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Abstract 

Land Cover Change (LCC) has been shown to significantly impact the magnitude and trend of Land 

Surface Temperature (LST), locally where it occurs. Waterbodies serve as local climate moderators 

where nearby LCC has the potential to decrease their cooling ability. Water Cooling Islands (WCI) have 

demonstrated the ability to mitigate these local LST induced changes from LCC. Altered water surface 

temperatures can lead to altered species migration and distribution in aquatic species depending on a 

given species thermal boundary. Previous studies investigated the impact of these factors while only 

targeting either LCC impacts on LSTs or WCI impacts on LST, providing the opportunity to explore the 

relationship between LCC and WCI temperature trends. In this study, we investigate the role that LCC 

around small lakes (500m) plays on the surface water temperature trends in the Cataraqui Region 

Conservation Authority’s watershed, located in Eastern Ontario from 1985 - 2020. The Continuous 

Change Detection Classification (CCDC) algorithm was used alongside the Statistical Mono-Window 

(SMW) algorithm to calculate LCC and LST, respectively. Results indicated a strong positive relationship 

(R2 = 0.81) between LCC and water temperature trends, where water temperature trends in all lakes 

investigated were found to be positive. The land cover type with the strongest correlation of land cover 

types investigated was with water temperature trends was impervious surfaces which had a medium 

positive relationship (r = 0.57). Individual lake size was found to have a weak positive relationship (R2 = 

0.23) with water temperature trend. This 35-year study contributes to the broader understanding of 

water cooling islands and the impact of LCC has on surface water temperature trends. 
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Chapter 1  

 

Introduction and Background 

 

Land Cover Change (LCC) plays an important role in the hydrological cycle, the energy balance, and 

surface dynamics across the Earth. The LCC of a given location is known to change the surface 

temperature that the ground, biodiversity, and humans experience with the type of land cover effecting 

the magnitude of surface temperature change over time. A given body of water, has the ability to 

mitigate nearby increasing surface temperatures which is an important natural remedy to the effects of 

LCC. Unstable water surface temperatures can lead towards distressed wildlife and aquatic species 

populations. Waterbodies serve as local climate moderators where nearby LCC provide the potential to 

decrease their cooling potential (Wu et al., 2020). This research makes use of remote sensing to monitor 

LCC around selected waterbodies and their surface temperature in a small watershed in Eastern Ontario 

from 1985 to 2020. This chapter provides background on the remote sensing techniques to study land 

cover change, water surface temperature, and the influences of land cover change on water surface 

temperature.  

1.1 Land Cover Change  

LCC is the transition of one LC to another (Pielke et al., 2011). These types of transitions occur on Earth 

every day in different temporal scales from quick natural events such as a landslide or a forest fire, to 

slower change such as urban expansion. In the literature, LC and land use are sometimes used 

interchangeably, however the difference between the two is important to note as they can sometimes 
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become synonyms but refer to separate land classification systems (Comber, Wadsworth, & Fisher, 

2008). Land use refers to the arrangements, activities, and inputs applied to a given parcel of land with 

respect to the social and economic purposes for which the land is designated (Intergovernmental Panel 

on Climate Change, 2019). Whereas, land cover is the biophysical coverage of land (e.g., bare soil, 

shrubs, forests, roads or water) (Intergovernmental Panel on Climate Change, 2019). Investigating either 

land use or LC usually depends on the objective of the study at hand, although both investigate the 

same idea of capturing land change.  

LCC is a global phenomenon which can be either a global carbon source or a carbon sink 

(Intergovernmental Panel on Climate Change, 2019). Changes in the biophysical characteristics of the 

land surface are known to have an impact on local and regional climates through changes in albedo, 

surface roughness, evapotranspiration and vegetation phenology, which can lead to a change in 

temperature and precipitation (Hoegh-Guldberg et al., 2018).  

The regional and global influence of LCC are well understood as it influences Earth’s climate (Avila et al., 

2012; Perugini et al., 2017), hydrology (Scanlon et al., 2005), water resources (Aghsaei et al., 2020), soil 

properties (Biro et al., 2013), and biodiversity (Mahmood et al., 2014). The concept of LCC influencing 

the surface and air temperature is best explained by the Urban Heat Island (UHI), which is defined as a 

thermal anomaly across all large and small settlements having horizontal, vertical, and temporal 

dimensions (Oke, 1982). UHI’s are best explained by the reduction of latent heat and an increase in 

sensible heat in urban areas where vegetation is replaced by impervious low albedo surfaces (Zhou et 

al., 2019). Within an UHI the magnitude and intensity of LCC can amplify the UHI effects (Santamouris, 

2015). A natural LC type that is known to regulate its surroundings and can decrease the UHI effect is 

water. Waterbodies have been noted to have a cooling effect on the land around them with the term 

Water Cooling Island (WCI) being coined to describe this effect on the land around them (Du et al., 

2016). Water bodies contribute to the reduction of warming effects from LCC and influence ambient 
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temperature of the surrounding environment (Du et al., 2016). Water bodies have a strong resistance to 

temperature change, high heat capacity, and low convective heat circulation (Wilson et al., 2003). This 

allows waterbodies to act as regulators to the land around them. In a similar way to which LCC amplifies 

UHI’s, LCC can increase the rate of warming in waterbodies, however this phenomenon is much less 

explored on a local scale (Findell et al., 2009).  

1.2 Remote Sensing of Land Cover Change and Land Surface Temperature 

A method of monitoring long term LCC and LST is through remote sensing data which are continuously 

collected as Earth observation satellites orbit Earth (Li, et al., 2013). Earth observation satellites orbit 

Earth and essentially take images of Earth in spectral wavelengths that we can and cannot see with our 

naked eye (Canadian Centre for Remote Sensing (CCRS), 2015). The Landsat satellite series used in this 

study is a series of Earth observation satellite missions jointly managed by the National Aeronautics and 

Space Administration (NASA) and the United States Geological Survey (USGS) (Wulder et al., 2019). The 

Landsat series proves to be invaluable due to its continuous record, spatial resolution, and it’s historical 

thermal record (Kennedy et al., 2014; L. Zhu et al., 2018). These satellite images can be used for change 

detection which is accomplished by analyzing the differences in images collected on multiple acquisition 

dates (Liu et al., 2019).  

Remote sensing data have proven to be extremely useful for quantifying surface temperature across the 

Earth (Ayanlade, 2017; Freitas et al., 2013). LST provides crucial information on the temporal and spatial 

variations of the surface of the Earth through time which allow it to play a big role in various 

applications (Chen, Sun, & Niu, 2019; Ngie et al., 2014). The most common challenges associated with 

LST retrieval are the surface emissivity and atmospheric effects (Vidal, 1991). Many approaches have 

been proposed to minimize the uncertainty caused by surface emissivity and atmospheric effects 

(Jiménez-Muñoz & Sobrino, 2010; Li et al., 2013; Peres & DaCamara, 2005; Qin, Karnieli, & Berliner, 
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2001). Although different approaches exist to determine LST, all methods follow the same main ideology 

behind the radiative transfer equation and Plank’s Law. Various LST methodologies approximate 

emissivity and/or atmospheric effects differently based on suitable available emissivity and atmospheric 

data to best increase LST accuracy (Li et al., 2013; Sattari & Hashim, 2014). 

 

1.3 Research Rationale 

LCC around waterbodies pose the threat of warming and/or accelerating the warming of waterbodies 

which act as cooling islands for local climates (Xue et al., 2019). Waterbodies contribute to the reduction 

of warming effects from LCC and influence ambient temperature of the surrounding environment (Du et 

al., 2016). Waterbodies have a high thermal inertia and capacity, and low thermal conductivity (Wilson 

et al., 2003). In addition, water absorbs less heat than impervious surfaces and buildings as it has a 

higher thermal capacity (Zhou and Shu, 1994) (Chatzidimitriou & Yannas, 2015). This allows waterbodies 

to act as regulators to the land around them. In a similar way to which LCC amplifies UHI’s, LCC can 

increase the rate of warming in waterbodies, however this phenomenon is much less explored (Findell 

et al., 2009).  

On a global scale, LCC contributes to the total amount of greenhouse gas emissions every year with 

approximately 23% from 2007-2016 of greenhouse gas emissions were from agriculture, forestry, and 

other land uses (Intergovernmental Panel on Climate Change, 2019). It has been demonstrated that the 

impacts of LCC on indices of temperature extremes were equal to the impacts of doubling CO2 where 

significant LCC had occurred (Avila et al., 2012).  

Transitions from one LC type to another on Earth’s surface fundamentally alters how water moves 

between the surface and atmosphere (Sterling, Ducharne, & Polcher, 2013), sensible and latent heat 

(Pitman, 2003), and thermal infrared radiation (Mahmood et al., 2014; Zeng & Neelin, 1999). LC changes 
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become evident through climate variables such as humidity, temperature, and wind speed. LCC is 

important to monitor to accurately track and effectively manage our resources (Luyssaert et al., 2014). 

Although this study is on a local scale, the methods demonstrated could be employed on a global scale 

to quantify LCC effects on water bodies.  

LCC in ecologically important areas can have an impact on species distribution (Pearson, Dawson, & Liu, 

2004), biodiversity (Mantyka-Pringle et al., 2015), and the local climate (Perugini et al., 2017). LCC near 

protected areas or in ecological corridors leads to habitat fragmentation and species migration 

(Pennington, Hansel, & Blair, 2008). LCC amplified water surface temperatures can result in altered 

species migration and distribution in fish species depending on a given species thermal boundary  

(Buisson, Blanc, & Grenouillet, 2008; Kaimuddin, Laë, & de Morais, 2016). This results from advection 

caused by differences in surface and air temperatures between the water body and surrounding land 

covers (Cao, Onishi, Chen, & Imura, 2010). Fish are exothermic meaning that they are unable to self-

regulate their temperature and can only do so by moving to cooler or warmer areas (Jeppesen et al., 

2010). This results in changing temperatures of waterbodies either allowing for various fish species to 

either excel or diminish due to their thermal boundary (Eaton & Scheller, 1996; Malmquist, Antonsson, 

Ingvason, Ingimarsson, & Árnason, 2009).  

In order to best understand the impacts of LCC it is important to properly monitor water surface 

temperatures and LCC through reliable methods. Effective accounting for water surface temperature 

changes can provide the knowledge for better management where needed as counteractive and 

responsive management would be less effective. Mismanagement of LCC near waterbodies could lead 

towards warmer and unsuitable surface water temperatures for aquatic species, surrounding land 

covers can become significantly converted to impervious surfaces, and LCC will continue to contribute 

towards global carbon emissions.  
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1.4 Research Objectives  

The main goal of this research was to determine the impact that various types of LC play on water 

temperature trends via the Landsat satellite series within small, non-connected, separated lakes in the 

Cataraqui Region Conservation Authority watershed in Eastern Ontario from 1985-2020. Specifically, the 

research goal was by carried through by focusing on the following sub-objectives which are achieved by 

this research:  

1. Assess the relationship between LCC around selected waterbodies and water temperature 

trends for the selected waterbodies 

2. Determine the type of LC that had greatest influence on water temperature trends 

These research objectives were achieved through satellite measurements of LC around selected lakes 

and the LST of each selected lake in Eastern Ontario from 1985-2020. This thesis consists of one 

manuscript, Chapter 3, which addresses the objectives discussed here and presents the application of 

the Continuous Change Detection Classification (CCDC) algorithm and the Statistical Mono Window 

(SMW) method to observe LCC and water temperature trends in Eastern Ontario. While the body of 

work on LCC and relative temperature effects is extensive, few studies have been conducted with a 

specific focus on LCC and its potential effect on nearby water temperature. Chapter 4 summarizes the 

findings that have emerged from this research and makes recommendations for future research. This 

research reveals the influence that LCC has on water temperature trends and contributes to the 

understanding of the role that LCC plays in water temperature change.  
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Chapter 2  

 

Literature Review 

2.1 The Impact of Land Cover Change 

Land use land cover change concerns human-caused changes that affect the biophysics, 

biogeochemistry, and biogeography of the terrestrial surface and its effect on the atmosphere (Pielke et 

al., 2011). The difference between the two is important to differentiate as they can sometimes become 

synonyms but refer to separate land classification systems (Comber et al., 2008). Land use refers to the 

total arrangements, activities, and inputs applied to a given parcel of land with respect to the social and 

economic purposes for which the land is designated (Intergovernmental Panel on Climate Change, 

2019). Whereas, land cover is the biophysical coverage of land (e.g., bare soil, shrubs, forests, roads or 

water) (Intergovernmental Panel on Climate Change, 2019). Investigating land use or land cover usually 

depends on the objective of the study at hand, although both investigate the same idea of capturing 

land change.  

The concept of LCC influencing the surface and air temperature is best explained by the Urban Heat 

Island (UHI), which is defined as a thermal anomaly across all large and small settlements having 

horizontal, vertical, and temporal dimensions (Oke, 1982). UHI’s are best explained by the reduction of 

latent heat and an increase in sensible heat in urban areas where vegetation is replaced by impervious 

low albedo surfaces (Zhou et al., 2019). Cities feature significantly more impervious surfaces and much 

fewer green spaces than nearby rural areas. Within an UHI the magnitude and intensity of LCC can 

amplify the UHI effects, resulting in higher surface temperatures (Santamouris, 2015). Rising urban 

temperatures have been shown to lead to an increase in energy consumption and an increase in 
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mortality rates (Ahmed Memon, Leung, & Chunho, 2008). Common findings from the field of UHI’s are 

that the urban areas experience higher temperature increases over time, larger cities generally 

experience a higher magnitude of temperature change, and that urban areas promote larger seasonal 

temperature variations (Bonafoni & Keeratikasikorn, 2018; Santamouris, 2015).  

The phenomenon of a cooling island is the idea that land cover types that have naturally occurring 

features which lower their local surface temperatures extend their effects to nearby land covers (X. Cao 

et al., 2010). Cooling islands were first explored with parks (Jauregui, 1990) and vegetation (Taha, 

Akbari, & Rosenfeld, 1991) in urban areas, and then with the cooling effects from water bodies and 

wetlands (Sun, Chen, Chen, & Lü, 2012). Between various cooling island types water cooling islands have 

been found to have the greatest cooling effect, with lakes providing more cooling than rivers (Du et al., 

2016). Waterbodies contribute to the reduction of warming effects from LCC and influence ambient 

temperature around the surrounding environment (Du et al., 2016). Water bodies have a strong 

resistance to temperature change, high heat capacity, and low convective heat circulation (Wilson et al., 

2003). This allows waterbodies to act as regulators to the land around them. The thermal capacity of 

water is 4190 J/kg/K which is roughly four times the thermal capacity of buildings and impervious 

surfaces (Chatzidimitriou & Yannas, 2015). This results in water bodies experiencing smaller 

temperature increases than other surfaces while receiving the same amount of solar radiation. Notably, 

WCI factors have been demonstrated to play a role in the overall cooling effect include: the water area 

(Syafii et al., 2017), the shape of the water body (Sun et al., 2012), the distance to the urban downtown 

(Sun & Chen, 2012), and surrounding land cover (Hathway & Sharples, 2012).  

2.2 Land Surface Temperature Impacts 

LST measurements have become increasingly popular for illustrating the effects of LCC. It has been 

demonstrated that well-planned urban areas with diverse green spaces are more likely to have a lower 



39 

 

LST than those with less pervious surfaces (Zhang & Sun, 2019). Green spaces within an urban area help 

to mitigate the effect of the Urban Heat Island (UHI), which can be defined by Zhou et al (2019) a 

phenomenon where the temperature tends to be higher in urban zones than surrounding non-urban 

areas (Oke, 1982).The UHI phenomenon has been attributed to the change in the energy exchange 

between urban land surfaces and the atmosphere, which is caused by increased impervious surfaces 

replacing pervious surfaces and additional anthropogenic heat releases (Clinton & Gong, 2013). 

Additionally, the urban size has the strongest influence on the UHI intensity, followed by the 

compactness for the urban area (United Nations, 2018). The UHI effect is expected to be more severe 

under a warming climate (Intergovernmental Panel on Climate Change, 2019) and a growing urban 

population (United Nations, 2018). Currently about 55% of the world’s population lives in urban areas 

and that number is expected to increase to 68% by 2050 (United Nations, 2018). The most heavily 

urbanized parts of the world include North America with 82%, Latin America and the Caribbean with 

81%, Europe with 74%, and Oceania with 68% (United Nations, 2018). Increasing urban populations over 

the globe provide the need for well-planned cities in order to mitigate the UHI effect. Although more 

significant effects are seen in urban areas, the extent to which rural areas are influenced by LCC remains 

less known.  

Land surface temperature (LST) is one of the key parameters in the physics of land surface processes 

from local through global scales (Li et al., 2013). LST involves energy fluctuations and interactions 

between the ground and the atmosphere. LST is unique from the land surface air temperature because 

it involves the heating and cooling processes of earth’s surface. Valiente et al (2010) defines land surface 

air temperature as the air temperature near the Earth’s surface, commonly measured by meteorological 

stations at 2 meters above the ground. The difference between the land surface air temperature and LST 

is important to note so that the two are not confused or misinterpreted. LST is defined by Dash et al. 

(2001) as the temperature measured at surface level and can be referred to as the skin temperature of 
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the ground. The process of land surface heating and cooling is intricate and is affected by many factors 

such as surface emission, soil moisture, solar radiation, and the type of material on the Earth’s surface 

(Li, et al., 2013). LST modulates the air temperature of the lower layer of the atmosphere, is a primary 

factor in determining surface radiation and energy exchange, and influences human comfort in cities 

(Voogt & Oke, 1998). A major challenge in determining the temperature on the surface of the Earth is 

that it is a heterogeneous surface made up of different spectral characteristics (Becker & Zhao-Liang Li, 

1995b). The LST of dense vegetation would be the temperature of the vegetation canopy whereas in 

sporadic vegetated areas the LST would be the average temperature of the canopy.  

LST has significant impacts on the environment and the atmosphere. LST is involved in the process of 

rising land radiation and heat flux exchanges in the atmosphere (Choi, Suh, & Park, 2014; Quesada, 

Arneth, & De Noblet-Ducoudré, 2017). LST plays an important role in understanding the temporal and 

spatial variations on Earth’s surface and is essential in many applications in natural systems. LST is 

widely used in a variety of fields including vegetation monitoring, hydrological cycling, and 

environmental studies (Li et al., 2013). Thermal infrared (TIR) measured from satellite sensors is an 

important component of LST and allows for the collection of physical parameters of land surface data 

based on the amount of energy reflected, radiated, or emitted from a surface (Ayanlade, 2017). 

Knowledge of the LST provides information on the temporal and spatial variations of the surface 

equilibrium state and is of fundamental importance in many applications. Remote sensing Earth 

observation satellites offer the ability to measure LST at a high spatial and temporal resolution.  
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2.3 Historical Development and Principles of Remote Sensing 

Remote sensing is the process of allowing for continuous and unbroken monitoring of the Earth without 

the user being present at the study site (Canadian Centre for Remote Sensing (CCRS), 2015). Remotely 

sensed data generally refers to the use of satellite, aircraft, or drone based sensor technologies to 

detect and classify objects on Earth’s surface (Gómez, White, & Wulder, 2016). Remotely sensed data 

can vary from multispectral images that the human eye can and / or cannot see (Chao Rodríguez et. al, 

2014), to purely visual images of topography (Vaaja et al., 2011), and to air and water temperature 

measurements (Schaeffer et al., 2018). In order to analyze LCC and LST is it important to first review the 

historical background, key concepts, and previous related studies. The following section aims to 

highlight a review of the current literature focusing on the history and basic principles of remote 

sensing, land cover classification methods, land surface temperature retrieval methods, and current 

gaps in the literature which this research addresses.    

2.3.1 Historical Development of Remote Sensing  

The evolution of remote sensing began with the ability to take photographs, with the first one being 

taken in 1827 with an eight hour long exposure (Cohen, 2000) and consequentially the first aerial 

photograph was captured from a balloon in 1858 by Gaspard Felix Tournachon (Nadar et al., 1978). First 

denoted by Maxwell (1865) was that all electromagnetic radiation, has fundamental properties and 

behaves in predictable ways according to the basics of wave theory. Electromagnetic radiation consists 

of an electrical field which varies in magnitude in a direction perpendicular to the direction in which the 

radiation is traveling, and a magnetic field oriented at right angles to the electric field, both of which 

travel at the speed of light. Before the World War I, there were relatively major developments and 

inventions under the fields of photography, radar, aerial photography, and photogrammetry (Cohen, 

2000). These developments occurred from 1827 – 1914 and included the discovery of the infrared 
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spectrum, photographs from the top of buildings, mountains, kites, and balloons, obstacle detection 

using radar, and infrared film (Cohen, 2000). The World Wars sparked major developments in aerial 

photography, what would become a crucial building block for the future of remote sensing. World War I 

brought the expansion of aerial photography for reconnaissance purposes where images of enemy held 

territory were of high value. This prompted an increased research effort to develop photographic 

equipment, proper methods of photography, processing, and photo-interpretation (Cohen, 2000). Other 

important uses for aerial photography during this time included surveying, mapping, and military 

surveillance (Weng, 2012).  

