: A0 is magnitude (K), Xc and Yc are the central location of the UHI, φ is 

the orientation. The blue ellipse (inner) is the area at which the temperature falls to the 61% of its 

maximum value (A_61) and the black ellipse (outer) is the area for which the SUHI temperature 

is greater than 1 K (A_1K). 

 

 

 

 

 

 

 

 

 

 

A0 6.50 

Xc -13.16 

Yc 4.30 

φ -17.52 

A_61 11,875 pixels 

A_1K 44,447 pixels 

correlation 0.51 

Figure F.1: The SUHI model results for September 5, 2000. 

Figure F.2: SUHI correspondent to the vertical cross-section of the Gaussian surface presented in Figure 

F1 along the major axis (left) and minor axis (right). 
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Included in the center are the statistics used for residuals analyses in Chapter 3. The blue ellipse 

represents the A_61% area and the black ellipse represents the A_1K area. 

 

 

 

 

 

 Agriculture Urban 

Mean 0.09 1.16 

Stand. Dev. 0.32 0.73 

Median 0.03 1.09 

Quantity > 0 71,831 34,841 

Quantity < 0 77,751 15,034 

Maximum 11.05 22.15 

Minimum -6.95 -7.03 

 Wetlands Forested 

Mean -2.55 -2.84 

Stand. Dev. 0.55 0.46 

Median -2.76 -2.93 

Quantity > 0 459 719 

Quantity < 0 7,570 21,423 

Maximum 3.95 6.78 

Minimum -8.15 -8.48 

Figure F.3: Residuals within each land cover from the SUHI Gaussian surface presented in Figure F1 
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A0 3.82 

Xc 16.09 

Yc 4.32 

φ -0.76 

A_61 13,259 pixels 

A_1K 35,550 pixels 

correlation 0.50 

A0 6.30 

Xc 4.58 

Yc -10.06 

φ -14.79 

A_61 27,475 pixels 

A_1K 101,115 pixels 

correlation 0.58 

Figure F.4: The SUHI results for April 15, 2006. 

Figure F.5: The SUHI results for May 18, 2018. 
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A0 9.70 

Xc 33.73 

Yc 0.68 

φ -21.56 

A_61 29,434 pixels 

A_1K 133,735 pixels 

correlation 0.61 

Figure F.6: The SUHI results for July 24, 2019. 
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Appendix G 

Additional UHIFP Results 

 

Figure G.1: Average and median days of data acquisition from each time frame for the 

UHIFP 
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Figure G.2: Distribution of rural buffers around Milton’s urban centre with the 2015 land 

cover product used in UHIFP model. 
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Appendix H 

Additional Milton Data 

 

Figure H.1 : Visual representation of Urban Milton’s urban extent from satellite imagery 

acquired every two years. 
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Figure H.2 : The distribution of land covers surrounding Urban Milton in the 2002 land 

cover product. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure H.3 : The distribution of land covers surrounding Urban Milton in the 2006 land 

cover product. 

 



 

117 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure H.4 : The distribution of land covers surrounding Urban Milton in the 2011 land 

cover product. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure H.5 : The LST in the Milton area on July 6, 2001 after dividing by the 16:00 

Hamilton A air temperature measurement for normalization. 
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Figure H.6 : The LST in the Milton area on August 5, 2006 after dividing by the 16:00 

Hamilton A air temperature measurement for normalization 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure H.7 : The LST in the Milton area on July 18, 2011 after dividing by the 16:00 

Hamilton A air temperature measurement for normalization. 
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Figure H.8 : The LST in the Milton area on July 8, 2019 after dividing by the 16:00 

Hamilton A air temperature measurement for normalization. 
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