When the technology caught up with the knowledge of the electromagnetic spectrum, it was only a 

matter of time until Earth observation satellites were widespread. The first satellites launched were in 

the late 1950’s with the launch of Sputnik 1 by Russia in 1957 and Explorer 1 by the United States in 

1958 (Zhu et al., 2018). From the late 1950’s and on countries began launching Earth observation 

satellites. The first of the Landsat satellite series was launched in 1972 and marked a systematic 

repetitive observation of Earth’s surface. As further satellites were created and planned for launch their 

capabilities and range in the electromagnetic spectrum grew (Giardino, 2011). The relatively early 

launch of the Landsat satellite series brought interest from scientists and researchers to make use of its 

long history and image availability (Campbell & Wynne, 2011). By the late 1990’s and early 2000’s the 

development of commercial satellites began, which provided a fine spatial resolution initially at several 

meters and later down to several centimeters (Campbell & Wynne, 2011). The European Space Agency’s 

Sentinel missions 1-5 have successfully launched since 2014 and features a spatial resolution of 10 

meters and a temporal resolution of 5 days (Poursanidis & Chrysoulakis, 2017). Although more recent 

satellite sensors feature a smaller revisit time and are ideal for natural disaster monitoring, the history 

that earlier satellite launches provide is invaluable for long-term monitoring of the Earth’s surface. The 

method of using satellites to track changes on the Earth’s surface is one of the most common methods 
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today for tracking a historical record of the same location over many years. Today about 50 countries 

are operating Earth observation remote sensing satellites (Toth & Jóźków, 2016).  

There are important attributes that all Earth observation satellites have which are important to 

understand as they are not the same for every satellite. The path that a satellite follows around the 

Earth is called its orbit which is matched to the capability and goal of the sensor it carries (Canadian 

Centre for Remote Sensing (CCRS), 2015). Orbits can vary in altitude, orientation, and rotation relative to 

the Earth in order to accomplish different observation objectives (Cao et al., 2019). The decision of the 

orbit can help to accomplish satellite specific goals, whether the aim is a small temporal resolution or a 

small spectral resolution. Due to their orbits, satellites are able to make use of continuous repetitive 

coverage of the Earth’s surface. The time between an image and the next time it is taken at the same 

location is known as the temporal resolution of a satellite (Canadian Centre for Remote Sensing (CCRS), 

2015). The temporal resolution of a satellite is an important feature which makes some satellites 

preferential when studying various phenomenon such as a landslide compared to long term 

deforestation. Satellites area able to capture spectral characteristics and use them to their advantage by 

assigning a range of wavelength values to a category also known as a band name for a specific satellite. 

These band names can represent different wavelengths, so it is important to be aware of this when 

comparing different satellites or even satellites in the same series. The band names in a satellite series 

do not always match up with new satellites in the same satellite series. For examples, the blue band for 

Landsat 7 is band 1 from wavelengths of 0.45-0.52 micrometers, whereas the blue band for Landsat 8 is 

band 2 which has similar wavelengths ranging from 0.45-0.51 micrometers (Wulder et al., 2019). If 

someone were to perform an analysis, it would be crucial to remember the blue band is labelled 

different for Landsat 7 and 8. While there are many satellites with a long history of capturing images, 

the longest continuous time series of systematically collected remotely sensed data is the Landsat 

satellite series (Cohen & Goward, 2004). The Landsat satellite series offers a spatial resolution of 30 
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meters and a  temporal resolution of 16 days which allows vegetation and LC changes to be accurately 

tracked (Wulder et al., 2019).  

The Landsat satellite program is a series of Earth observation satellite missions jointly managed by NASA 

and the USGS (Wulder et al., 2019). NASA develops remote sensing instruments and spacecraft, then 

launches the satellites. The Landsat satellite series has the longest, continuous recorded satellite 

observation of the Earth offering incomparable temporal consistency at a spatial resolution relevant to 

LCC monitoring (Kennedy et al., 2014). The first of the satellite series were launched in 1972 and 

followed continually afterwards. The date of launch and termination is shown in Figure 2.1.  

Table 2.1: Landsat satellite series launch and termination dates 

Satellite Name Launch Date Termination Date 

Landsat 1 July 23, 1972 Janruary 6, 1978 

Landsat 2 March 5, 1975 February 25, 1982 

Landsat 3 March 5, 1978 March 31, 1983 

Landsat 4 July 16, 1982 December 14, 1993 

Landsat 5 March 1, 1984 June 5, 2013 

Landsat 6 October 5, 1993 October 5, 1993 

Landsat 7 April 15, 1999 Still active 

Landsat 8 February 11, 2013 Still active 

 

Before becoming free to use in 2008 (Woodcock, 2008) less than 3,000 images were downloaded for use 

each month from 1972-2008 (Wulder, Masek, Cohen, Loveland, & Woodcock, 2012), whereas nearly 1 

million images were download in 2009 alone (Zhu et al., 2019). Additionally, according to a 2017 USGS 

survey on image use, the value of Landsat imagery provided domestic and international users an 
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approximate $3.45 billion in benefits, compared to $2.19 billion in 2011 (Straub, Koontz, & Loomis, 

2019). There are many other important Earth Observation satellite systems from various countries and 

organizations, however for this research only the Landsat satellite series was used.   

Previously, the most common way to use satellite images or a series of satellite images for a study, 

would be to download them, load the images in a GIS program, perform analysis, and export the final 

product. This can be a slow process and require significant computational storage, time commitment, 

require expensive software, and a dependable internet connection. In December 2010, Google first 

announced Google Earth Engine (GEE) and in 2015, the code editor on the GEE platform was released. 

GEE is a geospatial analysis platform which makes more than forty years of Landsat and almost 20 years 

of MODIS satellite imagery available online, as well as other common satellite types and land 

information datasets (Gorelick et al., 2017). GEE has millions of servers around the world and has 

supported the scientific community in analyzing trillions of images using parallel processing (Zurqani, 

Post, Mikhailova, Schlautman, & Sharp, 2018). GEE is a relatively new high performance computing 

platform which allows users to access an ever growing amount of earth observation information as well 

as the power to analyze it within the platform, without downloading a single piece of data to their 

computer (Midekisa et al., 2017). GEE contains many functions, workflows, operations, and algorithms 

to complete most tasks that would otherwise require expensive software (Gorelick et al., 2017). GEE has 

already been used for intricate studies on topics such as mapping agriculture (Dong et al., 2016), 

tracking land use changes (Nyland et al., 2018), population mapping (Patela et al., 2015), tracking LC and 

LST changes (Hao et al., 2019).  
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2.3.2 Principles of Remote Sensing 

In order to understand how the technology of remote sensing in today’s world is being used, the key 

principals of remote sensing must be understood. Remote sensing, is defined by the Canadian Centre for 

Remote Sensing (CCRS) as “the science (and to some extent, art) of acquiring information about the 

Earth’s surface without actually being in contact with it” (Canadian Centre for Remote Sensing (CCRS), 

2015). As of today, there are various modes that are able to employ the remote sensing principals, 

however this background will mainly focus on the main theory behind Earth observation satellites.  

It is important to understand how satellites are able to relay information from Earth’s surface back to 

the satellite operator. This review will focus on ‘passive’ devices which depend on solar radiation that 

has been received at or near the Earth’s surface whereas ‘active’ devices generate their own energy and 

record the subject’s changes (Zhu et al., 2018). The passive remote sensing process begins from a source 

of illumination, the Sun which passes through the atmosphere to the target (Figure 2.1). From the 

source of illumination, the radiation and particles in the atmosphere can have an effect on the incoming 

radiation by forces of either scattering or absorption (Zhu et al., 2018). Scattering occurs when particles 

or large gas molecules present in the atmosphere interact with and cause the electromagnetic radiation 

to be redirected from its original path (Canadian Centre for Remote Sensing (CCRS), 1982). The other 

main atmospheric phenomenon is absorption which causes molecules in the atmosphere to absorb 

energy at various wavelengths (Canadian Centre for Remote Sensing (CCRS), 1982). The electromagnetic 

radiation then makes its way to the satellite sensor where it is recorded and transmitted to a receiving 

and processing station where the data are processed into an image (Figure 2.1) (Bakker et al., 2009). The 

created image can then be interpreted visually, and / or electronically, to extract information about the 

image. The last component of the process, part G, in Figure 2.1, is when the data user is able to use the 



47 

 

information from the image to better understand it, assist in solving a specific problem, or reveal new 

information.  

 

 

 

 

 

 

 

 

 

 

 

A key phenomenon in remote sensing is that remote sensing satellites allow humans to see both visible 

and non-visible reflected and emitted radiation (Zhu et al., 2018). Although, various measurements of 

radiation wavelengths enters Earth’s atmosphere, not all make it through the atmosphere as some are 

obstructed by the atmosphere. This results in three main areas in the electromagnetic spectrum in the 

atmosphere that we are able to view the Earth using Earth observation satellites. These main channels 

of the electromagnetic spectrum are illustrated in Figure 2.2 where they are labelled with the type of 

Figure 2.1: The remote sensing process. Where A is the source of illumination, B is the effect of radiation and the 
atmosphere, C is the interaction with the target, D is the recording of energy by the sensor, E is the transmission, reception, 
and processing, F is the interpretation and analysis, and G is the application. Image from: (Canadian Centre for Remote 
Sensing (CCRS), 2015) 
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electromagnetic radiation that they contain. Most satellite sensors are able to capture visible, near 

infrared, mid-infrared, and thermal electromagnetic radiation. All satellite sensors take advantage of 

these channels through our atmosphere in order to properly observe and create satellite images. 

 

 

Figure 2.2: The electromagnetic spectrum arranged by wavelength. Image from (Tomlinson, Chapman, Thornes, & Baker, 

2011) 

For any given image, there can be different surface properties that impact their classification on the 

electromagnetic spectrum. This pairs with the concept that not every part of the same image will 

contain the same value on the spectrum. One of these properties is emissivity, which is defined by 

Cooke & Harris (1979) as the ratio between the energy radiated from an object and from a blackbody at 

the same temperature. Emissivity values within an image play an important part when retrieving surface 

temperature or vegetation indices. The use of certain spectral characteristics of different targets can 

help to identify features.  
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Figure 2.3: Example of reflective materials on the electromagnetic spectrum. Image from: (L. Zhu et al., 2018) 

Different types of materials have unique spectral characteristics. This is shown in Figure 2.3 where the 

amount of electromagnetic radiation reflected is different based on the surface type. The different 

surfaces have different values on the electromagnetic spectrum, which help to differentiate one type 

from another.  

2.4 Remote Sensing for Land Cover Change Detection 

Every day we are able to see that the surface of the Earth is rapidly changing due to natural or 

anthropogenic factors at local and / or regional scales. These changes can have major implications for 

people and for the environment. Satellite imagery provides a way to understand, analyze, and predict 

these changes on Earth’s surface. About half of a century of satellite observations of the Earth have 

become the new basis for studying changes on the Earth’s surface.  

Remotely sensed images contain digital numbers (DN) or brightness values (BV) which represent the 

numerical manipulation of images (Figure 2.5). DN’s are a generic term for pixel values which describes 

values that have not yet been calibrated into physically meaningful terms (Reinhold & Wolff, 1970). 

Images are comprised of smaller elements, pixels located at each row and column of an image. The 

lower the DN value, the lower the radiance value that is represented in given pixel. Changes in DN 

values across an image represents land cover variations across the image.  
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Figure 2.5: Example of a satellite image showing pixels and DN’s, the arrows show the progression in the level of detail of 

information which can be extracted from the image (Phiri & Morgenroth, 2017) 

To first be able to complete image classification, image pre-processing, and image enhancements are 

necessary. The process of image pre-processing involves the DN values being calibrated to best illustrate 

their distortion and to remove noise with atmospheric and topographic corrections. DN values are 

processed into radiance values which correspond to TOA reflectance (Song et al., 2001). Image 

enhancement is then executed to improve the quality and visual appearance of the image. Image 

classification makes use of the enhanced image and group’s pixel values into themes of particular land 

cover types (Coppin et al., 2004).  

Classification methods can be broadly grouped into either supervised or unsupervised methodologies. 

The major difference between the two is that image data training is required for supervised 

classifications while it is not for unsupervised (Li et al., 2014). Image training is the process of selecting 

specific pixels from the image to create thresholds for all desired land covers. Through the process of 

image training, the amount of desired classes is given by the number of training classes generated. An 

unsupervised classification uses clustering algorithms to group pixels of similar values based on spectral 

values for a self-determined number of classes. The unsupervised classification method does not require 

prior knowledge of the study sites land cover types and the output from the classification allows the 

users to determine which classified land cover type is which (Naghdy et al., 2014).  
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Direct comparison classifications revolve around retrieving two clear images from similar times of year 

at the study area acquired at the start and end dates of the study period and comparing the two images 

(Coppin et al., 2004). This is historically the most common type of classification as low computer 

processing is required and relatively simple classifications allow for change detection. These 

classifications can fall into three main categories: pixel based, sub-pixel based, and object based. Pixel-

based classifications follow the process of grouping each pixel into a class by treating each pixel as an 

individual unit to be grouped into the desired number of categories, where pixels that are more similar 

to each other are grouped together (Newman, McLaren, & Wilson, 2011).  

In reality, not every pixel will completely contain a homogeneous land cover as several land cover types 

can be within an individual pixel. The sub-pixel based classification determines a specific amount, 

fraction, or percentage of each pixel that is classified as a certain land cover type (Youngentob et al., 

2011).  The most common sub-pixel classification methods are the fuzzy-set (Wang, 1990) and spectral 

mixture analysis methodologies (Somers, Asner, Tits, & Coppin, 2011).  

The last classification category is object based classification. Object based image analysis (OBIA) is the 

main type of object based classification and uses geographic objects as the land cover units to classify by 

(Newman et al., 2011). OBIA takes advantage of image information other than the pixels themselves 

such as the shape, texture, and position for classification (Moskal, Styers, & Halabisky, 2011). 

Additionally, knowledge-based land cover classifications make use of auxiliary data to help develop 

classification rules (Tailor, Cross, Hogg, & Mason, 1986). The main idea is to develop rules based on 

existing data which will have clear thresholds to specific land cover types (Sikder, 2009). Evolving 

available geospatial data include digital elevation models, urban planning maps, climatic data, and 

population densities.  
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In remote sensing it has been common to determine change detection through direct comparison of 

images acquired at the start and end of the study period. All classification methods previously 

mentioned generally make use of two images for change detection. Although change detection based on 

image comparison is simple to implement, they are not always best suited for some studies. It can take 

many years to find images that are cloud free, snow free, and acquired at a similar time of year. There is 

also change that can go unnoticed if change occurs during the study period, for example tree or shrub 

regeneration. To overcome this challenge many new algorithms have been created to make use of one 

or more images per year (Cohen et al., 2017; Vogelmann, Tolk, & Zhu, 2009). These methods are 

relatively new but have demonstrated favourable accuracies and have overcome the problems 

associated with applying one image for image classification (Cohen et al., 2017; Kennedy et al., 2018; 

Zhu & Woodcock, 2014). Continuous approaches to image classification and change detection make use 

of algorithms to overcome temporal challenges and use all available satellite images that meet specific 

selection criteria (Cohen et al., 2017; Zhu & Woodcock, 2014). An individual pixel is used as the analysis 

unit where each pixel is classified throughout the study period where each new image collected is added 

to the collection (Cohen et al., 2017). Continuous classifications can be thought of as a collective time 

series of pixels in the study region.  

Continuous algorithms developed have been able to accurately map forest disturbances, forest 

regeneration, crops, vegetation, and land cover change (Zhu, 2017). The most common algorithms 

include: LandTrendr (Kennedy, Yang, & Cohen, 2010), Vegetation Change Tracker (Huang et al., 2010), 

Exponentially Weighted Moving Average Change Detection (EWMACD) (Brooks, Wynne, Thomas, Blinn, 

& Coulston, 2014), Continuous Change Detection and Classification (CCDC) (Zhu & Woodcock, 2014), and 

the Vegetation Change Tracker (Huang et al., 2010). These continuous classification algorithms all make 

use of different bands, indices, temporal scales, disturbance targets, and land cover classes. In general, 

these algorithms all use multiple satellite images acquired over a series of years to determine spectral 
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similarities within classes and determine change over time. Their differences make each of them 

suitable for various specific desired outcomes of continuous land cover classifications.  

Land cover classifications resulting from remote sensing data are extremely useful however can always 

be assumed to contain some error in how well the classification represents reality. It is important to see 

how well the classification generated represents reality. An accuracy assessment identifies errors in the 

classification where sample data is used for generating the accuracy and inaccuracies of the 

classification (Foody, 2002). A component of the accuracy assessment is the reference data which is 

ideally completely accurate. It is common in classifications to breakdown the reference data into 

training and validation data as different large reference datasets are hard to come by. For classification 

accuracy assessments it is common to compute the overall accuracy, producer’s accuracy, users 

accuracy, and an error matrix (Rwanga & Ndambuki, 2017). Producer’s accuracy measures how well land 

cover types in reality can be classified whereas user’s accuracy represents how well the classified map 

matches that of reality (Congalton, 1991). The producer’s accuracy measures the error of omission and 

the user’s accuracy measures the error of commission (Congalton, 1991). Overall accuracy compares 

how well the classified image compares to the reference data. These measures of accuracy are 

generated from the error matrix, also called the confusion matrix, which is a chart that illustrates how 

well the classified data match up to the reference data for a sample of cases at specific locations (Foody, 

2002).  

 

 

2.5 Remote Sensing for LST Retrieval 
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Researchers are able to determine the LST in their region of interest by making use of a satellite’s 

thermal infrared band (TIR), which is between 8 and 15 micrometers (Quattrochi & Luvall, 1999). LST is 

defined by Prata et al. (1995) as the ‘surface radiometric temperature corresponding to the 

instantaneous field-of-view of the sensor’. It is important to take the appropriate steps when calculating 

LST because the small difference of degrees in Kelvin or Celsius poses a big influence on the 

environment. The ability to directly estimate LST from the TIR band presents challenges due to 

emissivity and atmospheric effects which must be accounted and corrected for as they have a big 

influence in the final LST value (Vidal, 1991).  

Satellites receive TIR radiation which is quantified in Top-Of-Atmosphere (TOA) radiances. This 

measurement includes upwelling radiance emitted from the ground, upwelling radiance from the 

atmosphere, and the downwelling radiance emitted by the atmosphere and reflected from the ground. 

The idea of accounting for atmospheric and surface parameters is to arrive at the TIR pixel value on 

Earth’s surface, instead of the pixel’s TIR value including additional effects. There are a series of 

common steps taken to arrive at a LST value while there are various methods which have been 

developed to account for atmospheric and emissivity effects in slightly different manners. Although 

different approaches exist to determine LST, all methods follow the same main methodology behind the 

radiative transfer equation and Plank’s Law. The need to accurately account for surface emissivity stems 

from the basis of Plank’s Law (Becker & Li, 1995). The spectral emissivity of a material is a measure of its 

ability to emit radiation compared to a blackbody, and is defined as the ratio of the radiance of a 

material to that of a blackbody at the same temperature as the material (Becker & Li, 1995). Plank’s Law 

states that all objects with temperatures greater than absolute zero emit radiation where the amount of 

radiation from a black body in thermal equilibrium at wavelength λ and temperature T is expressed as:  
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𝐵𝜆(𝑇) =

𝐶2

𝜆 ln[
𝜀(𝜆)𝑐1

𝜆5𝑅
+ 1]

 
 

2.1 

 

 

where, C1 is a physical constant of 1.91 x 108 Wµm4sr-1m-2, C2 is a physical constant of 1.439 x 104 µm4 * 

K, ε is the emissivity, and R represents the spectral radiance of a grey body (Wm-2 µm-1m-1). Due to the 

fact that most natural objects are non-black bodies, emissivity must be taken into account to accurately 

determine LST. In order to account for the effects of the atmosphere, the radiative transfer equation is 

used as electromagnetic radiation is traveling through a medium, in this case the atmosphere. Radiance 

measured at the Top Of the Atmosphere (TOA) is a combination of the contribution of the surface 

attenuated along the upward path, the atmospheric contribution along the upward path, the 

atmospheric radiance reflected by the surface and attenuated along the upward path. The radiative 

transfer equation assumes a cloud free atmosphere under local thermodynamic equilibrium with the 

channel infrared radiance (Ii) at the TOA being written as:  

 

 𝐼𝑖(𝜃, 𝜑) =  𝑅𝑖(𝜃, 𝜑)𝜏𝑖(𝜃, 𝜑) + 𝑅𝑎𝑡𝑖↑(𝜃, 𝜑) + 𝑅𝑠𝑙𝑖↑(𝜃, 𝜑) 2.2 

 

where, θ represents the zenith angle, Φ represents the azimuthal angle, τi is the effective transmittance 

of the atmosphere in channel i, Rati↑ is the upward atmospheric radiance, Rsli↑ is the upward solar 

diffusion radiance from atmospheric scattering, and Ri(θ,Φ) τi(θ,Φ) represents the surface outgoing 

radiation attenuated by the atmosphere. The radiative transfer equation presented above is unsolvable 

(Hook & Kealy, 1992). If the radiance is measured from the surface in N spectral channels, there will 

always be N+1 unknowns, N emissivities and an unknown surface temperature. In order to overcome 
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this challenge, one or more of the emissivities must be known or the LST and Land Surface Emissivity 

(LSE) have to be simultaneously solved with assumptions or limitations on the emissivity’s (Dash, 

Göttsche, Olesen, & Fischer, 2002; Gillespie, Rokugawa, Hook, Matsunaga, & Kahle, 1999; Li et al., 2013). 

Various LST methodologies approximate emissivity and/or atmospheric effects differently based on 

suitable available emissivity and atmospheric data to best increase LST accuracy (Li et al., 2013; Sattari & 

Hashim, 2014). The ability to accurately estimate LST from satellite TIR bands has immensely improved 

over past decades. Methods to achieve LST have been developed for unique satellite characteristics (one 

TIR band vs. two) with different assumptions for surface emissivity and estimations of atmospheric 

parameters.  

When using satellite sensors for LST retrieval there are common barriers that remain persistent; surface 

emissivity and atmospheric effects. The necessary corrections are not simple and are important 

challenges to understand as it is unlikely that researchers will be able to arrive at a truly correct answer 

without some sort of error. It is important to have a clear definition of the type of temperature that is 

desired based on the method of measurement. Land surface temperature is defined as the radiance 

emitted by a surface from the depth of the wavelength it is measured at, which is also known by the 

term radiometric or skin temperature (Norman & Becker, 1995). The LST that is measured is performed 

through a satellite sensor whose measurements include the atmosphere that it ‘looks through’ to see 

Earth’s surface. These challenges can be grouped into three categories: mathematical challenges, 

various opportunities for error, and validation challenges.  

The first challenge such that LST retrieval is mathematically unsolvable due to the fact that there will 

always be unknowns or ‘best guesses’ in the equations used (Hook et al., 1992). This unsolvable 

component stems from the radiative transfer equation, where radiance is measured in x number of 

channels (depending on the sensor) and for each number of channels, there will always be x+1 

unknowns of x number of emissivities in each channel (Kealy & Hook, 1993; Li et al., 2013). This problem 
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allows the solution of the radiative transfer equation to be underdetermined, where there are fewer 

equations than unknowns, even if the atmospheric effects can be precisely estimated. The best way to 

overcome this challenge is to know one or more of the emissivities, or another option is to use a method 

where the LST and emissivities are simultaneously solved for by including assumptions on the 

emissivities (Gillespie et al., 1999).  

The second category of challenges is the various opportunities for error in the process of LST retrieval. 

An opportunity for error is properly and accurately performing atmospheric corrections. Atmospheric 

corrections are necessary because as the sensor looks down and captures images of Earth, included are 

the atmosphere effects in in the TOA radiance value that the sensor (Jiménez-Muñoz, Sobrino, & 

Gillespie, 2012). The radiances that are intended to be corrected for result from atmospheric 

attenuation, emission, and emission reflection (Becker & Li, 1995a). A consistent challenge in 

atmospheric correction is that it requires accurate vertical profiles of atmospheric water vapor and 

temperature which are both highly variable (Perry & Moran, 1994). This source of error is simply one to 

accept and can be limited, by using accurate atmospheric profiles. Another source of error is the 

performance of the cloud mask that is used. If a weak cloud mask is used, non-clear sky observations will 

be included in the analysis, altering the results. Most satellite sensor metadata will contain information 

to assist when detecting and removing cloudy images (Goodwin et al., 2013).  

An additional challenge associated with LST retrieval is validation. The idea behind validation is to 

determine the accuracy and precision between a remote sensing sensor and in situ observation data. 

The main challenge with validation is the difficulty of performing in situ LST measurements and to have 

data which accurately represent the scale of individual pixels to compare remotely sensed LST with. 

Weather and meteorological stations collect their data as point samples which are not ideal for 

capturing the spatial variability of surface temperatures. These stations can also be quite far apart from 

one another depending on the study area and how urban or rural a given area is. It is not guaranteed 
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that a desired study area will have previously recorded in situ observations, which makes acquiring in 

situ validation all the more problematic. Various LC types can have different LST’s while being physically 

close to one another (Prata et al., 1995). Strong spatial heterogeneity and temporal variations in LST 

limit the opportunity for in situ validation. However, it is more feasible when the study area is a 

homogenous surface such as water or a densely vegetated forest (Hook et al., 2007), yet it is usually not 

possible with study areas with many LC types. Although, it is challenging to acquire sound validation 

data, studies have shown that current LST retrieval methods arrive at results within 0-2° Celsius (Ermida, 

Mantas, & Göttsche, 2020; Li & Jiang, 2018; Vancutsem et al., 2010).  

2.5.1 Land Surface Temperature Retrieval Methods 

Throughout past decades, LST retrieval research has significantly improved. Algorithms have been 

proposed for various sensors and make use of different assumptions for the radiative transfer equation 

and surface emissivities. Existing methods first can be grouped into two categories where either surface 

emissivities are known or unknown (Figure 2.7). If surface emissivities are known, algorithms can be 

grouped further into three different categories: single-channel methods, multi-channel methods, and 

multi-angle methods. If surface emissivities are unknown, algorithms can be grouped into three 

categories: stepwise retrieval method, retrieval of land surface emissivities and LST with atmospheric 

information, and retrieval of land surface emissivities and LST with unknown atmospheric information.  
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Figure 2.4: Flow diagram of LST methods based on data availability and sensor suitability 

All methods illustrated in Figure 2.4 are suitable for LST retrieval depending on data availability and 

sensor suitability. Applicable methods diverge depending on whether or not LSE’s are known as they are 

a crucial component in the LST calculation. The single-channel method assumes no special assumptions 

about the atmosphere or emissivities but is only applicable for sensors with one TIR channel. It requires 

known pixel emissivity and atmospheric profiles, where atmospheres with high water vapor content 

provide poor results (Jimenez-Munoz, Ninyerola, Pons, Soria, & Sobrino, J.A.Cristobal, 2008).  

The multi-channel method assumes that there are different atmospheric absorptions in adjacent TIR 

channels, in addition a major benefit of the multi-channel methods is that no atmospheric profiles are 

required (Wan & Dozier, 1996). More than one TIR channel and pixel emissivity are necessary for the 

multi-channel method. A disadvantage of the multi-channel method is that many parameterizations of 

the coefficients are available and can create different split-window algorithms with different levels of 

performance (Jose A. Sobrino, Li, Stoll, & Becker, 1994). Similar to the single-channel method, the 

accuracy is also weakened from high water vapor contents (Becker & Li, 1990).  
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The last category of methods where surface emissivities are known is the multi-angle method which 

based on differential atmospheric absorption due to the different path lengths when the same objects is 

observed in the same electromagnetic channel from different viewing angles. Through this method, it is 

assumed that LST’s are independent of the zenith viewing angle and that the atmosphere is horizontally 

uniform since different viewing angles are used (Prata, 1994). It is required with the multi-angle method 

that the emissivity values are known, that there is a significant difference in the viewing angles, and that 

accurate geometric registration can be applied (Sobrino et al., 1996). 

The other set of methods are grouped together for situations where surface emissivity is unknown. The 

first of which is the stepwise retrieval method. Through this method, the surface emissivity is 

determined from visible near infrared measurements or it is physically estimated from pairs of 

atmospherically corrected mid infrared and TIR radiances, then the LST is calculated with any of the 

methods where emissivity is known (Peres & DaCamara, 2005). This method allows for the user to 

determine which method to calculate emissivity with once emissivity is determined, however error in 

emissivity accuracy can bring inaccuracies to the overall LST calculation. Within the stepwise retrieval 

method lies the classification based emissivity method (Sun & Pinker, 2005), the NDVI based emissivity 

method (Van De Griend & Owe, 1993), and the temperature independent spectral indices method (Li, 

Petitcolin, & Zhang, 2000) to calculate LST.  

The following sub-category of LST methodologies is the retrieval of surface emissivities and LST 

simultaneously with atmospheric information. In this methodology category, the surface emissivity is 

calculated based on reasonable assumptions and image information to further accurately calculate LST. 

This category can be broken down further into the multi-temporal and multi hyperspectral methods. 

The multi temporal method makes use of measurements at different times to determine the LST and the 

emissivity under the assumption that the emissivity will not change over time whereas the multi 
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hyperspectral method uses the spectral properties of the surface emissivities as oppose to the temporal 

information from the images acquired (Gillespie et al., 1999; Watson, 1992). 

The other LST methodology where emissivity is unknown determines land surface emissivities and LST 

without atmospheric information. It is common for atmospheric information to be unavailable at the 

same time of image acquisition, as a result it is necessary to have accurate methods where LST can be 

determined without atmospheric information. It is possible to simultaneously retrieve the surface 

emissivity, atmospheric parameters and LST simultaneously through the artificial neural network 

method (Wang, Tang, Li, & Li, 2010) and the two step physical retrieval method (Ma, Wan, Moeller, 

Menzel, & Gumley, 2002). The main theory that allows these LST methods to work is the narrow 

bandwidth of hyperspectral TIR sensors with thousands of channels improves the vertical resolution and 

allows atmospheric profiles to be obtained (Barnet, Manning, Rosenkranz, Strow, & Susskind, 2007).  

The single-channel method is described in greater detail here as it is employed in this study from the 

methodologies described above as it matches the senor used and available atmospheric data. The 

single-channel method uses the radiance measured by a given satellite sensor in a single channel, within 

a satellite specific atmospheric window (Jimenez-Munoz et al., 2008). The main different between the 

single and multi-channel methods are the number of TIR bands being used and that with the multi-

channel method, no atmospheric correction is required due to the differential atmospheric absorption 

(Du, Ren, Qin, Meng, & Zhao, 2015). Only using one TIR band in the single-channel method presents 

limitations which should be noted as there is no possibility to perform the split-window method (Benali 

et al., 2012) or the temperature and emissivity separation method (Gillespie et al., 1999) which then 

requires knowledge on the emissivity of natural surfaces for the single-channel method.  

The single channel method requires the vertical and horizontal profiles of temperature and / or water 

vapor in the atmosphere over the study area to be accurately accounted for (Sobrino, Jiménez-Muñoz, & 



62 

 

Paolini, 2004). Variations of the single-channel method have different ways of best estimating surface 

emissivity which include: the Classification based emissivity method (CBEM) (Snyder, Wan, Zhang, & 

Feng, 1998), the Normalized Difference Vegetation Index (NDVI) based emissivity method (Van De 

Griend & Owe, 1993), and in situ measurements for emissivity.  

The main idea behind the CBEM is to use a land cover classification and assign emissivity values based 

on the land cover type. The CBEM was first introduced by Snyder et al. (1998) where MODIS 

International Geosphere-Biosphere Programme (IGBP) classes were grouped based on their assigned 

emissivity. In the CBEM each individual pixel is assigned an emissivity classification class based on the 

land cover that it belongs to (Peres & DaCamara, 2005). Although this method was first used with the 

MODIS sensor, the process is still applicable to other sensors and has been applied to the Advanced 

Spaceborne Thermal Emission and Reflection Radiometer (ASTER) (Mitraka et al., 2012), Airborne 

Hyperspectral Scanner (AHS) (Jiménez-Muñoz et al., 2012), Advanced Along-Track Scanning Radiometer 

(AATSR) (Caselles et al., 2012), Geostationary Operational Environmental Satellite (GEOS) (Sun & Pinker, 

2003), and the Landsat satellite series (Chen, Yang, Su, & Wang, 2016). Alternatively, another method to 

determine emissivity is the NDVI based method. The NDVI based emissivity method is based on a 

statistical relationship between the NDVI, which is defined by Tucker (1979) as:  

 

 𝑁𝐷𝑉𝐼 =  
𝑟𝑁𝐼𝑅 − 𝑟𝑅

𝑟𝑁𝐼𝑅 + 𝑟𝑅
 2.3 

 

 

where rNIR and rR represent the NIR and red bands from a sensor respectively. The NDVI method stems 

from a finding by Van De Griend & Owe, (1993) who found that thermal emissivity is highly correlated 

with the logarithmic of the NDVI. This finding was later expanded by Valor & Caselles, (1996), who 



63 

 

applied the method to estimate the LSE of soil and vegetation types, where vegetation cover changed 

during the study period. Sobrino & Raissouni (2000) developed a less complex method by building off of 

Valor & Caselles (1996) previous work to create a threshold NDVI method where emissivity values are 

grouped by their NDVI values. NDVI would be generated for each pixel, which would then be assigned an 

emissivity value based off of which NDVI category it falls into. Due to the fact that this method breaks 

down emissivity in a simplified manner, it has been widely used with various sensors such as the MODIS 

(Momeni & Saradjian, 2007), the Airborne Hyperspectral Sensor (AHS) (Sobrino et al., 2008), the Landsat 

Thematic Mapper (Sobrino et al., 2004), and the Enhanced Thematic Mapper + (Parastatidis et al., 2017).  

 

2.6 Research Gaps 

There is a significant body of literature that explores LCC, WCI’s, and associated temperature change 

across the Earth (Aldhshan & Shafri, 2019; Du et al., 2016; Xue et al., 2019). There are some common 

themes of existing research gaps that are exemplified throughout the literature where improvements 

can be made. There is a lack of continuous images being used given the large data availability, lake 

water temperature trends remain commonly unexplored, and LCC impacts on WCI’s remain unknown.  

The research gap of two image comparison misses out on the opportunity to make use of large amount 

of existing remote sensing images. This research gap exists from the challenge using multiple cloud free, 

quality images over a large temporal resolution as well as the additional computation processing power 

required for additional images in between the study periods start and end date. Only comparing a small 

number of images results in the conclusion of LST change to be misinterpreted as the average 

temperatures for each LC being compared are only for one specific day of the year (Chen, Sun, & Niu, 

2019). The challenge of finding two clear images at the same time of year, within years of the desired 

date adds to the data continuity problem (Cui et al., 2018).  



64 

 

Another underrepresented area of research is lake water temperature change remains unexplored. The 

WCI effect is a well understood phenomenon, where the cooling effects of water bodies cool nearby 

local land temperatures (Du et al., 2016). It was found in a review paper by Lai et al. (2019) that the 

number of studies focusing on the cooling effect of water bodies is less than those focusing on urban 

geometry, reflective surfaces, and vegetation for their cooling effect. Commonly the area around the 

waterbody that is being cooled is investigated to determine the magnitude of cooling on land, however 

the reverse is rarely studied (Gupta, Mathew, & Khandelwal, 2019; Wu et al., 2020). The importance of 

WCI’s natural ability to moderate surface temperatures is clearly demonstrated in the literature 

(Steeneveld, Koopmans, Heusinkveld, & Theeuwes, 2014; Wu et al., 2020; Yang, Yu, & Luo, 2020). 

Additionally, the stability of these important climate moderators is rarely investigated. If WCI’s are 

experiencing a changing temperature over time it is worthwhile to investigate for the cooling effects 

they generate.  

While the understanding of LCC influence on the environment where it occurs is well understood, LCC 

influences on water temperature remain unknown (Yang et al., 2020). Researchers tend to focus either 

strictly on water temperature (Lamaro, Mariñelarena, Torrusio, & Sala, 2013; O’Reilly et al., 2015; 

Schneider & Hook, 2010) or LCC and surface temperature (Ayanlade, 2017; Niu, Tang, Wang, & Fu, 2019; 

Ramachandra, 2014) but rarely both LCC and water temperature. Other climate and local influences 

have been known to account for influences in lake surface water temperature such as air temperature 

and surface solar radiation demonstrating moderate positive contribution rates (Yang et al., 2020). It has 

also been noted that wind speed affects lake surface water temperature during the daytime, while total 

cloud cover affects lake surface water temperature more significantly during nighttime (Yang et al., 

2020). Exploring the role that LCC plays on lake surface water temperature would allow for a better 

understanding of local water temperature climates. Overall, the existing research provides a space to 
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research to map LCC continuously alongside water temperature change, ensuring that the stability of 

WCI’s remains monitored.  

2.7 References  

 

Aghsaei, H., Mobarghaee Dinan, N., Moridi, A., Asadolahi, Z., Delavar, M., Fohrer, N., & Wagner, P. D. 

(2020). Effects of dynamic land use/land cover change on water resources and sediment yield in 

the Anzali wetland catchment, Gilan, Iran. Science of the Total Environment, 712, 136449. 

https://doi.org/10.1016/j.scitotenv.2019.136449 

Ahmed Memon, R., Leung, D. Y., & Chunho, L. (2008). A review on the generation, determination and 

mitigation of Urban Heat Island. Journal of Environmental Sciences, 20, 120–128. 

Aldhshan, S. R. S., & Shafri, H. Z. M. (2019). Change detection on land use/land cover and land surface 

temperature using spatiotemporal data of Landsat: a case study of Gaza Strip. Arabian Journal of 

Geosciences, 12(14). https://doi.org/10.1007/s12517-019-4597-4 

Algonquin to Adirondacks Collaborative. (2016). A2A: Strategic Plan. 

https://doi.org/10.1017/CBO9781107415324.004 

Alofs, K. M., Jackson, D. A., & Lester, N. P. (2014). Ontario freshwater fishes demonstrate differing range-

boundary shifts in a warming climate. Diversity and Distributions, 20(2), 123–136. 

https://doi.org/10.1111/ddi.12130 

Avila, F. B., Pitman, A. J., Donat, M. G., Alexander, L. V., & Abramowitz, G. (2012). Climate model 

simulated changes in temperature extremes due to land cover change. Journal of Geophysical 

Research Atmospheres, 117(4), 1–19. https://doi.org/10.1029/2011JD016382 



66 

 

Ayanlade, A. (2017). Remote sensing approaches for land use and land surface temperature assessment: 

a review of methods. International Journal of Image and Data Fusion, 8(3), 188–210. 

https://doi.org/10.1080/19479832.2017.1299802 

Bakker, W. H., Feringa, W., Gieske, A. S. M., Hecker, C. A., Horn, J. A., Huurneman, G. C., … Woldai, T. 

(2009). Physical principles of remote sensing. Physical principles of remote sensing. 

https://doi.org/10.1201/9780429506482-2 

Barnet, C., Manning, E., Rosenkranz, P., Strow, L., & Susskind, J. (2007). AIRS Level 2 Algorithm 

Theoretical Basis Document Version 4.0, (Version 4.0), 1–231. 

Becker, F., & Zhao-Liang Li. (1995a). Surface temperature and emissivity at various scales: definition, 

measurement and related problems. Remote Sensing Reviews, 12(3–4), 225–253. 

https://doi.org/10.1080/02757259509532286 

Becker, F., & Zhao-Liang Li. (1995b). Surface temperature and emissivity at various scales: definition, 

measurement and related problems. Remote Sensing Reviews, 12(3–4), 225–253. 

https://doi.org/10.1080/02757259509532286 

Becker, FranÇois, & Li, Z. L. (1990). Towards a local split window method over land surfaces. 

International Journal of Remote Sensing, 11(3), 369–393. 

https://doi.org/10.1080/01431169008955028 

Becker, M. W., & Daw, A. (2005). Influence of lake morphology and clarity on water surface temperature 

as measured by EOS ASTER. Remote Sensing of Environment, 99(3), 288–294. 

https://doi.org/10.1016/j.rse.2005.09.003 

Benali, A., Carvalho, A. C., Nunes, J. P., Carvalhais, N., & Santos, A. (2012). Estimating air surface 

temperature in Portugal using MODIS LST data. Remote Sensing of Environment, 124, 108–121. 



67 

 

https://doi.org/10.1016/j.rse.2012.04.024 

Biro, K., Pradhan, B., Buchroithner, M., & Makeschin, F. (2013). Land Use/Land Cover Change Analysis 

And Its Impact On Soil Properties In The Northern Part Of Gadarif Region, Sudan. Land Degradation 

and Development, 24(1), 90–102. https://doi.org/10.1002/ldr.1116 

Bonafoni, S., & Keeratikasikorn, C. (2018). Land surface temperature and urban density: Multiyear 

modeling and relationship analysis using modis and landsat data. Remote Sensing, 10(9). 

https://doi.org/10.3390/rs10091471 

Borbas, E., Seemann, S. W., Huang, H.-L., Li, J., & Menzel, W. P. (2005). Global profile training database 

for satellite regression retrievals with estimates of skin temperature and emissivity. The Int. ATOVS 

Study Conference-XIV, 763–770. 

Breiman, L. (2001). Random forests. Machine Learning, 45, 5–32. 

https://doi.org/10.1201/9780429469275-8 

Brooks, E. B., Wynne, R. H., Thomas, V. A., Blinn, C. E., & Coulston, J. W. (2014). On-the-fly massively 

multitemporal change detection using statistical quality control charts and landsat data. IEEE 

Transactions on Geoscience and Remote Sensing, 52(6), 3316–3332. 

https://doi.org/10.1109/TGRS.2013.2272545 

Buisson, L., Blanc, L., & Grenouillet, G. (2008). Modelling stream fish species distribution in a river 

network: The relative effects of temperature versus physical factors. Ecology of Freshwater Fish, 

17(2), 244–257. https://doi.org/10.1111/j.1600-0633.2007.00276.x 

Campbell, J. B., & Wynne, R. H. (2011). History and scope of remote sensing. In Introduction to remote 

sensing (pp. 3–30). 

Canadian Centre for Remote Sensing (CCRS). (1982). Fundamentals of Remote Sensing. ITC Journal, 



68 

 

1982–1, 37–44. https://doi.org/10.4324/9781315610139-13 

Canadian Centre for Remote Sensing (CCRS). (2015). Fundamentals of Remote Sensing - Introduction. 

Retrieved July 1, 2020, from https://www.nrcan.gc.ca/maps-tools-publications/satellite-imagery-

air-photos/remote-sensing-tutorials/fundamentals-remote-sensing-introduction/9363 

Cao, B., Liu, Q., Du, Y., Roujean, J. L., Gastellu-Etchegorry, J. P., Trigo, I. F., … Xiao, Q. (2019). A review of 

earth surface thermal radiation directionality observing and modeling: Historical development, 

current status and perspectives. Remote Sensing of Environment, 232(May), 111304. 

https://doi.org/10.1016/j.rse.2019.111304 

Cao, X., Onishi, A., Chen, J., & Imura, H. (2010). Quantifying the cool island intensity of urban parks using 

ASTER and IKONOS data. Landscape and Urban Planning, 96(4), 224–231. 

https://doi.org/10.1016/j.landurbplan.2010.03.008 

Caselles, E., Valor, E., Abad, F., & Caselles, V. (2012). Automatic classification-based generation of 

thermal infrared land surface emissivity maps using AATSR data over Europe. Remote Sensing of 

Environment, 124, 321–333. https://doi.org/10.1016/j.rse.2012.05.024 

Cataraqui Region Conservation Authority. (2017). Cataraqui Region Detailed Lake Monitoring Data 

Summary. 

Cataraqui Region Conservation Authority. (2018). WHAT ARE OUR REGION ’ S PRIORITY CONCERNS HOW 

CAN WE ENHANCE THE WATERSHED ? Cataraqui Region WATERSHED Report Card 2018. 

Cataraqui Source Protection Area. (2008). Watershed Characterization Report - Volume 1 March 2008 

(Vol. 1). 

Chang, C. R., Li, M. H., & Chang, S. D. (2007). A preliminary study on the local cool-island intensity of 

Taipei city parks. Landscape and Urban Planning, 80(4), 386–395. 



69 

 

https://doi.org/10.1016/j.landurbplan.2006.09.005 

Chao Rodríguez, Y., El Anjoumi, A., Domínguez Gómez, J. A., Rodríguez Pérez, D., & Rico, E. (2014). Using 

Landsat image time series to study a small water body in Northern Spain. Environmental 

Monitoring and Assessment, 186(6), 3511–3522. https://doi.org/10.1007/s10661-014-3634-8 

Chatzidimitriou, A., & Yannas, S. (2015). Microclimate development in open urban spaces: The influence 

of form and materials. Energy and Buildings, 108, 156–174. 

https://doi.org/10.1016/j.enbuild.2015.08.048 

Chen, F., Yang, S., Su, Z., & Wang, K. (2016). Effect of emissivity uncertainty on surface temperature 

retrieval over urban areas: Investigations based on spectral libraries. ISPRS Journal of 

Photogrammetry and Remote Sensing, 114, 53–65. https://doi.org/10.1016/j.isprsjprs.2016.01.007 

Chen, T., Sun, A., & Niu, R. (2019). Effect of land cover fractions on changes in surface urban heat islands 

using landsat time-series images. International Journal of Environmental Research and Public 

Health, 16(6). https://doi.org/10.3390/ijerph16060971 

Choi, Y. Y., Suh, M. S., & Park, K. H. (2014). Assessment of surface urban heat islands over three 

megacities in east asia using land surface temperature data retrieved from COMS. Remote Sensing, 

6(6), 5852–5867. https://doi.org/10.3390/rs6065852 

Chu, L., Oloo, F., Bergstedt, H., & Blaschke, T. (2020). Assessing the link between human modification 

and changes in land surface temperature in hainan, china using image archives from google earth 

engine. Remote Sensing, 12(5). https://doi.org/10.3390/rs12050888 

Clinton, N., & Gong, P. (2013). MODIS detected surface urban heat islands and sinks: Global locations 

and controls. Remote Sensing of Environment, 134, 294–304. 

https://doi.org/10.1016/j.rse.2013.03.008 



70 

 

Cohen, C. J. (2000). Early history of remote sensing. Proceedings - Applied Imagery Pattern Recognition 

Workshop, 2000-Janua, 3–9. https://doi.org/10.1109/AIPRW.2000.953595 

Cohen, W. B., Healey, S. P., Yang, Z., Stehman, S. V., Brewer, C. K., Brooks, E. B., … Zhu, Z. (2017). How 

Similar Are Forest Disturbance Maps Derived from Different Landsat Time Series Algorithms? 

Forests, 8(4), 1–19. https://doi.org/10.3390/f8040098 

Cohen, W., & Goward, S. N. (2004). Landsat’s Role in Ecological Applications of Remote Sensing. 

BioScience, 54(6), 535. https://doi.org/10.1641/0006-3568(2004)054[0535:lrieao]2.0.co;2 

Collins, W., Deaven, D., Gandin, L., Iredell, M., Jenne, R., & Joseph, D. (1996). The NCEP NCAR 40-Year 

Reanalysis Project. Bulletin of the American Meteorological Society, 77(3), 437–472. 

Comber, A. J., Wadsworth, R. A., & Fisher, P. F. (2008). Using semantics to clarify the conceptual 

confusion between land cover and land use: The example of “forest.” Journal of Land Use Science, 

3(2–3), 185–198. https://doi.org/10.1080/17474230802434187 

Congalton, R. G. (1991). A review of assessing the accuracy of classifications of remotely sensed data. 

Remote Sensing of Environment, 37(1), 35–46. https://doi.org/10.1016/0034-4257(91)90048-B 

Cooke, R. U., & Harris, D. R. (1979). Remote sensing of the terrestrial environment principles and 

progres. The Geographical Journal, 145(1), 139. https://doi.org/10.2307/633118 

Coppin, P., Jonckheere, I., Nackaerts, K., Muys, B., & Lambin, E. (2004). Digital change detection methods 

in ecosystem monitoring: A review. International Journal of Remote Sensing, 25(9), 1565–1596. 

https://doi.org/10.1080/0143116031000101675 

Costanza, R., D’Arge, R., de Groot, R., Farber, S., Grasso, M., Hannon, B., … van den Belt, M. (1997). The 

value of the world’s ecosystem services and natural capital. Nature TA - TT -, 387(6630), 253–260. 

Retrieved from https://www-nature-com.ezproxy.royalroads.ca/articles/387253a0.pdf 



71 

 

Costanza, R., de Groot, R., Sutton, P., van der Ploeg, S., Anderson, S. J., Kubiszewski, I., … Turner, R. K. 

(2014). Changes in the global value of ecosystem services. Global Environmental Change, 26(1), 

152–158. https://doi.org/10.1016/j.gloenvcha.2014.04.002 

Cristóbal, J., Jiménez-Muñoz, J. C., Prakash, A., Mattar, C., Skoković, D., & Sobrino, J. A. (2018). An 

improved single-channel method to retrieve land surface temperature from the landsat-8 thermal 

band. Remote Sensing, 10(3). https://doi.org/10.3390/rs10030431 

Cui, Y., Li, L., Chen, L., Zhang, Y., Cheng, L., Zhou, X., & Yang, X. (2018). Land-use carbon emissions 

estimation for the Yangtze River Delta Urban Agglomeration using 1994-2016 Landsat image data. 

Remote Sensing, 10(9). https://doi.org/10.3390/rs10091334 

Dash, P., Göttsche, F. M., Olesen, F. S., & Fischer, H. (2002). Land surface temperature and emissivity 

estimation from passive sensor data: Theory and practice-current trends. International Journal of 

Remote Sensing, 23(13), 2563–2594. https://doi.org/10.1080/01431160110115041 

Dash, Prasanjit, Göttsche, F. M., Olesen, F. S., & Fischer, H. (2001). Retrieval of land surface temperature 

and emissivity from satellite data: Physics, theoretical limitations and current methods. Journal of 

the Indian Society of Remote Sensing, 29(1–2), 23–30. https://doi.org/10.1007/BF02989910 

Dong, J., Xiao, X., Menarguez, M. A., Zhang, G., Qin, Y., Thau, D., … Moore, B. (2016). Mapping paddy rice 

planting area in northeastern Asia with Landsat 8 images, phenology-based algorithm and Google 

Earth Engine. Remote Sensing of Environment, 185, 142–154. 

https://doi.org/10.1016/j.rse.2016.02.016 

Du, C., Ren, H., Qin, Q., Meng, J., & Zhao, S. (2015). A practical split-window algorithm for estimating 

land surface temperature from landsat 8 data. Remote Sensing, 7(1), 647–665. 

https://doi.org/10.3390/rs70100647 



72 

 

Du, H., Song, X., Jiang, H., Kan, Z., Wang, Z., & Cai, Y. (2016). Research on the cooling island effects of 

water body: A case study of Shanghai, China. Ecological Indicators, 67, 31–38. 

https://doi.org/10.1016/j.ecolind.2016.02.040 

Duguay-Tetzlaff, A., Bento, V. A., Göttsche, F. M., Stöckli, R., Martins, J. P. A., Trigo, I., … Kunz, H. (2015). 

Meteosat land surface temperature climate data record: Achievable accuracy and potential 

uncertainties. Remote Sensing, 7(10), 13139–13156. https://doi.org/10.3390/rs71013139 

Eaton, J. G., & Scheller, R. M. (1996). Effects of climate warming on fish thermal habitat in streams of the 

United State. Limnology and Oceanography, (5), 1109–1115. 

Ermida, S. L., Mantas, V., & Göttsche, F. (2020). Google Earth Engine Open-Source Code for Land Surface 

Temperature Estimation from the Landsat Series. Remote Sensing, 12(1471), 1–21. 

Findell, K. L., Pitman, A. J., England, M. H., & Pegion, P. J. (2009). Regional and global impacts of land 

cover change and sea surface temperature anomalies. Journal of Climate, 22(12), 3248–3269. 

https://doi.org/10.1175/2008JCLI2580.1 

Flaim, G., Obertegger, U., Anesi, A., & Guella, G. (2014). Temperature-induced changes in lipid 

biomarkers and mycosporine-like amino acids in the psychrophilic dinoflagellate Peridinium 

aciculiferum. Freshwater Biology, 59(5), 985–997. https://doi.org/10.1111/fwb.12321 

Foody, G. M. (2002). Status of land cover classification accuracy assessment. Remote Sensing of 

Environment, 80(1), 185–201. https://doi.org/10.1016/S0034-4257(01)00295-4 

Freitas, S. C., Trigo, I. F., Macedo, J., Barroso, C., Silva, R., & Perdigão, R. (2013). Land surface 

temperature from multiple geostationary satellites. International Journal of Remote Sensing, 34(9–

10), 3051–3068. https://doi.org/10.1080/01431161.2012.716925 

Fu, P., & Weng, Q. (2016). A time series analysis of urbanization induced land use and land cover change 



73 

 

and its impact on land surface temperature with Landsat imagery. Remote Sensing of Environment, 

175, 205–214. https://doi.org/10.1016/j.rse.2015.12.040 

Giardino, M. J. (2011). A history of NASA remote sensing contributions to archaeology. Journal of 

Archaeological Science, 38(9), 2003–2009. https://doi.org/10.1016/j.jas.2010.09.017 

Gillespie, A., Rokugawa, S., Hook, S. J., Matsunaga, R., & Kahle, A. B. (1999). Temperature/emissivity 

separation algorithm theoretical basis document. Nasa/Gsfc, 1–64. Retrieved from 

http://eospso.gsfc.nasa.gov/sites/default/files/atbd/atbd-ast-05-08.pdf 

Gómez, C., White, J. C., & Wulder, M. A. (2016). Optical remotely sensed time series data for land cover 

classification: A review. ISPRS Journal of Photogrammetry and Remote Sensing, 116, 55–72. 

https://doi.org/10.1016/j.isprsjprs.2016.03.008 

Goodwin, N. R., Collett, L. J., Denham, R. J., Flood, N., & Tindall, D. (2013). Cloud and cloud shadow 

screening across Queensland, Australia: An automated method for Landsat TM/ETM+ time series. 

Remote Sensing of Environment, 134, 50–65. https://doi.org/10.1016/j.rse.2013.02.019 

Google Developers. (n.d.). NCEP/NCAR Reanalysis Data, Water vapor. Retrieved April 6, 2020, from 

https://developers.google.com/earth-engine/datasets/catalog/NCEP_RE_surface_wv 

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., & Moore, R. (2017). Google Earth 

Engine: Planetary-scale geospatial analysis for everyone. Remote Sensing of Environment, 202, 18–

27. https://doi.org/10.1016/j.rse.2017.06.031 

Government of Canada. (2017). 2010 Land Cover of Canada. Retrieved May 6, 2020, from 

https://open.canada.ca/data/en/dataset/c688b87f-e85f-4842-b0e1-a8f79ebf1133 

Government of Canada. (2019). 2015 Land Cover of Canada. Retrieved May 6, 2020, from 

https://open.canada.ca/data/en/dataset/4e615eae-b90c-420b-adee-2ca35896caf6 



74 

 

Gupta, N., Mathew, A., & Khandelwal, S. (2019). Analysis of cooling effect of water bodies on land 

surface temperature in nearby region: A case study of Ahmedabad and Chandigarh cities in India. 

Egyptian Journal of Remote Sensing and Space Science, 22(1), 81–93. 

https://doi.org/10.1016/j.ejrs.2018.03.007 

Han, X., Pan, J., & Devlin, A. T. (2018). Remote sensing study of wetlands in the Pearl River Delta during 

1995–2015 with the support vector machine method. Frontiers of Earth Science, 12(3), 521–531. 

https://doi.org/10.1007/s11707-017-0672-x 

Hansen, M. C., & Loveland, T. R. (2012). A review of large area monitoring of land cover change using 

Landsat data. Remote Sensing of Environment, 122, 66–74. 

https://doi.org/10.1016/j.rse.2011.08.024 

Hao, B., Ma, M., Li, S., Li, Q., Hao, D., Huang, J., … Han, X. (2019). Land use change and climate variation 

in the three gorges reservoir catchment from 2000 to 2015 based on the google earth engine. 

Sensors (Switzerland), 19(9). https://doi.org/10.3390/s19092118 

Hathway, E. A., & Sharples, S. (2012). The interaction of rivers and urban form in mitigating the Urban 

Heat Island effect: A UK case study. Building and Environment, 58, 14–22. 

https://doi.org/10.1016/j.buildenv.2012.06.013 

Hoegh-Guldberg D., Jacob D., Taylor M., Bindi M., Brown S., Camilloni I., Diedhiou A., D. R. et al. (Achlatis 

M. listed as contributing author). (2018). Chapter 3: Impacts of 1.5°C global warming on natural 

and human systems. In: Global Warming of 1.5 °C. An IPCC special report on the impacts of global 

warming of 1.5 °C above preindustrial levels and related global greenhouse gas emission pathways 

[...]. Special Report, Intergovernmental Panel on Climate Change, (ISBN 978-92-9169-151-7), 175–

311. 



75 

 

Hook, S. J., Gabell, A. R., Green, A. A., & Kealy, P. S. (1992). A comparison of techniques for extracting 

emissivity information from thermal infrared data for geologic studies. Remote Sensing of 

Environment, 42(2), 123–135. https://doi.org/10.1016/0034-4257(92)90096-3 

Hook, S. J., Vaughan, R. G., Tonooka, H., & Schladow, S. G. (2007). Absolute Radiometric in-Flight 

Validation of Mid Infrared and Thermal Infrared Data from ASTER and MODIS on the Terra 

Spacecraft Using the Lake Tahoe, CA/NV, USA, Automated Validation Site. IEEE Transactions on 

Geoscience and Remote Sensing, 45(6), 1798–1807. https://doi.org/10.1109/TGRS.2007.894564 

Huang, C., Goward, S. N., Masek, J. G., Thomas, N., Zhu, Z., & Vogelmann, J. E. (2010). An automated 

approach for reconstructing recent forest disturbance history using dense Landsat time series 

stacks. Remote Sensing of Environment, 114(1), 183–198. 

https://doi.org/10.1016/j.rse.2009.08.017 

Hudon, C., Armellin, A., Gagnon, P., & Patoine, A. (2010). Variations in water temperatures and levels in 

the St. Lawrence River (Québec, Canada) and potential implications for three common fish species. 

Hydrobiologia, 647(1), 145–161. https://doi.org/10.1007/s10750-009-9922-6 

Hulley, G. C., Hook, S. J., Abbott, E., Malakar, N., Islam, T., & Abrams, M. (2015). The ASTER Global 

Emissivity Dataset (ASTER GED): Mapping Earth’s emissivity at 100 meter spatial scale. Geophysical 

Research Letters, 42(19), 7966–7976. https://doi.org/10.1002/2015GL065564 

Hulley, G. C., Hook, S. J., & Baldridge, A. M. (2009). Validation of the North American ASTER Land Surface 

Emissivity Database (NAALSED) version 2.0 using pseudo-invariant sand dune sites. Remote Sensing 

of Environment, 113(10), 2224–2233. https://doi.org/10.1016/j.rse.2009.06.005 

Woolway, R., & Merchant, C. J. (2017). Amplified surface temperature response of cold, deep lakes to 

inter-annual air temperature variability. Scientific Reports, 7(1), 1–8. 



76 

 

https://doi.org/10.1038/s41598-017-04058-0 

Imam Syafii, N., Ichinose, M., Kumakura, E., Jusuf, S. K., Chigusa, K., & Wong, N. H. (2017). Thermal 

environment assessment around bodies of water in urban canyons: A scale model study. 

Sustainable Cities and Society, 34(June), 79–89. https://doi.org/10.1016/j.scs.2017.06.012 

Intergovernmental Panel on Climate Change. (2019). Climate Change and Land An IPCC Special Report on 

climate change, desertification, land degradation, sustainable land management, food security, 

and greenhouse gas fluxes in terrestrial ecosystems Head of TSU (Operations) IT/Web Manager 

Senior Administrat. Retrieved from www.ipcc.ch 

Jauregui, E. (1990). Influence of a large urban park on temperature and convective precipitation in a 

tropical city. Energy and Buildings, 15(3–4), 457–463. https://doi.org/10.1016/0378-

7788(90)90021-A 

Jeppesen, E., Meerhoff, M., Holmgren, K., González-Bergonzoni, I., Teixeira-de Mello, F., Declerck, S. A. 

J., … Lazzaro, X. (2010). Impacts of climate warming on lake fish community structure and potential 

effects on ecosystem function. Hydrobiologia, 646(1), 73–90. https://doi.org/10.1007/s10750-010-

0171-5 

Jimenez-Munoz, J. C., Ninyerola, M., Pons, X., Soria, G., & Sobrino, J.A.Cristobal, J. (2008). Revision of the 

Single-Channel Algorithm for Land Surface Temperature Retrieval From Landsat Thermal-Infrared 

Data. IEEE Transactions on Geoscience and Remote Sensing, 47(1), 339–349. 

https://doi.org/10.1109/tgrs.2008.2007125 

Jiménez-Muñoz, J. C., & Sobrino, J. A. (2010). A single-channel algorithm for land-surface temperature 

retrieval from ASTER data. IEEE Geoscience and Remote Sensing Letters, 7(1), 176–179. 

https://doi.org/10.1109/LGRS.2009.2029534 



77 

 

Jiménez-Muñoz, J. C., Sobrino, J. A., & Gillespie, A. R. (2012). Surface emissivity retrieval from airborne 

hyperspectral scanner data: Insights on atmospheric correction and noise removal. IEEE Geoscience 

and Remote Sensing Letters, 9(2), 180–184. https://doi.org/10.1109/LGRS.2011.2163699 

Kaimuddin, A. H., Laë, R., & de Morais, L. T. (2016). Fish Species in a changing world: The route and 

timing of species migration between tropical and temperate ecosystems in Eastern Atlantic. 

Frontiers in Marine Science, 3(SEP). https://doi.org/10.3389/fmars.2016.00162 

Kealy, P. S., & Hook, S. J. (1993). Separating Temperature and Emissivity in Thermal Infrared 

Multispectral Scanner Data: Implications for Recovering Land Surface Temperatures. IEEE 

Transactions on Geoscience and Remote Sensing, 31(6), 1155–1164. 

https://doi.org/10.1109/36.317447 

Kennedy, R. E., Andréfouët, S., Cohen, W. B., Gómez, C., Griffiths, P., Hais, M., … Zhu, Z. (2014). Bringing 

an ecological view of change to landsat-based remote sensing. Frontiers in Ecology and the 

Environment, 12(6), 339–346. https://doi.org/10.1890/130066 

Kennedy, R. E., Yang, Z., & Cohen, W. B. (2010). Detecting trends in forest disturbance and recovery 

using yearly Landsat time series: 1. LandTrendr - Temporal segmentation algorithms. Remote 

Sensing of Environment, 114(12), 2897–2910. https://doi.org/10.1016/j.rse.2010.07.008 

Kennedy, R. E., Yang, Z., Gorelick, N., Braaten, J., Cavalcante, L., Cohen, W. B., & Healey, S. (2018). 

Implementation of the LandTrendr algorithm on Google Earth Engine. Remote Sensing, 10(5), 1–10. 

https://doi.org/10.3390/rs10050691 

Lai, D., Liu, W., Gan, T., Liu, K., & Chen, Q. (2019). A review of mitigating strategies to improve the 

thermal environment and thermal comfort in urban outdoor spaces. Science of the Total 

Environment, 661, 337–353. https://doi.org/10.1016/j.scitotenv.2019.01.062 



78 

 

Lamaro, A. A., Mariñelarena, A., Torrusio, S. E., & Sala, S. E. (2013). Water surface temperature 

estimation from Landsat 7 ETM+ thermal infrared data using the generalized single-channel 

method: Case study of Embalse del Río Tercero (Córdoba, Argentina). Advances in Space Research, 

51(3), 492–500. https://doi.org/10.1016/j.asr.2012.09.032 

Latifovic, R., Pouliot, D., & Olthof, I. (2017). Circa 2010 land cover of Canada: Local optimization 

methodology and product development. Remote Sensing, 9(11), 1–18. 

https://doi.org/10.3390/rs9111098 

Li, M., Zang, S., Zhang, B., Li, S., & Wu, C. (2014). A review of remote sensing image classification 

techniques: The role of Spatio-contextual information. European Journal of Remote Sensing, 47(1), 

389–411. https://doi.org/10.5721/EuJRS20144723 

Li, S., & Jiang, G. M. (2018). Land Surface Temperature Retrieval from Landsat-8 Data with the 

Generalized Split-Window Algorithm. IEEE Access, 6, 18149–18162. 

https://doi.org/10.1109/ACCESS.2018.2818741 

Li, Z. L., Tang, B. H., Wu, H., Ren, H., Yan, G., Wan, Z., … Sobrino, J. A. (2013). Satellite-derived land 

surface temperature: Current status and perspectives. Remote Sensing of Environment, 131, 14–

37. https://doi.org/10.1016/j.rse.2012.12.008 

Li, Z. L., Wu, H., Wang, N., Qiu, S., Sobrino, J. A., Wan, Z., … Yan, G. (2013). Land surface emissivity 

retrieval from satellite data. International Journal of Remote Sensing, 34(9–10), 3084–3127. 

https://doi.org/10.1080/01431161.2012.716540 

Li, Z., Petitcolin, F., & Zhang, R. (2000). A physically based algorithm for land surface emissivity retrieval 

from combined mid-infrared and thermal infrared data. Science in China, Series E: Technological 

Sciences, 43(SUPPL.), 32–33. https://doi.org/10.1007/bf02916575 



79 

 

Liu, C., Zhang, Q., Luo, H., Qi, S., Tao, S., Xu, H., & Yao, Y. (2019). An efficient approach to capture 

continuous impervious surface dynamics using spatial-temporal rules and dense Landsat time 

series stacks. Remote Sensing of Environment, 229(April), 114–132. 

https://doi.org/10.1016/j.rse.2019.04.025 

Liu, L., & Zhang, Y. (2011). Urban heat island analysis using the landsat TM data and ASTER Data: A case 

study in Hong Kong. Remote Sensing, 3(7), 1535–1552. https://doi.org/10.3390/rs3071535 

Liu, S., Marinelli, D., Bruzzone, L., & Bovolo, F. (2019). A review of change detection in multitemporal 

hyperspectral images: Current techniques, applications, and challenges. IEEE Geoscience and 

Remote Sensing Magazine, 7(2), 140–158. https://doi.org/10.1109/MGRS.2019.2898520 

Luyssaert, S., Jammet, M., Stoy, P. C., Estel, S., Pongratz, J., Ceschia, E., … Dolman, A. J. (2014). Land 

management and land-cover change have impacts of similar magnitude on surface temperature. 

Nature Climate Change, 4(5), 389–393. https://doi.org/10.1038/nclimate2196 

Ma, L., Li, M., Ma, X., Cheng, L., Du, P., & Liu, Y. (2017). A review of supervised object-based land-cover 

image classification. ISPRS Journal of Photogrammetry and Remote Sensing, 130, 277–293. 

https://doi.org/10.1016/j.isprsjprs.2017.06.001 

Ma, X. L., Wan, Z., Moeller, C. C., Menzel, W. P., & Gumley, L. E. (2002). Simultaneous retrieval of 

atmospheric profiles, land-surface temperature, and surface emissivity from Moderate-Resolution 

Imaging Spectroradiometer thermal infrared data: extension of a two-step physical algorithm. 

Applied Optics, 41(5), 909. https://doi.org/10.1364/ao.41.000909 

Mahmood, R., Pielke, R. A., Hubbard, K. G., Niyogi, D., Dirmeyer, P. A., Mcalpine, C., … Fall, S. (2014). 

Land cover changes and their biogeophysical effects on climate. International Journal of 

Climatology, 34(4), 929–953. https://doi.org/10.1002/joc.3736 



80 

 

Malmquist, H. J., Antonsson, Þ., Ingvason, H. R., Ingimarsson, F., & Árnason, F. (2009). Salmonid fish and 

warming of shallow Lake Elliðavatn in Southwest Iceland. SIL Proceedings, 1922-2010, 30(7), 1127–

1132. https://doi.org/10.1080/03680770.2009.11902317 

Mantyka-Pringle, C. S., Visconti, P., Di Marco, M., Martin, T. G., Rondinini, C., & Rhodes, J. R. (2015). 

Climate change modifies risk of global biodiversity loss due to land-cover change. Biological 

Conservation, 187, 103–111. https://doi.org/10.1016/j.biocon.2015.04.016 

Martins, J. P. A., Trigo, I. F., Bento, V. A., & da Camara, C. (2016). A physically constrained calibration 

database for land surface temperature using infrared retrieval algorithms. Remote Sensing, 8(10). 

https://doi.org/10.3390/rs8100808 

Maxwell, J. C. (1865). A dynamical theory of the electromagnetic field. Nature, 119(2986), 125–127. 

https://doi.org/10.1038/119125a0 

Midekisa, A., Holl, F., Savory, D. J., Andrade-Pacheco, R., Gething, P. W., Bennett, A., & Sturrock, H. J. W. 

(2017). Mapping land cover change over continental Africa using Landsat and Google Earth Engine 

cloud computing. PLoS ONE, 12(9), 1–15. https://doi.org/10.1371/journal.pone.0184926 

Mieruch, S., Schrder, M., Noël, S., & Schulz, J. (2010). Comparison of monthly means of global total 

column water vapor retrieved from independent satellite observations. Journal of Geophysical 

Research Atmospheres, 115(23), 1–7. https://doi.org/10.1029/2010JD013946 

Mitraka, Z., Chrysoulakis, N., Kamarianakis, Y., Partsinevelos, P., & Tsouchlaraki, A. (2012). Improving the 

estimation of urban surface emissivity based on sub-pixel classification of high resolution satellite 

imagery. Remote Sensing of Environment, 117, 125–134. https://doi.org/10.1016/j.rse.2011.06.025 

Momeni, M., & Saradjian, M. R. (2007). Evaluating NDVI-based emissivities of MODIS bands 31 and 32 

using emissivities derived by Day/Night LST algorithm. Remote Sensing of Environment, 106(2), 



81 

 

190–198. https://doi.org/10.1016/j.rse.2006.08.005 

Moskal, L. M., Styers, D. M., & Halabisky, M. (2011). Monitoring urban tree cover using object-based 

image analysis and public domain remotely sensed data. Remote Sensing, 3(10), 2243–2262. 

https://doi.org/10.3390/rs3102243 

Nadar, F., Tournachon, G. F., & Repensek, T. (1978). My Life as a Photographer. Photography, 5, 6–28. 

Retrieved from https://www.jstor.org/stable/778642 

Naghdy, G. A., Todd, C., Olaode, A., & Naghdy, G. (2014). Unsupervised Classification of Images: A 

Review. International Journal of Image Processing (IJIP), 8(5), 325–342. Retrieved from 

https://www.researchgate.net/publication/265729668 

Newman, M. E., McLaren, K. P., & Wilson, B. S. (2011). Comparing the effects of classification techniques 

on landscape-level assessments: Pixel-based versus object-based classification. International 

Journal of Remote Sensing, 32(14), 4055–4073. https://doi.org/10.1080/01431161.2010.484432 

Ngie, A., Abutaleb, K., Ahmed, F., Darwish, A., & Ahmed, M. (2014). Assessment of urban heat island 

using satellite remotely sensed imagery: A review. South African Geographical Journal, 96(2), 198–

214. https://doi.org/10.1080/03736245.2014.924864 

Niu, X., Tang, J., Wang, S., & Fu, C. (2019). Impact of future land use and land cover change on 

temperature projections over East Asia. Climate Dynamics, 52(11), 6475–6490. 

https://doi.org/10.1007/s00382-018-4525-4 

Norman, J. M., & Becker, F. (1995). Terminology in thermal infrared remote sensing of natural surfaces. 

Agricultural and Forest Meteorology, 77(3–4), 153–166. https://doi.org/10.1016/0168-

1923(95)02259-Z 

Nyland, K. E., Gunn, G. E., Shiklomanov, N. I., Engstrom, R. N., & Streletskiy, D. A. (2018). Land cover 



82 

 

change in the lower Yenisei River using dense stacking of landsat imagery in Google Earth Engine. 

Remote Sensing, 10(8). https://doi.org/10.3390/rs10081226 

O’Reilly, C. M., Sharma, S., Gray, D. K., Hampton, S. E., Read, J. S., Rowley, R. J., … Zhang, G. (2015). Rapid 

and highly variable warming of lake surface waters around the globe. Geophysical Research Letters, 

42(24), 10773–10781. https://doi.org/10.1002/2015GL066235 

Oke, T. R. (1982). The energetic basis of the urban heat island. Meteorological Society, 108, 1–24. 

Olofsson, P., Holden, C. E., Bullock, E. L., & Woodcock, C. E. (2016). Time series analysis of satellite data 

reveals continuous deforestation of New England since the 1980s. Environmental Research Letters, 

11(6). https://doi.org/10.1088/1748-9326/11/6/064002 

Parastatidis, D., Mitraka, Z., Chrysoulakis, N., & Abrams, M. (2017). Online global land surface 

temperature estimation from landsat. Remote Sensing, 9(12), 1–16. 

https://doi.org/10.3390/rs9121208 

Patela, N. N., Angiuli, E., Gamba, P., Gaughan, A., Lisini, G., Stevens, F. R., … Trianni, G. (2015). 

Multitemporal settlement and population mapping from landsatusing google earth engine. 

International Journal of Applied Earth Observation and Geoinformation, 35(PB), 199–208. 

https://doi.org/10.1016/j.jag.2014.09.005 

Pearson, R. G., Dawson, T. P., & Liu, C. (2004). Modelling species distributions in Britain: A hierarchical 

integration of climate and land-cover data. Ecography, 27(3), 285–298. 

https://doi.org/10.1111/j.0906-7590.2004.03740.x 

Pengra, B., Gallant, A. L., Zhu, Z., & Dahal, D. (2016). Evaluation of the initial thematic output from a 

continuous change-detection algorithm for use in automated operational land-change mapping by 

the U.S. geological survey. Remote Sensing, 8(10), 1–33. https://doi.org/10.3390/rs8100811 



83 

 

Pennington, D. N., Hansel, J., & Blair, R. B. (2008). The conservation value of urban riparian areas for 

landbirds during spring migration: Land cover, scale, and vegetation effects. Biological 

Conservation, 141(5), 1235–1248. https://doi.org/10.1016/j.biocon.2008.02.021 

Peres, L. F., & DaCamara, C. C. (2005). Emissivity maps to retrieve land-surface temperature from 

MSG/SEVIRI. IEEE Transactions on Geoscience and Remote Sensing, 43(8), 1834–1844. 

https://doi.org/10.1109/TGRS.2005.851172 

Perry, E. M., & Moran, M. S. (1994). An evaluation of atmospheric corrections of radiometric surface 

temperatures for a semiarid rangeland watershed. Water Resources Research. 

https://doi.org/10.1029/93WR03056 

Perugini, L., Caporaso, L., Marconi, S., Cescatti, A., Quesada, B., De Noblet-Ducoudré, N., … Arneth, A. 

(2017). Biophysical effects on temperature and precipitation due to land cover change. 

Environmental Research Letters, 12(5). https://doi.org/10.1088/1748-9326/aa6b3f 

Phiri, D., & Morgenroth, J. (2017). Developments in Landsat land cover classification methods: A review. 

Remote Sensing, 9(9). https://doi.org/10.3390/rs9090967 

Pielke, R. A., Pitman, A., Niyogi, D., Mahmood, R., McAlpine, C., Hossain, F., … de Noblet, N. (2011). Land 

use/land cover changes and climate: Modeling analysis and observational evidence. Wiley 

Interdisciplinary Reviews: Climate Change, 2(6), 828–850. https://doi.org/10.1002/wcc.144 

Pitman, A. J. (2003). The evolution of, and revolution in, land surface schemes designed for climate 

models. International Journal of Climatology, 23(5), 479–510. https://doi.org/10.1002/joc.893 

Poursanidis, D., & Chrysoulakis, N. (2017). Remote Sensing, natural hazards and the contribution of ESA 

Sentinels missions. Remote Sensing Applications: Society and Environment, 6(September 2016), 

25–38. https://doi.org/10.1016/j.rsase.2017.02.001 



84 

 

Prata, A. J. (1994). Land surface temperatures derived from the advanced very high resolution 

radiometer and the along-track scanning radiometer 2. Experimental results and validation of 

AVHRR algorithms. Journal of Geophysical Research, 99(D6), 689–702. 

https://doi.org/10.1029/94jd00409 

Prata, A. J., V. Casellescoll, C., Sobrino, J. A., & Ottle, C. (1995). Thermal remote sensing of land surface 

temperature from satellites: current status and future prospects. Remote Sensing Reviews, 12(3–

4), 175–224. https://doi.org/10.1080/02757259509532285 

Qin, Z., Karnieli, A., & Berliner, P. (2001). A mono-window algorithm for retrieving land surface 

temperature from Landsat TM data and its application to the Israel-Egypt border region. 

International Journal of Remote Sensing, 22(18), 3719–3746. 

https://doi.org/10.1080/01431160010006971 

Quattrochi, D. A., & Luvall, J. C. (1999). Thermal infrared remote sensing for analysis of landscape 

ecologicalprocesses: methods and applications. Landscape Ecology, 14, 577–598. 

Quesada, B., Arneth, A., & De Noblet-Ducoudré, N. (2017). Atmospheric, radiative, and hydrologic 

effects of future land use and land cover changes: A global and multimodel climate picture. Journal 

of Geophysical Research, 122(10), 5113–5131. https://doi.org/10.1002/2016JD025448 

Ramachandra, T. V. (2014). Land Surface Temperature Responses to Land Use Land Cover Dynamics. 

Geoinformatics & Geostatistics: An Overview, 01(04). https://doi.org/10.4172/2327-4581.1000112 

Reinhold, A., & Wolff, G. (1970). Methods of Representing the Results of Photo Intepretation. 

Photogrammetria, 25, 201–207. 

Rwanga, S. S., & Ndambuki, J. M. (2017). Accuracy Assessment of Land Use/Land Cover Classification 

Using Remote Sensing and GIS. International Journal of Geosciences, 08(04), 611–622. 



85 

 

https://doi.org/10.4236/ijg.2017.84033 

Santamouris, M. (2015). Analyzing the heat island magnitude and characteristics in one hundred Asian 

and Australian cities and regions. Science of the Total Environment, 512–513, 582–598. 

https://doi.org/10.1016/j.scitotenv.2015.01.060 

Sattari, F., & Hashim, M. (2014). A Breif Review of Land Surface Temperature Retrieval Methods from 

Thermal Satellite Sensors. Middle-East Journal of Scientific Research, 22(5), 757–768. 

https://doi.org/10.5829/idosi.mejsr.2014.22.05.21934 

Scanlon, B. R., Reedy, R. C., Stonestrom, D. A., Prudic, D. E., & Dennehy, K. F. (2005). Impact of land use 

and land cover change on groundwater recharge and quality in the southwestern US. Global 

Change Biology, 11(10), 1577–1593. https://doi.org/10.1111/j.1365-2486.2005.01026.x 

Schaeffer, B. A., Iiames, J., Dwyer, J., Urquhart, E., Salls, W., Rover, J., & Seegers, B. (2018). An initial 

validation of Landsat 5 and 7 derived surface water temperature for U.S. lakes, reservoirs, and 

estuaries. International Journal of Remote Sensing, 39(22), 7789–7805. 

https://doi.org/10.1080/01431161.2018.1471545 

Schneider, P., & Hook, S. J. (2010). Space observations of inland water bodies show rapid surface 

warming since 1985. Geophysical Research Letters, 37(22), 1–5. 

https://doi.org/10.1029/2010GL045059 

Shumway, R. H., & Stoffer, D. S. (2014). Time Series Analysis and Its Applications With R Examples. 

Springer (Vol. 97). https://doi.org/10.1198/jasa.2002.s477 

Sikder, I. U. (2009). Knowledge-based spatial decision support systems: An assessment of environmental 

adaptability of crops. Expert Systems with Applications, 36(3 PART 1), 5341–5347. 

https://doi.org/10.1016/j.eswa.2008.06.128 



86 

 

Snyder, W. C., Wan, Z., Zhang, Y., & Feng, Y. Z. (1998). Classification-based emissivity for land surface 

temperature measurement from space. International Journal of Remote Sensing, 19(14), 2753–

2774. https://doi.org/10.1080/014311698214497 

Sobrino, J. A., Li, Z. L., Stoll, M. P., & Becker, F. (1996). Multi-channel and multi-angle algorithms for 

estimating sea and land surface temperature with ATSR data. International Journal of Remote 

Sensing, 17(11), 2089–2114. https://doi.org/10.1080/01431169608948760 

Sobrino, J. A., & Raissouni, N. (2000). Toward remote sensing methods for land cover dynamic 

monitoring: Application to Morocco. International Journal of Remote Sensing, 21(2), 353–366. 

https://doi.org/10.1080/014311600210876 

Sobrino, José A., Jiménez-Muñoz, J. C., & Paolini, L. (2004). Land surface temperature retrieval from 

LANDSAT TM 5. Remote Sensing of Environment, 90(4), 434–440. 

https://doi.org/10.1016/j.rse.2004.02.003 

Sobrino, José A., Jiménez-Muñoz, J. C., Sòria, G., Romaguera, M., Guanter, L., Moreno, J., … Martínez, P. 

(2008). Land surface emissivity retrieval from different VNIR and TIR sensors. IEEE Transactions on 

Geoscience and Remote Sensing, 46(2), 316–327. https://doi.org/10.1109/TGRS.2007.904834 

Sobrino, Jose A., Li, Z. L., Stoll, M. P., & Becker, F. (1994). Improvements in the Split-Window Technique 

for Land Surface Temperature Determination. IEEE Transactions on Geoscience and Remote 

Sensing, 32(2), 243–253. https://doi.org/10.1109/36.295038 

Somers, B., Asner, G. P., Tits, L., & Coppin, P. (2011). Endmember variability in Spectral Mixture Analysis: 

A review. Remote Sensing of Environment, 115(7), 1603–1616. 

https://doi.org/10.1016/j.rse.2011.03.003 

Song, C., Woodcock, C. E., Seto, K. C., Lenney, M. P., & Macomber, S. A. (2001). Classification and Change 



87 

 

Detection Using Landsat TM Data. Remote Sensing of Environment, 75(2), 230–244. 

https://doi.org/10.1016/s0034-4257(00)00169-3 

Song, X. P., Hansen, M. C., Stehman, S. V., Potapov, P. V., Tyukavina, A., Vermote, E. F., & Townshend, J. 

R. (2018). Global land change from 1982 to 2016. Nature, 560(7720), 639–643. 

https://doi.org/10.1038/s41586-018-0411-9 

Spronken-Smith, R. A., Oke, T. R., & Lowry, W. P. (2000). Advection and the surface energy balance 

across an irrigated urban park. International Journal of Climatology, 20(9), 1033–1047. 

https://doi.org/10.1002/1097-0088(200007)20:9<1033::AID-JOC508>3.0.CO;2-U 

Steeneveld, G. J., Koopmans, S., Heusinkveld, B. G., & Theeuwes, N. E. (2014). Refreshing the role of 

open water surfaces on mitigating the maximum urban heat island effect. Landscape and Urban 

Planning, 121, 92–96. https://doi.org/10.1016/j.landurbplan.2013.09.001 

Sterling, S. M., Ducharne, A., & Polcher, J. (2013). The impact of global land-cover change on the 

terrestrial water cycle. Nature Climate Change, 3(4), 385–390. 

https://doi.org/10.1038/nclimate1690 

Straub, C. L., Koontz, S. R., & Loomis, J. B. (2019). Economic Valuation of Landsat Imagery. Retrieved 

from https://doi.org/10.3133/ofr20191112 

Sun, D., & Pinker, R. T. (2005). Implementation of GOES-based land surface temperature diurnal cycle to 

AVHRR. International Journal of Remote Sensing, 26(18), 3975–3984. 

https://doi.org/10.1080/01431160500117634 

Sun, Donglian, & Pinker, R. T. (2003). Estimation of land surface temperature from a Geostationary 

Operational Environmental Satellite (GOES-8). Journal of Geophysical Research: Atmospheres, 

108(11). https://doi.org/10.1029/2002jd002422 



88 

 

Sun, Donglian, Pinker, R. T., & Basara, J. B. (2004). Land surface temperature estimation from the next 

generation of Geostationary Operational Environmental Satellites: GOES M-Q. Journal of Applied 

Meteorology, 43(2), 363–372. https://doi.org/10.1175/1520-

0450(2004)043<0363:LSTEFT>2.0.CO;2 

Sun, R., Chen, A., Chen, L., & Lü, Y. (2012). Cooling effects of wetlands in an urban region: The case of 

Beijing. Ecological Indicators, 20, 57–64. https://doi.org/10.1016/j.ecolind.2012.02.006 

Sun, R., & Chen, L. (2012). How can urban water bodies be designed for climate adaptation? Landscape 

and Urban Planning, 105(1–2), 27–33. https://doi.org/10.1016/j.landurbplan.2011.11.018 

Taha, H., Akbari, H., & Rosenfeld, A. (1991). Heat island and oasis effects of vegetative canopies: Micro-

meteorological field-measurements. Theoretical and Applied Climatology, 44(2), 123–138. 

https://doi.org/10.1007/BF00867999 

Tailor, A., Cross, A., Hogg, D. C., & Mason, D. C. (1986). Knowledge-based interpretation of remotely 

sensed images. Image and Vision Computing, 4(2), 67–83. https://doi.org/10.1016/0262-

8856(86)90026-0 

Tang, X., Hutyra, L. R., Arévalo, P., Baccini, A., Woodcock, C. E., & Olofsson, P. (2020). Spatiotemporal 

tracking of carbon emissions and uptake using time series analysis of Landsat data: A spatially 

explicit carbon bookkeeping model. Science of the Total Environment, 720. 

https://doi.org/10.1016/j.scitotenv.2020.137409 

Tomlinson, C. J., Chapman, L., Thornes, J. E., & Baker, C. (2011). Remote sensing land surface 

temperature for meteorology and climatology: A review. Meteorological Applications, 18(3), 296–

306. https://doi.org/10.1002/met.287 

Toth, C., & Jóźków, G. (2016). Remote sensing platforms and sensors: A survey. ISPRS Journal of 



89 

 

Photogrammetry and Remote Sensing, 115, 22–36. https://doi.org/10.1016/j.isprsjprs.2015.10.004 

Tucker, C. J. (1979). Red and photographic infrared linear combinations for monitoring vegetation. 

Remote Sensing of Environment, 8(2), 127–150. https://doi.org/10.1016/0034-4257(79)90013-0 

United Nations. (2018). World Urbanization Prospects: The 2018 Revision. Department of Economic and 

Social Affairs, Population Division (Vol. 7). New York. https://doi.org/10.1038/s41598-017-04242-2 

United States Geological Survey. (2019). Landsat Collection 1 Level 1 Product Description. United States 

Geological Survey. Sioux Falls, South Dakota. Retrieved from 

https://www.usgs.gov/media/files/landsat-collection-1-level-1-product-definition 

Vaaja, M., Hyyppä, J., Kukko, A., Kaartinen, H., Hyyppä, H., & Alho, P. (2011). Mapping topography 

changes and elevation accuracies using a mobile laser scanner. Remote Sensing, 3(3), 587–600. 

https://doi.org/10.3390/rs3030587 

Valiente, J. A., Niclòs, R., Barberá, M. J., & Estrela, M. J. (2010). Analysis of Differences Between Air-Land 

Surface Temperatures To Estimate Land Surface Air. 

Valor, E., & Caselles, V. (1996). Mapping land surface emissivity from NDVI: Application to European, 

African, and South American areas. Remote Sensing of Environment, 57(3), 167–184. 

Van De Griend, A. A., & Owe, M. (1993). On the relationship between thermal emissivity and the 

normalized difference vegetation index for natural surfaces. International Journal of Remote 

Sensing, 14(6), 1119–1131. https://doi.org/10.1080/01431169308904400 

Vancutsem, C., Ceccato, P., Dinku, T., & Connor, S. J. (2010). Evaluation of MODIS land surface 

temperature data to estimate air temperature in different ecosystems over Africa. Remote Sensing 

of Environment, 114(2), 449–465. https://doi.org/10.1016/j.rse.2009.10.002 



90 

 

Velthuis, M., De Senerpont Domis, L. N., Frenken, T., Stephan, S., Kazanjian, G., Aben, R., … Van De Waal, 

D. B. (2017). Warming advances top-down control and reduces producer biomass in a freshwater 

plankton community. Ecosphere, 8(1). https://doi.org/10.1002/ecs2.1651 

Verbesselt, J., Hyndman, R., Newnham, G., & Culvenor, D. (2010). Detecting trend and seasonal changes 

in satellite image time series. Remote Sensing of Environment, 114(1), 106–115. 

https://doi.org/10.1016/j.rse.2009.08.014 

Vidal, A. (1991). Atmospheric and emissivity correction of land surface temperature measured from 

satellite using ground measurements or satellite data. International Journal of Remote Sensing, 

12(12), 2449–2460. https://doi.org/10.1080/01431169108955279 

Vogelmann, J. E., Tolk, B., & Zhu, Z. (2009). Monitoring forest changes in the southwestern United States 

using multitemporal Landsat data. Remote Sensing of Environment, 113(8), 1739–1748. 

https://doi.org/10.1016/j.rse.2009.04.014 

Voogt, J. A., & Oke, T. R. (1998). Effects of urban surface geometry on remotely-sensed surface 

temperature. International Journal of Remote Sensing, 19(5), 895–920. 

https://doi.org/10.1080/014311698215784 

Wan, Z., & Dozier, J. (1996). A generalized split-window algorithm for retrieving land-surface 

temperature from space. IEEE Transactions on Geoscience and Remote Sensing, 34(4), 892–905. 

https://doi.org/10.1109/36.508406 

Wang, F. (1990). Fuzzy Supervised Classification of Remote Sensing Images. IEEE Transactions on 

Geoscience and Remote Sensing, 28(2), 194–201. https://doi.org/10.1109/36.46698 

Wang, J. A., Sulla-Menashe, D., Woodcock, C. E., Sonnentag, O., Keeling, R. F., & Friedl, M. A. (2020). 

Extensive land cover change across Arctic–Boreal Northwestern North America from disturbance 



91 

 

and climate forcing. Global Change Biology, 26(2), 807–822. https://doi.org/10.1111/gcb.14804 

Wang, N., Tang, B., Li, C., & Li, Z. (2010). A GENERALIZED NEURAL NETWORK FOR SIMULTANEOUS 

RETRIEVAL OF ATMOSPHERIC PROFILES AND SURFACE TEMPERATURE FROM HYPERSPECTRAL a . 

State Key Laboratory of Resources and Environment Information System , Institute of Geographical 

Sciences and Natural Resources. International Geoscience and Remote Sensing Symposium 

(IGARSS), 1055–1058. 

Warren, D. R., Robinson, J. M., Josephson, D. C., Sheldon, D. R., & Kraft, C. E. (2012). Elevated summer 

temperatures delay spawning and reduce redd construction for resident brook trout (Salvelinus 

fontinalis). Global Change Biology, 18(6), 1804–1811. https://doi.org/10.1111/j.1365-

2486.2012.02670.x 

Warren, & Lemmen. (2014). Chapter 1: Introduction. Canada in a Changing Climate: Sector Perspectives 

on Impacts and Adaptation. 

Watson, K. (1992). Two-temperature method for measuring emissivity. Remote Sensing of Environment, 

42(2), 117–121. https://doi.org/10.1016/0034-4257(92)90095-2 

Weng, Q. (2012). The Field of Remote Sensing. In An Introduction to Contemporary Remote Sensing. 

McGraw Hill. 

Wilson, J. S., Clay, M., Martin, E., Stuckey, D., & Vedder-Risch, K. (2003). Evaluating environmental 

influences of zoning in urban ecosystems with remote sensing. Remote Sensing of Environment, 

86(3), 303–321. https://doi.org/10.1016/S0034-4257(03)00084-1 

Woodcock, C. ; E. A. (2008). 1018 Free Access to Landsat Imagery Teach by the Book Science Education : 

Science, 320(May), 1011–1012. https://doi.org/10.1126/science.320.5879.1011a 

Wu, D., Wang, Y., Fan, C., & Xia, B. (2018). Thermal environment effects and interactions of reservoirs 



92 

 

and forests as urban blue-green infrastructures. Ecological Indicators, 91(February), 657–663. 

https://doi.org/10.1016/j.ecolind.2018.04.054 

Wu, J., Li, C., Zhang, X., Zhao, Y., Liang, J., & Wang, Z. (2020). Seasonal variations and main influencing 

factors of the water cooling islands effect in Shenzhen. Ecological Indicators, 117(July). 

https://doi.org/10.1016/j.ecolind.2020.106699 

Wulder, M. A., Loveland, T. R., Roy, D. P., Crawford, C. J., Masek, J. G., Woodcock, C. E., … Zhu, Z. (2019). 

Current status of Landsat program, science, and applications. Remote Sensing of Environment, 

225(March), 127–147. https://doi.org/10.1016/j.rse.2019.02.015 

Wulder, M. A., Masek, J. G., Cohen, W. B., Loveland, T. R., & Woodcock, C. E. (2012). Opening the 

archive: How free data has enabled the science and monitoring promise of Landsat. Remote 

Sensing of Environment, 122, 2–10. https://doi.org/10.1016/j.rse.2012.01.010 

Xue, Z., Hou, G., Zhang, Z., Lyu, X., Jiang, M., Zou, Y., … Liu, X. (2019). Quantifying the cooling-effects of 

urban and peri-urban wetlands using remote sensing data: Case study of cities of Northeast China. 

Landscape and Urban Planning, 182(March 2018), 92–100. 

https://doi.org/10.1016/j.landurbplan.2018.10.015 

Yang, K., Yu, Z., & Luo, Y. (2020). Analysis on driving factors of lake surface water temperature for major 

lakes in Yunnan-Guizhou Plateau. Water Research, 184, 116018. 

https://doi.org/10.1016/j.watres.2020.116018 

Yang, K., Yu, Z., Luo, Y., Zhou, X., & Shang, C. (2019). Spatial-Temporal Variation of Lake Surface Water 

Temperature and Its Driving Factors in Yunnan-Guizhou Plateau. Water Resources Research, 55(6), 

4688–4703. https://doi.org/10.1029/2019WR025316 

Young, N. E., Anderson, R. S., Chignell, S. M., Vorster, A. G., Lawrence, R., & Evangelista, P. H. (2017). A 



93 

 

survival guide to Landsat preprocessing. Ecology, 98(4), 920–932. 

https://doi.org/10.1002/ecy.1730 

Youngentob, K. N., Roberts, D. A., Held, A. A., Dennison, P. E., Jia, X., & Lindenmayer, D. B. (2011). 

Mapping two Eucalyptus subgenera using multiple endmember spectral mixture analysis and 

continuum-removed imaging spectrometry data. Remote Sensing of Environment, 115(5), 1115–

1128. https://doi.org/10.1016/j.rse.2010.12.012 

Zeng, N., & Neelin, J. D. (1999). A land-atmosphere interaction theory for the tropical deforestation 

problem. Journal of Climate, 12(2–3), 857–872. https://doi.org/10.1175/1520-

0442(1999)012<0857:alaitf>2.0.co;2 

Zhang, Y., & Sun, L. (2019). Spatial-temporal impacts of urban land use land cover on land surface 

temperature: Case studies of two Canadian urban areas. International Journal of Applied Earth 

Observation and Geoinformation, 75(October 2018), 171–181. 

https://doi.org/10.1016/j.jag.2018.10.005 

Zhao, Y., & Zhou, T. (2020). Asian water tower evinced in total column water vapor: a comparison 

among multiple satellite and reanalysis data sets. Climate Dynamics, 54(1–2), 231–245. 

https://doi.org/10.1007/s00382-019-04999-4 

Zhou, D., Xiao, J., Bonafoni, S., Berger, C., Deilami, K., Zhou, Y., … Sobrino, J. A. (2019). Satellite remote 

sensing of surface urban heat islands: Progress, challenges, and perspectives. Remote Sensing, 

11(1), 1–36. https://doi.org/10.3390/rs11010048 

Zhu, L., Suomalainen, J., Liu, J., Hyyppä, J., Kaartinen, H., & Haggren, H. (2018). A Review: Remote 

Sensing Sensors. Multi-Purposeful Application of Geospatial Data. 

https://doi.org/10.5772/intechopen.71049 



94 

 

Zhu, Z. (2017). Change detection using landsat time series: A review of frequencies, preprocessing, 

algorithms, and applications. ISPRS Journal of Photogrammetry and Remote Sensing, 130, 370–384. 

https://doi.org/10.1016/j.isprsjprs.2017.06.013 

Zhu, Z., & Woodcock, C. E. (2014). Continuous change detection and classification of land cover using all 

available Landsat data. Remote Sensing of Environment, 144, 152–171. 

https://doi.org/10.1016/j.rse.2014.01.011 

Zhu, Z., Wulder, M. A., Roy, D. P., Woodcock, C. E., Hansen, M. C., Radeloff, V. C., … Scambos, T. A. 

(2019). Benefits of the free and open Landsat data policy. Remote Sensing of Environment, 

224(February), 382–385. https://doi.org/10.1016/j.rse.2019.02.016 

Zurqani, H. A., Post, C. J., Mikhailova, E. A., Schlautman, M. A., & Sharp, J. L. (2018). Geospatial analysis 

of land use change in the Savannah River Basin using Google Earth Engine. International Journal of 

Applied Earth Observation and Geoinformation, 69(December 2017), 175–185. 

https://doi.org/10.1016/j.jag.2017.12.006 

 

 

 

 

 

 

 



95 

 

Chapter 3  

 

Land cover change impacts on lake water temperature trends from 

1985-2020 in a small watershed in Eastern Ontario 

3.1 Introduction 

Humans rely on land for energy, food, and living space. Land Cover Change (LCC) is increasingly affecting 

global and local Earth systems such as the carbon cycle, species diversity, the surface energy balance, 

and the water cycle. Since 1982, 60% of LCC is associated with direct human activities and 40% are a 

result of indirect drivers such as climate change (Song et al., 2018). The impact of LCC on Land Surface 

Temperature (LST) where it occurs is well understood (Ayanlade, 2017; Tomlinson et al., 2011). Land 

cover transitions are known to result in warmer temperatures when transitioning from vegetated, 

evaporative, pervious surfaces to less vegetated, impervious, and surfaces with less heat storage (Gupta 

et al., 2019). This is understood to occur on various scales and timespans across the Earth (Chu et al., 

2020).  

Proximity to water bodies (Gupta et al., 2019), parks (Chang, Li, & Chang, 2007), and wetlands (Sun et 

al., 2012), is known to cool nearby surface temperatures. This phenomenon is generally known as 

‘cooling islands’ with variations on the name depending on the LC type being investigated (urban cooling 

islands) (water cooling islands) (Cao et al., 2010). These cooling islands provide important ecosystem 

regulating services and have been valued in trillions of dollars, although ecosystem services are not 

meant to be treated as a private commodity (Costanza et al., 1997, 2014). Waterbodies have a small 

thermal response and provide evaporative cooling (Gupta et al., 2019). The high heat capacity and high 

evaporation of water allow it to create an ‘oasis effect’ by decreasing nearby surface and air 
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temperatures (Spronken-Smith, Oke, & Lowry, 2000). Waterbodies can be seen as local climate 

regulators and nearby LCC has the ability through advection to modify the rate at which water 

moderates the temperature of its surrounding neighbourhood (Example shown in Appendix E.6). There 

lacks a clear understanding of how waterbodies are influenced by LCC.  

Historical spatial and temporal temperature data and LC records are hard to come by. Past weather 

records are typically collected via meteorological stations which collect their data as point samples 

which are not ideal for determining spatial variations of surface temperatures. These stations can also 

be quite far apart from one another and require significant spatial interpolation. Historical land cover 

maps are useful for broad change detection such as urban growth, however unless they are very 

detailed, accurate, and were previously updated regularly they become challenging to reliably use.  

The most common method of monitoring long term LCC and LST is with remote sensing data which are 

continuously collected as Earth observation satellites orbit Earth (Zhu et al., 2018). Earth observation 

satellites provides us with past snapshots of the Earth at the moment of image acquisition in spectral 

wavelengths that we can and cannot see (Canadian Centre for Remote Sensing (CCRS), 2015). Satellite 

images can be used for change detection and land cover mapping, with majority of recent change 

detection methods achieving high mapping accuracies of at least 80 % (Han, Pan, & Devlin, 2018; Liu et 

al., 2019; Ma et al., 2017) Remote sensing data have proven to be extremely useful for quantifying 

surface temperature across the Earth (Ayanlade, 2017; Freitas et al., 2013). LST provides crucial 

information on the temporal and spatial variations of the surface of the Earth through time which allow 

it to play a big role in various applications (Chen et al., 2019; Ngie et al., 2014). Previous LST studies have 

been able to achieve accuracies with overall root mean square errors ranging from 0.5 K, -0.1 K, and 0.2 

K (Ermida et al., 2020), 0.7 K – 0.8 K (Liu & Zhang, 2011), and 1.0 K (Cristóbal et al., 2018), depending on 

the sensor used. The Landsat satellite series used in this study is a series of Earth observation satellite 

missions jointly managed by NASA and the USGS (Wulder et al., 2019). The Landsat series proves to be 
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invaluable due to its continuous record, spatial resolution, and it’s historical thermal record (Kennedy et 

al., 2014; Zhu et al., 2018). Landsat satellite images have commonly been used to calculate LCC and LST 

(Hansen & Loveland, 2012; Tomlinson et al., 2011).  

From remote sensing data, researchers have been able to explore LCC, WCI’s, and associated 

temperature change across the Earth (Aldhshan & Shafri, 2019; H. Du et al., 2016; Xue et al., 2019). 

Although this work has made strong progress, there are some common themes of existing research gaps 

that are exemplified throughout the literature where improvements can be made. There is a lack of 

continuous images being used given the large data availability (Chen et al., 2019; Cui et al., 2018), lake 

water temperature trends remain commonly unexplored (Du et al., 2016; Gupta et al., 2019; Wu et al., 

2020), and LCC impacts on WCI’s remain unknown  (Yang et al., 2020).  

Here, we examine Landsat imagery from 1985-2020 to determine LCC around selected waterbodies and 

investigate the same waterbodies temperature trends in a small Eastern Ontario watershed. The 

objectives of this research are to: (1) explore the role of LCC surrounding waterbodies plays in water 

temperature trends throughout the entire study period from 1985 - 2020; and (2) to relate LC type with 

the ability to influence average water temperature trends. This work is undertaken with the overarching 

goal to improve the understanding of the relationship between LCC and nearby water temperature 

trends, inform policy makers and scientists, and illustrate that this type of analysis can be accomplished 

in GEE.  
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3.2 Study Area & Study Sites  

This research takes place in and around selected lakes within the Cataraqui Region Conservation 

Authority (CRCA) watershed area in eastern Ontario, Canada (Figure 3.1). This watershed extends from 

roughly Napanee to Westport to just past Brockville (Figure 3.1) (Cataraqui Source Protection Area, 

2008). The CRCA watershed is located within the Great Lakes – St. Lawrence ecoregion which is the 

transition zone between the Carolinian and Boreal forests. It is characterized primarily by woodlands 

and agriculture while also containing smaller shares of wetlands and urban areas (Cataraqui Region 

Conservation Authority, 2018). This area of Canada was selected as it is near a mid-sized urban centre 

and contains lakes with varying land cover surrounding them. The current population within the CRCA is 

approximately 170,000 people and is expected to increase to 256,000 by 2031 (Cataraqui Source 

Protection Area, 2008). Land cover in the CRCA will continue to change as the population grows. It is 

important to assess the impact that land cover has on local surface temperatures as air temperatures 

across Canada have risen by 1.5 °C from 1950 to 2010 (Warren & Lemmen, 2014).  

 

 

Figure 3.1: Location of study sites across the Cataraqui Region Conservation Authority’s Watershed 
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The CRCA is characterized by a cool, humid climate, moderated by Lake Ontario. The mean summer 

maximum temperature was 24.1 °C in July and the mean winter minimum temperature was -12.5 °C in 

January. The daily mean temperature in the largest city in the watershed is 6.7 °C and it receives an 

average annual precipitation of 963.9mm. A significant portion of the CRCA watershed is located within 

the of the Frontenac Arch which is one of the most crucial parts of the Algonquin to Adirondacks (A2A) 

corridor (Figure B.1) (Algonquin to Adirondacks Collaborative, 2016).  

Individual lakes within the CRCA were selected due to data processing limits and to limit other factors 

that could contribute to surface water temperature trend effects. Lakes were selected if they met the 

following criteria: lie within the CRCA study region, have a distance from another large body of water by 

a minimum of 500 m, and are not interconnected or are a portion of another waterbody. Including lake 

depths as a metric as unfeasible as bathymetry data was not available for lakes that met the selection 

criteria. It is important that all lakes investigated lie within the same study region in order for them to 

experience the same climatic effects. Bodies of water exhibit a cooling effect on the land surrounding 

them which in turn, would affect the analysis of water temperature trends when nearby lakes are 

included in the analysis  (Gupta et al., 2019). The distance of 500 m was chosen as it was used by Cao et 

al. (2010) to investigate cooling islands. Du et al. (2016) investigated the relationship between size of a 

WCI and the distance impacted, and found an average range of 740 m. Although a larger distance was 

found by Du et al. (2016) than used by (Cao et al., 2010), their study included much larger waterbodies 

(1 km2 – 171 km2) than the ones used in this study (0.37 km2 – 2.38 km2). The third criteria, is important 

because only examining a portion of a waterbody would not account for influences from other parts of 

the waterbody. The lakes selected are displayed in Figure 3.1 and summarized in Table 3.1.   
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Table 3.1: Lake Selection Summary 

Lake  Lake Size 

(km2) 

Lake Buffer Size (km2) 

(Area around the lake) 

 

Horseshoe Lake 0.37 2.83 

Little Lake 0.57 2.53 

Cedar Lake 0.13 1.78 

Moulton Lake 0.072 1.25 

Grippen Lake 2.056 4.60 

South Lake 2.38 5.06 

Wiltse Lake 1.38 3.00 

Elodia Lake 1.82 2.44 

Lambs Lake 0.060 2.85 

 

 

3.3 Data and Methods 

3.3.1 Canadian Land Cover Dataset 

The Canadian Centre for Remote Sensing (CCRS) has generated a 30 meter LC map of Canada for the 

year 2010 and 2015 (Government of Canada, 2017). The 2010 LC map was created using satellite images 

from the Thematic Mapper (TM) and the Enhanced Thematic Mapper (ETM+) Landsat sensors 

(Government of Canada, 2017). An accuracy assessment for the 2010 LC map was conducted based on 

2811 randomly distributed samples achieved an overall accuracy of 76.60% with no marked spatial 

disparities (Latifovic, Pouliot, & Olthof, 2017). The 2015 Canadian LC map was produced using satellite 
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images from the Operational Land Imager (OLI) Landsat sensor (Government of Canada, 2019). An 

accuracy assessment based on 806 randomly distributed samples revealed a 79.90% accuracy with no 

marked spatial disparities (Government of Canada, 2019). The 2010 and 2015 CCRS land cover 

classification were classified using different nomenclature, which required the classifications to be 

regrouped into suitable general LC types (Table 3.2). Only constant land cover data from 2010 and 2015 

were used in this study. The LC types were broadly grouped as similar LC’s would have a similar 

environmental effect. The LC types used were impervious surface which represented all developed land, 

dense vegetation which represented all forested areas, sparse vegetation which represented all 

grasslands, shrublands and croplands, wetlands, and water.  

Table 3.2: Land Cover Reference Data 2010 and 2015 

Land Cover  CCRS 2010 Land Cover  CCRS 2015 Land Cover  

Impervious Surface Settlement, Roads, Other land Urban and built up, Barren land 

Dense Vegetation Forest (Treed area > 1 ha in size), 

Trees (Treed area < 1 ha in size) 

 

Temperate or sub-polar needleleaf 

forest, sub-polar taiga needleleaf 

forest, Tropical or sub-tropical 

broadleaf evergreen forest, Tropical or 

sub-tropical broadleaf deciduous 

forest, Temperate or sub-polar 

broadleaf deciduous forest, Mixed 

forest 

Sparse Vegetation Cropland, Grassland managed, 

Grassland unmanaged 

Tropical or sub-tropical shrubland, 

Temperate or sub-tropical shrubland 
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Wetland  Forest Wetland, Treed Wetland 

(wetland with tree cover), Wetland 

shrub, Wetland herb, Wetland 

Wetland 

Water Water Water 

  

3.3.2 Landsat Data 

The satellite data used were collected by the United States Geological Survey (USGS) through the 

Landsat satellite series. Since 2008 the Landsat series data has been available for free download 

(Woodcock, 2008) and has been available on GEE since 2010 (Gorelick et al., 2017). GEE offers Landsat 

4-8 TOA and surface reflectance (SR) (Tier 1, Collection 1) without the need to download image to an 

individual computer. The Landsat TM sensor was used for Landsat 4-5, the Enhanced Thematic Mapper 

Plus (ETM+) was used for Landsat 7, and the Operational Land Imager (OLI) was used for Landsat 8 

(Wulder et al., 2019). All images were the masked from clouds (<20%), cloud shadows, and aerosols 

based on the quality assessment and metadata provided from the images (Goodwin et al., 2013). The 

Landsat satellite data used is summarized in Table 3.3.  

Table 3.3: Landsat Satellite Data Summary 

Satellite  Bands Used Wavelength 

(μm) 

Spatial 

Resolution 

Approximate 

image 

acquisition 

time 

Date Range 

Landsat 4 

(TM) 

Red: B3 

NIR: B4 

TIR: B6 

0.63-0.69 

0.76-0.90 

10.4-12.5 

30 m 

30 m 

120 m 

1:45pm August 22, 

1982 – 
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December 

14, 1993 

Landsat 5 

(TM) 

Red: B3 

NIR: B4 

TIR: B6 

0.63-0.69 

0.76-0.90 

10.4-12.5 

30 m 

30 m 

120 m 

1:45pm January 1, 

1984 – 

May 5, 

2012 

Landsat 7 

(ETM+) 

Red: B3 

NIR: B4 

TIR: B6 

0.63-0.69 

0.77-0.90 

10.4-12.5 

30 m 

30 m 

120 m 

2pm January 1, 

1999  –  

present 

Landsat 8 

(OLI;TIRS 

Red: B4 

NIR: B5 

TIR: B10 

0.64-0.67 

0.85-0.88 

10.6-11.19 

30 m 

30 m 

120 m 

2pm April 11 

2013  –  

present 

 

Landsat satellite images fall into one of two tiers based on their image quality and processing level 

(Young et al., 2017). Tier 1 images include the highest radiometric, positional quality, and have been 

inter-calibrated across Landsat sensors, while Tier 2 images may not be as accurate or can contain more 

cloud contamination (United States Geological Survey, 2019). Landsat images used in this study were 

collected from Tier 1 images taken on their respective sensors. Images were sorted and analyzed from 

the Landsat satellite series archive beginning when the first thermal sensor was launched in 1982 (Young 

et al., 2017). The images were initially selected if the total cloud coverage in the image was less than 

20%. The percentage was set to remove images that contained a significant amount of cloud cover. 

Image pixels were also filtered for clouds and cloud shadows based using the Band Quality Assessment 

(BQA) and pixel quality attributes (pixel_qa) bands for the TOA and SR images, respectively. A total of 

695 images were collected and processed from 1982 to 2020. Figure 3.2 illustrates the number of 
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images from 1982 to 2020 that were used in each year and what time of year they were captured. 

Shown in Figure 3.3, there were a total of 27 images used from Landsat 4 TM, 281 images used from 

Landsat 5 TM, 170 images used from Landsat 7 ETM+, and 169 images used from Landsat 8.  

 

Figure 3.2: Image Distribution of all images used in the study from 1982-2020 

 

 

Figure 3.3: Number of Images Used per Satellite from 1982-2020 
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The majority of the images gathered were collected from Landsat 5, which is reasonable as it covers the 

longest time span of the satellite sensors investigated. The total amount of Images collected from 

Landsat 4 only contained 29 images due to the rest of potential images being rejected due to cloud 

contamination.  

3.3.3 Surface Emissivity Data 

Surface emissivity data is an important component of LST calculation. Surface emissivity values were 

generated from the Advanced Spaceborne Thermal Emission and Reflection Radiometer Global 

Emissivity Database (ASTER GED) developed by the National Aeronautics and Space Administration’s 

(NASA) Jet Propulsion Laboratory (JPL) (Hulley et al., 2015). The ASTER GEDv3 dataset includes the 

emissivity for five emissivity bands in the TIR region from all clear-sky ASTER images from 2000-2008 at a 

spatial resolution of 100 meters (Hulley et al., 2015). Previous research has found that this dataset has 

an error of approximately 1 °K (Hulley, Hook, & Baldridge, 2009) and an overall RMSE of 1.52 °C when 

calculating LST(Parastatidis et al., 2017).  

3.3.4 Atmospheric Data 

In order to accurately compute LST while accounting for atmospheric effects, water vapor content data 

is necessary. Water vapor content data is available from the National Center for Environmental 

Predication (NCEP) and National Center for Atmospheric Research (NCAR) which generates 

environmental re-analyses data (Collins et al., 1996). The NCEP/NCAR reanalysis is the only Total Column 

Water Vapour (TCWV) dataset currently available on GEE that covers the entire Landsat series timeline 

(Google Developers, n.d.). The TCWV data are available from 1948 to present, with a six-hour temporal 

resolution and a 2.5 arc degrees spatial resolution (Collins et al., 1996). Due to the datasets temporal 

resolution, the TCWV data were linearly interpolated to each Landsat image’s acquisition time in 

between noon and 6pm local time (Mieruch, Schrder, Noël, & Schulz, 2010; Zhao & Zhou, 2020).    
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3.3.5 Continuous Change Detection Classification  

The different types of LCC can present themselves in different ways and over unique periods of time. 

LCC can be grouped into three distinct categories: intra-annual change, gradual inter-annual change, and 

abrupt change. Intra-annual change is caused by vegetation phenology driven by seasonal patterns of 

environmental factors like temperature and precipitation which occur within the same 12-month period 

or less. Gradual inter-annual change is caused by climate variability, vegetation growth, or gradual 

change in land management and occurs over the period of a year or longer. Abrupt change is caused by 

deforestation, floods, fire, and urbanization which are all high impact and relatively quick types of 

changes. Due to these three types of LCC, it is important to use a time series model that will account and 

detect all types of changes. The Continuous Change Detection and Classification (CCDC) algorithm is a 

time series model that has components of seasonality, trend, and segment breaks that is able to capture 

all three types surface change throughout the entire study period (Zhu & Woodcock, 2014). The CCDC 

algorithm was applied to surface reflectance, brightness temperature, and NDVI of images that met the 

selection criteria for LC classification  (Zhu & Woodcock, 2014). The algorithm is able to identify LC 

changes through a time series model consisting of the seasonal and trend components. The model 

coefficient are estimated from the Ordinary Least Squares (OLS) method based on the useful Landsat 

observations. The model makes use of OLS instead of the Robust Iteratively Reweighted Least Squares 

(RIRLS) method because it is faster and more accurate when significant outliers have been masked from 

the analysis. The general time series model equation is shown below: 

 

 
𝑝(𝑖, 𝑥)𝑂𝐿𝑆 =  𝑎0,𝑖 + 𝑎1,𝑖 cos (

2𝜋

𝑇
𝑥) + 𝑏1,𝑖 sin (

2𝜋

𝑇
𝑥) + 𝑐1,𝑖𝑥 

 

3.1 
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{𝑇𝑘−1 < 𝑥 ≤ 𝑇𝑘} 

 

 

where x is the Julian date, i is the Landsat Band being investigated, T is the number of days per year (set 

to 365), a0,i is the coefficient for the overall value for a Landsat Band, a1,i and b1,i are the coefficients for 

intra-annual change for a Landsat band, c1,i is the coefficient for inter-annual change for a Landsat band, 

Tk is the number of break points, and p(i,x)OLS is the predicted value for a Landsat Band at Julian date x. 

The model begins with a model initialization phase to detect LCs when there are 15 clear-sky 

observations. After 15 observations, the model is able to recognize classes and LCC from the training 

data. The basis of the CCDC algorithm is to compare model predictions with cloud-free satellite 

observations and to normalize their differences by three times of the root mean square error (RMSE). 

LCC was identified if the normalized difference exceeded the predefined thresholds determined by the 

equation below for three consecutive observations. The equations for detecting change is given below:  

 

 1

𝑘
∑

𝑝(𝑖, 𝑥) − �̂�(𝑖, 𝑥)𝑂𝐿𝑆|

3𝑥𝑅𝑀𝑆𝐸𝑖 > 1
 (three times consecutively)

𝑘

𝑖=1

 

 

 

3.2 

 

 

where k is the dimension of the datasets used in the algorithm, x is the Julian date, i is the given Landsat 

band, p(i,x) is the observed value for the ith Landsat band at x Julian date, �̂�(i,x) is the predicted value 

for the ith Landsat band at x Julian date based on OLS fitting. The difference of three times the RMSE to 

detect change was decided upon because LCC typically occurred when the spectral signature deviated 

by that amount from the modelled predicted value (Zhu & Woodcock, 2014).  
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The model normalization period (initialization phase) was dependent on the number of clear-sky 

observations that were used in the model fitting procedure. Due to the fact that, LCC may occur in the 

first and last observations or during the process of the model initialization for the first 12 observations, 

another three conditions were set to identify irregular observations for the first and last observations of 

the model initialization and the observations between them. This is an important step because when the 

model initialization is completed, it is used as the basis for the CCDC. The three model initialization 

conditions are shown below 

 

 Condition for first observation 

 

 

 1

𝑘
∑

|𝑝(𝑖, 𝑥1) − �̂�(𝑖, 𝑥1)𝑂𝐿𝑆|

3 𝑥 𝑅𝑀𝑆𝐸𝑖

𝑘

𝑖=1

> 1 

 

 

3.3 

 

 Condition for last observation 

 

 

 1

𝑘
∑

|𝑝(𝑖, 𝑥1) − �̂�(𝑖, 𝑥𝑛)𝑂𝐿𝑆|

3 𝑥 𝑅𝑀𝑆𝐸𝑖
> 1

𝑘

𝑖=1

 

 

 

3.4 

 Condition for observation between the first and last observation  

 

 

 1

𝑘
∑

|𝑐1,𝑖(𝑥)|

3 𝑥 
𝑅𝑀𝑆𝐸𝑖
𝑡model

𝑘

𝑖=1

> 1 
 

3.5 
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Where x is the Julian date, x1 is the Julian date for the first observation during model initialization, xn is 

the Julian date for the last observation during model initialization, i is the ith Landsat band, k is the 

number of Landsat bands (k=7), RMSEi is the RMSE for the ith Landsat band, tmodel is the total time used 

for model initialization, c1,i is the coefficient for inter-annual change for the ith Landsat band, p(i,d) is the 

observed value for the ith Landsat band at x Julian date, �̂�(i,d) is the predicted value for the ith Landsat 

band at x Julian date based on OLS fitting.  

From here, the model is capable of classifying the given study area at any point in time after the 

initialization period using a Random Forest (RF) classifier with inputs of the coefficients derived from the 

time series model. The main idea of the classification is that different LC will demonstrate different 

modeling characteristics for reflectance, NDVI, and brightness temperatures. It is important to note that 

only using one or two bands for this type of analysis would not be as accurate as using all available 

Landsat bands. The equation shown below represents the overall spectral value at the center of each 

time series model for each Landsat band 

 

 
�̅�(𝑖) = 𝑎0,𝑖 + 𝑐0,𝑖 ×  

𝑡𝑠𝑡𝑎𝑟𝑡 + 𝑡𝑒𝑛𝑑

2
 

 

 

3.6 

 

 

where tstart and tend are the Julian dates for the start and end time of the model, a0,i is the coefficient for 

the overall value for the ith Landsat band, c0,i is the coefficient for inter-annual change for the ith 

Landsat band, and , �̅�(i) is the overall spectral value at the center of each time series model for the ith 

Landsat band. The RF classifier (Breiman, 2001) was employed to train the reference data, from which 

the trained classifier was applied to the entire time series on a pixel by pixel basis to achieve LC maps at 
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a desired time during the study period. In this study, the study area is classified on the start and end 

dates of 01-06-1985 and 01-06-2020, respectively. The first date is selected to allow enough time for the 

initialization period for all pixels to get 15 clear-sky images since the launch of Landsat 4 on July 16, 1982 

(Wulder et al., 2019) and the end date is chosen to permit image processing time from the USGS. The 

CCDC algorithm is used to classify LC at the start and end of the study period as well as to determine the 

amount and type of LCC that has taken place. 

Although the CCDC is a relatively new change detection algorithm it has been used in various types of 

applications cross the world. The CCDC has been used in Nachang, Chaing to investigate impervious 

surface dynamics (Liu et al., 2019), deforestation in New England, United States of America (Olofsson, 

Holden, Bullock, & Woodcock, 2016), map Arctic and Boreal land cover change (J. A. Wang et al., 2020), 

used in a carbon book-keeping model applied in the Colombian Amazon (Tang et al., 2020), map and 

account for land cover change in Atlanta, United States of America (Fu & Weng, 2016), and is used by 

the USGS for their Land Change Monitoring Assessment and Projection initiative  (Pengra, Gallant, Zhu, 

& Dahal, 2016).  

 

3.3.6 Land Surface Temperature   

Land Surface Temperature (LST) is calculated using the Statistical Mono-Window (SMW) algorithm which 

was developed by the Climate Monitoring Satellite Application Facility (CM-SAF) for computing LST 

climate data records from Meteosat First and Second Generation satellites (Duguay-Tetzlaff et al., 2015). 

The SMW method corrects the TOA brightness temperature in a single TIR channel, for atmospheric 

effects and surface emissivity (Freitas et al., 2013). The SMW algorithm is commonly used for daytime 

image conditions and when only one TIR band is available (Sun et al., 2004). Surface emissivity data is 

obtained from the ASTER GEDv3 dataset which contains the average emissivity values from 2000-2008 
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(Hulley et al., 2015). Since we are only interested in the emissivity of water which remains stable 

throughout the study period it is not necessary to account for emissivity values outside of the ASTER 

GEDv3 time span. Atmospheric water vapor content data is necessary to more accurately account for 

atmospheric effects in the TIR region. The TCWV data are available from 1948 to present, with a six hour 

temporal resolution and a 2.5 arc degrees spatial resolution (Collins et al., 1996). Due to the datasets 

temporal resolution, the TCWV data were linearly interpolated to each Landsat image’s acquisition time 

in between noon and 6pm local time (Mieruch et al., 2010; Zhao & Zhou, 2020).    

3.3.6.1 Statistical Mono-Window Algorithm 

 

After the surface emissivity and atmospheric effects have been determined, LST can then be calculated.  

The Statistical Mono-Window (SMW) algorithm is based on the relationship between the TOA brightness 

temperature of a TIR channel and LST and makes use of linear regression (Freitas et al., 2013; Li et al., 

2013; Sun et al., 2004). The SMW algorithm is commonly used to calculate LST for sensors with a single 

TIR channel and is used for consistency across all sensors (Duguay-Tetzlaff et al., 2015; Jiménez-Muñoz 

& Sobrino, 2010). The SMW equation is given by Duguay-Tetzlaff et al. (2015) as: 

 

 
𝐿𝑆𝑇 = 𝐴 

𝑇𝑏

𝜀
+ 𝐵

1

𝜀
+ 𝐶 

3.7 

 

 

where Tb is the TOA brightness temperature in the TIR channel for a given pixel, ε is the surface 

emissivity in the same channel for a given pixel, and A, B, and C are algorithm coefficients. Following the 

procedure of Ermida et al. (2020), the algorithm coefficients and are determined from linear regressions 

of radiative transfer simulations performed for 10 classes of TCWV, ranging from 0 cm to 6 cm of water 
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vapor in increments of 0.6 cm. If values of TCWV are greater than 6 cm they are assigned to the last 

class, due to the fact that these values are rarely seen (Martins et al., 2016). The main difference 

between the procedures provided by Ermida et al. (2020) and Duguay-Tetzlaff et al. (2015) is that when 

using the Landsat sensors is not necessary to account for the satellite view angle since the Landsat 

sensors have a more narrow field of view than the Geostationary Operation Environmental Satellite 

(GOES) satellite series used by Duguay-Tetzlaff et al. (2015).  

The look up table for the TCWV values used was created by Ermida et al. (2020) and generated the 

algorithm coefficients for the SMW algorithm. The look up table was generated from a calibration 

database that was derived using a dataset of air temperature, ozone profiles, and water vapor compiled 

by Borbas et al. (2005). The method used by Ermida et al. (2020) to generate atmospheric profiles 

followed the general technique employed by Martins et al. (2016). The dataset generated by Borbas et 

al. (2005) contains over 15,000 profiles and also includes ancillary variables such as surface pressure, 

skin temperature, spectral emissivity, and elevation.  

The criteria used by Ermida et al. (2020) to generate a sub-set of profiles of surface and atmospheric 

conditions followed a series of specific steps. Firstly, classes of LST were defined ranging from 200 K to 

330 K in increments of 5 K, and classes of TCWV ranged from 0 to 6 cm in increments of 0.3cm. After 

which, the Borbas et al. (2005) dataset is iterated to randomly attribute a single clear sky profile to each 

TCWV / LST class. With each new iteration, the profile selection is limited to those with a great-circle 

distance to already selected profiles greater than 15 degrees. This allows for a more extensive 

geographical coverage of the calibration database. In each of the selected profiles, surface conditions 

are varied to confirm that a wide range of conditions are included in the database. Lastly, a variable is 

assigned based on the ranges of the difference between LST and the air temperature. A range of the 

differences -15 K to 15 K was used with increments of 5 K. The final emissivity values ranged from 0.9 to 

0.99 in increments of 0.01. This method by Ermida et al. (2020) created a total of 257 profiles, where for 
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each profile there were seven values of LST and 10 emissivity values, which creates a total of 17,990 

cases. This process is further explained by Ermida et al. (2020) in more detail. This LST retrieval method 

was validated by Ermida et al. (2020) where an overall accuracy of 0.5 K, 0.1 K, and 0.2 K for Landsat 5, 

Landsat 7, and Landsat 8, respectively were achieved. The original code provided by Ermida et al. (2020) 

in JavaScript was reorganized and reconfigured in GEE as it was originally created for point LST analysis 

whereas entire portions of the image were analyzed in this study. A summary of the LST workflow is to 

compute LST for a given pixel is illustrated in Figure 3.4. Examples of an individual lake’s temperature 

distribution can be found in Appendix E.  
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Figure 3.4: LST workflow summary to generate LST for a given pixel for the entire image collection 
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3.3.7 Trend Analysis  

From the SMW LST method, we are able to generate the LST for a given pixel in an area of interest over 

all of the images that meet our image criteria. Subsequently, we are interested in what the LST overall 

trend from all images investigated can tell us. However, these images will only provide us with the LST 

values at the time of image acquisition whereas we are interested in approximating the overall trend 

throughout the study period outside of the image acquisition. Due to the Landsat satellite series’ 

temporal resolution and image contamination, there are small gaps in the data where it becomes 

necessary to interpolated LST values to account for seasonality as opposed to simply using the individual 

LST values of each image. In order to accomplish this, a harmonic model was adopted for its ability to 

manage the unevenly distributed remote sensing images and to characterize periodic patterns 

throughout the study period. A linear change of the harmonic model was assumed to capture the 

gradual change of the water body temperature throughout the study period (Verbesselt, Hyndman, 

Newnham, & Culvenor, 2010). For each individual pixel investigated, a seasonal harmonic model is 

applied, of which the linear trend is then taken (Figure 3.5). The seasonal harmonic model is generated 

from the equation by Shumway & Stoffer (2014) which is shown below:  

 

 𝑝𝑡 =  𝛽0 + 𝛽1𝑡 + 𝐴𝑐𝑜𝑠(2𝜔𝑡 − 𝜑) + 𝑒𝑡 

 

3.8 

 

 

where et is random error, Β0 is the constant, Β1t is the linear trend, A is amplitude, ω is the frequency, 

and φ is the phase. This process is able to be performed in GEE by first adding the harmonic components 

to each individual image, fitting the model with the linear trend, and then plugging in the coefficients 

into the equation to arrive at a harmonic time series of fitted values. It is accomplished by using the 



116 

 

ee.Reducer.lineaerRegression function in GEE. From the harmonic model, the next step is to create a 

general linear trend in order to capture the overall surface water temperature trend of each individual 

pixel. The equation for a linear trend from Shumway & Stoffer (2014) is shown below: 

 

 𝑝𝑡 = 𝛽0 + 𝛽1𝑡 + 𝑒𝑡    3.9 

 

where β0 is the intercept, β1 is the slope, and et is the random error. This step of determining the overall 

linear trend can be performed in GEE with the use of the ee.Reducer.linearRegression function. From 

the linear trend of the harmonic model for each pixel, we can then begin to investigate if there is an 

effect on water bodies surrounded by various types of land change.   

 

Figure 3.5: LST harmonic model example with original values, fitted values, and the overall trend 

 

3.3.8 Lake Analysis  

The components of LC classification and LST are brought together to analyze the effects of LCC 

surrounding lakes in the study area. Each lake investigated is set to a buffer of 500 m in GEE using the 
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buffer function, which uses the edge of each lake polygon to draw a distance of 500 m around the lake 

polygon (Figure 3.6). 

 

Figure 3.6: Example of the buffer function in GEE where light grey is the buffer and black is the lake 

The LCC is calculated for the land in between the lake itself and the 500m lake boundary. The LCC 

percentage is calculated by dividing the LCC in the buffered region by the total area around the lake. The 

LCC percentage is the total amount of land within the 500 m boundary that has experience a change, 

regardless of which type, within the study period. This process is illustrated in Figure 3.7, which 

combines the SMW LST algorithm and the CCDC algorithm, bringing the two algorithms together.  
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Figure 3.7: Overview of methods workflow bringing together LST and CCDC 
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3.4 Results and Discussion  

3.4.1 LCC Classification maps around Lakes 

Each lake is investigated separately, with its buffered region (500 m) classified at the beginning and end 

of the study period alongside their respective LSWT mean trend. These three components are presented 

together for each of the nine lakes investigated.  

Cedar Lake has a total buffered area of 1.78 km2 in which a total amount of 0.13 km2 LCC occurred. This 

gives Cedar Lake a total LCC percentage of 7.34%. Cedar Lake features nearby roads and sparse 

vegetation, with the majority of the buffered region containing dense vegetation. In Figure 3.8 a small 

increase in sparse vegetation can be seen in the East region, however at the end of the study period all 

LC classes remained relatively stable. Although LCC occurred within the buffered region, the LC generally 

remained the same (Figure C.1). Shown in the bar graph (Figure 3.8, C.1), Forest is the most dominant 

land cover and the smallest portion is impervious surface. The LCC around the Lake is sparsely located, 

aside from the Northeastern shore of Cedar Lake. A temperature trend distribution is shown where the 

least positive trend is located in the northwestern portion of Cedar Lake with almost no LCC close it 

(Figure 3.8a). The most notable LCC occurs around Cedar Lake on the Northeastern shore where a large 

area of LCC surrounds a greater positive temperature trend (Figure 3.8b, 3.8c). The largest positive 

temperature trend is located nearby to this large area of LCC with a temperature trend of 0.115 degrees 

Kelvin per year. The temperature trend range is the largest range of all lakes investigated, ranging from 

a minimum of 0.027 to the maximum of 0.115 degrees Kelvin per year.   

 

 

 



120 

 

 

 

 

Figure 3.8: Cedar Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 2020 

 

Elodia Lake has a buffer size of 2.44 km2 of which 0.44  km2 of LCC took place resulting in the highest 

total LCC percentage of 18.02%. Elodia Lake’s buffered region contains a mix of all five land cover classes 

(Figure 3.9b,3.8c). Noteably, the Eastern shore contains large wetlands, a road on the Western side, and 

sparse vegetation scattered throughout. The LCC around Elodia is highly concentrated to the 

Northwestern side and much less LCC taking place in the Southeastern section (Figure 3.9a). The double 

bar chart in Figure C.2, shows that from 1985 to 2020, there was a notable decrease in the land cover of 

water and a similar increase in wetland cover. The Southwest section of Elodia Lake contain a less 

positive temperature trend than the rest of the Lake (Figure 3.9a). Notably, the rest of the lake has a 
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much higher temperature trend with those values being in the higher portion of the temperature trend 

range (Figure 3.9a).  An interesting result, is that the water temperature trend near the wetland in the 

Eastern portion of Elodia Lake contains the second highest average temperature trend with a value of 

0.122 degree Kelvin per year.  

 

 

Figure 3.9: Elodia Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 2020 

 

Grippen Lake is the second largest lake investigated with a buffered area of 4.6km2. The total LCC 

percentage in the Grippen Lake buffer was 14.67 %. The majority of Grippen Lake’s buffer classification 

is sparse and dense vegetation (Figure 3.10b, 3.10c). The double bar plot in Figure C.3, demonstrates 

that there are few overall LC changes between 1985 and 2020. The LC that increases the most over the 

study period is the water class in the buffered region, while the other LC classes remained fairly stable 
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(Figure C.3). Figure 3.10a, illustrates the temperature distribution in Grippen Lake where the Southern 

near shore area experiences a stronger positive rate of temperature change than the middle of the lake. 

It is important to keep in mind that the scale is different for each Lake as the minimum for Grippen Lake 

is close to the maximum for Little Lake. Grippen Lake features the second strongest positive rates of 

temperature change with a rate of 0.139 degrees Kelvin per year.  

 

 

  

Figure 3.10: Grippen Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 

2020 

 

Horseshoe Lake has a total buffered area of 2.83km2 in which a total amount of 0.14km2 LCC occurred, 

resulting in the total LCC percentage for Horseshoe Lake to be 5.21%. The buffered classification of 

Horseshoe Lake is predominately dense vegetation with the other LC classes all featured but at a much 
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lower amount (Figure C.4). There is a road passing through the Northwest section of the classification 

and a wetland in the Southeast portion of the classification (Figure 3.11b, 3.11c). In Figure 3.11, an 

increase in the Southeast can be seen in the wetland where sparse vegetation in 1985 transitions to 

wetland in the 2020 classification. Horseshoe Lake features minimal LCC around the shore of the Lake 

itself and majority of the LCC on the periphery of the 500 meter buffer, mostly in the south portion of 

the classification (Figure 3.11a). The temperature trend distribution is shown where the middle to North 

shore of the Lake contains almost a very minimal temperature trend, while either the East or West sides 

of the Lake display much more positive trends (Figure 3.11a). The maximum temperature trend 

occurred on the Western shore at 0.0665 degree Kelvin per year, which when compared to other Lakes 

investigated is a more moderate trend.  

 

  

Figure 3.11: Horseshoe Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 

2020 
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Lambs Lake has a buffer size of 2.84km2 and the amount of LCC was 0.49km2. This leads to the total LCC 

percentage to be 17.26% which is the second most LCC of the lakes investigated. Lambs Lake buffer 

contains a mix of all five LC classes. Shown in Figure 3.12c, the roads and the wetland in the Northeast 

are stable throughout the study period. Whereas change can be observed from dense to sparse 

vegetation in the East of the buffer and an increase of sparse vegetation and wetland in the West 

portion of the buffer (Figure 3.12b, 3.12c). From the double bar plot in Figure C.5, the total amount of 

LCC for each class over the entire study period had very few variations. It is clear from Figure 3.12c, that 

majority of the LCC has occurred in the Eastern portion of the buffered region, although there was 

scattered LCC in the Western side. The majority of the Lambs Lake experiences high water temperature 

trend, specifically in the Northern portion of the lake (Figure 3.12a). The highest positive temperature 

trend of any lake investigated occurred on the Southeastern shore of the Lake.   
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Figure 3.12: Lambs Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 2020 

     

Little Lake’s LCC revealed that 11.16% of the 500m buffer had undergone a given type of LCC. Figure C.6, 

features a double bar chart illustrating minimal change overall from 1985 to 2020, however the LCC map 

does demonstrate that some change did in fact occur (Figure 3.13a). The majority of the classified buffer 

was dense vegetation, which slightly decreased from 1985 to 2020 (Figure C.6). It is clear through Figure 

3.13a, that the location of the LCC did not heavily influence where the warming of Little Lake took place 

within the lake. This is shown as there is not a significant amount of LCC in the Southwest portion of the 

buffer, where the more positive rates of water temperature change are located within the waterbody 



126 

 

(Figure 3.13a). Alternatively, there is more LCC on the edge of the waterbody in the Northeast portion of 

the buffer where moderate to high positive rates of temperature change occur (Figure 3.13a).  

 

  

  

Figure 3.13: Little Lake a) temperature trend distribution; b) land cover classification 1985; c) land cover classification 2020 

 

Moulton Lake has a smaller total area than other lakes with the buffered region containing just 1.24km2 

where a total amount of 0.037km2 LCC occurred, resulting in the total LCC percentage for Moulton Lake 

to be 3.04%. Moulton Lake’s buffered classification remains more or less consistent with majority of the 

LC being dense vegetation and a small portion classified as water (Figure C.7). There is minimal LCC in 

the buffered region around Moulton Lake (Figure 3.14a). The temperature trend distribution is highest 

on the Northwestern shore and in the South portion of Moulton Lake (Figure 3.14a). The middle of the 

lake, featuring a green curve illustrates a less positive temperature trend throughout the majority of 
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Moulton Lake (Figure 3.14a). The LCC on the Northeastern side of Moulton Lake does not appear to 

have a strong influence on the temperature trend while it appears that the LCC on the Western side of 

the Lake may have more of an influence (Figure 3.14a). 

 

 

 

 

 

 

  

  

Figure 3.14: Moulton Lake a) temperature trend distribution; b) land cover classification 1985 c) land cover classification 

2020 
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The largest lake’s buffer investigated is South Lake with an area of 5.05km2 and 0.74km2 of LCC, which 

results in a total LCC percentage of 14.71%. Figure C.8, illustrates a decrease in overall dense vegetation 

cover with total urban and sparse vegetation cover remaining fairly constant with the rest of the classes 

maintaining minimal coverage. South Lake provides an interesting temperature trend distribution to 

examine because it contains an island in the middle of it (Figure 3.15). The Eastern portion of South Lake 

displays a relatively moderate positive trend while the Western portion of the Lake features diverging 

trends (Figure 3.15a). The Western edge of South Lake contains the lowest temperature trend increase 

with small fragmented areas of LCC nearby while, the shore North of the island contains the greatest 

positive temperature trends within the Lake (Figure 3.15a). There are larger extents of LCC in this North 

area which could help to explain this phenomenon. It can also be seen in Figure 3.15a, that there are 

small fragments of LCC on the Eastern side of South Lake and there are larger sections of LCC on the 

Western side of South Lake.  
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Figure 3.15: South Lake a) temperature trend distribution; b) land cover classification 1985 c) land cover classification 2020 

 

Wistle Lake’s buffer is 2.99 km2 of which 0.47km2 of LCC occurred which results in the total LCC 

percentage being 15.84%. This is the second highest amount of LCC percentage and the highest average 

rate of temperate change in all lakes investigated. Figure C.9, illustrates Wistle Lake’s buffer 

classification and how it has changed. In the Northwest dense vegetation transitions to water and sparse 

vegetation expands South of Wistle Lake (Figure 3.16b, 3.16c). Wistle Lake shows a less positive 

temperature trend in the Western portion and a stronger positive temperature trend throughout the 

rest of the lake (Figure 3.16a). There is less LCC near the Western part of Wistle Lake as oppose to the 

rest of the Lake (Figure 3.16a).  Keeping this in mind, the Western portion of the Lake is located next to a 

road which could imply less likelihood for LCC to take place (Figure 3.16a). The average rate of LSWT 

change is 0.121 degrees Kelvin per year and through visual inspection it appears that the mean 

temperature trend is well distributed throughout Wistle Lake. It can also be seen that the minimum 

water temperature trend in Wistle Lake is higher than the average water temperature trend for other 

lakes investigated (Table 3.7). 
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Figure 3.16: Wistle Lake a) temperature trend distribution; b) land cover classification 1985 c) land cover classification 2020 

 

The classification accuracy for all lakes investigated was assessed within the time period of the reference 

data. A stratified random sample was performed with 50 samples per class, resulting in a total of 250 

references points where possible. The overall accuracies are reported in Table 3.6, with the most 

accurate buffer classification being Moulton Lake (96.61%), the least accurate being Cedar Lake 

(74.64%), and an average overall classification of 84.30 %. Individual error matrices for each buffer 

classification can be found in Appendix A. Displayed in Table 3.4 and 3.5 are the land cover percentages 

for 1985 and 2020. It is shown that impervious surface commonly has the smallest or second smallest 

land cover percentage, while there are continuously large land cover percentages of dense vegetation 

(Table 3.4 and Table 3.5).  
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Table 3.4: Land Cover Percentage 2020 Summary Table 

 

Impervious 

Surface Dense Vegetation 

Sparse 

Vegetation Water Wetland 

Grippen Lake 1.71 58.64 25.92 9.22 4.51 

Wiltse Lake 2.17 40.81 36.30 7.21 13.52 

Little Lake 2.21 77.97 7.40 12.40 0.03 

South Lake 1.77 70.22 17.10 8.23 2.68 

Cedar Lake 11.96 49.11 15.89 23.04 0.00 

Horseshoe Lake 3.26 64.38 8.94 17.96 5.46 

Moulton Lake 0.00 91.59 0.30 8.11 0.00 

Lambs Lake 8.30 40.63 26.82 10.43 13.83 

Elodia Lake 5.91 36.08 32.40 8.23 17.38 

 

Table 3.5: Land Cover Percentage 1985 Summary Table 

 

Impervious 

Surface  Dense Vegetation 

Sparse 

Vegetation Water Wetland 

Grippen Lake 2.30 57.15 24.35 12.68 3.51 

Wiltse Lake 2.75 34.09 36.99 10.44 15.73 

Little Lake 3.43 70.52 8.41 17.57 0.06 

South Lake 2.55 65.59 17.47 11.81 2.58 

Cedar Lake 11.74 49.34 14.47 24.45 0.00 

Horseshoe Lake 2.85 61.06 8.21 22.62 5.26 

Moulton Lake 0.00 90.63 0.34 9.03 0.00 
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Lambs Lake 11.31 40.44 23.86 12.52 11.86 

Elodia Lake 6.26 34.00 29.61 10.84 19.30 

 

Table 3.6: Summary Lake Temperature and LCC 

Lake LCC % 

Size of Lake 

(km2) 

Min Slope 

(x 10-4) 

Max Slope 

(x 10-4) 

Range 

(x 10-4) 

Average 

Slope 

(x 10-4) 

Overall 

Accuracy  

(%) 

Horseshoe Lake 5.20 0.37 0.051 0.67 0.06 0.28 77.59 

Little Lake 11.16 0.57 0.21 0.85 0.05 0.52 88.76 

Cedar Lake 7.30 0.13 0.29 1.15 0.06 0.52 74.64 

Moulton Lake 3.04 0.072 0.35 0.82 0.06 0.55 96.91 

Grippen Lake 14.67 2.056 0.78 1.38 0.09 0.93 79.82 

South Lake 14.7 2.38 0.78 1.35 0.06 1.06 83.40 

Wiltse Lake 15.84 1.38 0.91 1.41 0.05 1.21 84.52 

Elodia Lake 18.02 1.82 0.74 1.57 0.08 1.23 87.45 

Lambs Lake 17.26 0.060 0.86 1.61 0.08 1.42 85.53 
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3.4.2 Influence of Land Cover Change Class 

The relationship between LCC and surface temperature is a well understood one, however the influence 

of LCC near waterbodies outside of an urban environment remain less understood (Wu, Wang, Fan, & 

Xia, 2018). The correlation between LC type change was investigated alongside the water temperature 

trend, to see if any particular LC types result in a higher or lower surface water temperature trend. The 

most notable correlation was between the LC class impervious surface which had a correlation of 0.57. 

Although, this correlation is moderately positive, there were no major impervious surfaces within the 

study area except for roads and small settlements. If there were significant settlements, such as a 

suburb or a town near within the buffered region, it would be expected for there to be a higher 

correlation. Previously, Yang, Yu, & Luo (2020) investigated the water temperature trend of lakes but 

only had hypothesized that impervious surface had played a role. These findings relate to those of Yang, 

Yu, Luo, Zhou, & Shang (2019) who demonstrated that urban lakes experienced a more positive warming 

trend than rural lakes and found the main drive to be impervious surface area. The strongest negative 

correlation was associated with sparse vegetation (Table 3.7). This is a slightly surprising finding as 

dense vegetation would be expected to be the most dominant LC for cooling, however it could be the 

case that overall more land increased in the sparse vegetation LC class than the dense vegetation class. 

It should also be noted that parks which have similar LC properties to that of sparse vegetation have 

been known exhibit similar cooling effects (Cao et al., 2010). An interesting finding, is the negative 

correlation associated between the water temperature trend and wetlands which had a weak positive 

correlation of 0.19. This finding could be due to wetlands being close to shore and small vegetation 

within them contributing to warmer water temperatures. This opposes the findings by Xue et al. (2019) 

who found that wetlands exhibited a strong positive relationship between the cooling capability of 

urban wetlands and the area, shape and hydrologic connectivity of wetlands.  
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Table 3.7: Correlation between land cover change in each individual class and mean temperature trends for all water bodies 

  Impervious 

Surface 

Dense 

Vegetation 

Sparse 

Vegetation 

Wetland Water 

Pearson 

Correlation 

0.57 -0.09 -0.37 0.19 -0.19 

 

 

3.4.3 LCC and LSWT 

The rates of LCC and LSWT were explored for all nine lakes investigated. For each individual pixel within 

a given lake, a time series model of the LSWT was generated of which a harmonic model was created. 

From the harmonic model for a given pixel, the line of best fit was taken which demonstrated a pixels 

average trend for the study period. An example of this process is shown in Figure 3.17, where the blue 

dots are the initial temperature values, the red dots represent the harmonic model, and the black line is 

the line of best fit for the same pixel. In this example, the overall trend demonstrates the surface 

temperature increasing at a rate of 1.062 x 10-4 degrees Kelvin per day, which also translates to 0.388 

degrees Kelvin per decade. This process for all pixels contained within each lake was carried out and the 

results were compared with the total amount of LCC in the buffered region around each lake. Shown in 

Figure 3.18, a scatter plot of the LCC and the rate of water temperature change demonstrates the 

relationship between the two. The relationship fits positively strongly with a R2 value of 0.80. This 

relationship demonstrates that as that amount of LCC increases, as does the rate of water temperature 

warming for the lakes investigated. In Figure 3.18, there is a cluster of lakes around 14-18 percent of LCC 

and a water temperature rate of 0.1*10-4 - 0.14*10-4 degrees Kelvin per day. Although, a water 
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temperature rate of 0.1*10-4 - 0.14*10-4 degrees Kelvin per day is relatively minimal it translates to 

0.0365 and 0.0511 degrees Kelvin per decade, which presents substantial long term change. Compared 

to weather stations in the surrounding area, the lakes investigated demonstrate a less positive 

temperature trend as expected (Appendix D). The Lyndhurst weather station illustrates a temperature 

trend that is much close to the temperature trend observed in the lakes studies as the station is located 

closely to bodies of water whereas the other weather stations are not.  

 

Figure 3.17: Temperature Harmonic model: original and fitted values example 

 

Figure 3.18: Land Cover Change vs. Average Rate of Water Temperature Change, mean value for each lake investigated 
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Figure 3.19, illustrates the relationship between land cover change percentage and the minimum rate of 

water temperature change, which has a R2 value of 0.72. This demonstrates that as the amount of LCC 

increases in the buffered region, so does the minimum rate of water temperature change. The least 

positive water temperature trend within a given lake in the study region, experiences a response to 

increasing the LCC. A stronger relationship was shown between the maximum water temperature trend 

which had an R2 value of 0.79 (Figure 3.20). This demonstrates that the maximum water temperature 

rate for each individual lake will increase as the LCC increases. Both relationships between the minimum 

and maximum water temperature trend are moderately positive demonstrating the clear relationship 

between the two variables. All trends demonstrated are illustrate strong positive water temperature 

trend and LCC relationships which can result in the modification of biochemical compositions of some 

algal species (Flaim et al., 2014).  

 

Figure 3.19: Land Cover Change vs. the Minimum rate of Water Temperature change 
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Figure 3.20: Land Cover Change vs. the Maximum rate of water temperature change 

 

3.4.4 Exploring Other Variables at Play 

Other variables and components related to each lake were investigated as they have been known to 

influence water temperature trends (Du et al., 2016). The relationship between the range of the 

minimum and the maximum water temperature trend and LCC was assessed and revealed that the R2 

value was 0.05 (Figure 3.21). This very small R2 value suggests that the LCC percentage does not impact 

the range between the range between the minimum and the maximum water temperature trends. 

Figure 3.22, illustrates the relationship between lake size and LCC percentage which had an R2 value of 

0.37. This demonstrates that the lake size is not an influential factor in the amount of LCC that occurs in 

the buffer region around a lake. Although lake size has been noted to determine the water cooling island 

range (Du et al., 2016), the connection between lake size and LCC has not previously been investigated 

in the literature. 

The relationship between the rate of water temperature and lake size was also a weak positive 

relationship with a R2 value of 0.23 (Figure 3.23). This shows that individual lake size is not a good 
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predictor of the rate of water temperature and variables other than lake size alone are behind our 

observations. Alongside this finding, park cooling islands, a similar phenomenon to water cooling islands 

were found to have a moderate positive relationship with individual park size, with strong seasonal 

variations (X. Cao et al., 2010). Our results suggest here that lake size plays less of a role than park size 

does in terms of the cooling island effect.  

 

 

Figure 3.21: Land Cover Change Percentage vs. Range of water temperature trend 

 

Figure 3.22: Land Cover Change vs. Lake Size 
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Figure 3.23: Rate of Water Temperature vs. Lake Size 

3.5 Conclusions  

We have illustrated the feasibility of the CCDC algorithm to accurately capture LCC and calculate LST 

trends with Google Earth Engine in rural small mid-latitude lakes. The response of water cooling islands 

to LCC is not yet well documented within the literature, however the response of land cover type’s 

temperature variations is better understood. Individual lake buffers (500 m) were classified into five LC 

classes alongside average water temperature trends being calculated for each waterbody from 1985 to 

2020. Average water temperature trends in individual lakes ranged from 0.05223 x 10-4 to 0.1418 x 10-4 ° 

Kelvin per day. The buffer classification LCC and water temperature trend experienced a R2 value of 0.81 

and a correlation of 0.8972. A strong relationship between these two variables exemplifies the 

important need to monitor LCC of all types around small lakes. The strongest LC correlation with water 

temperature trend was the impervious surface class (0.57) which signals a medium positive relationship 

between the two. Although impervious surfaces had the strongest relationship with water temperature 

trends, the impact of impervious surfaces within in buffered regions of water bodies should be 

investigated further as there were only small portions of impervious surfaces in buffered regions. The 

results of future findings on larger impervious surfaces would have strong implications for development.  
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All water temperature trends investigated were positive temperature trends with varying degrees of 

magnitude. Spatially, positive stronger water temperature trends were found nearby where more 

intensive LCC had occurred. This phenomenon is exemplified in seven out of nine lakes investigated 

specifically Cedar, Elodia, Grippen, Lamb’s, Little, South, and Wistle lakes. It is challenging to definitively 

state whether the more positive water temperature trends directly relate to nearby LCC however a 

visual inspection does prove the need for further research as there are only nine lakes investigated in 

this study. The selection of the waterbodies studied was set for all to experience similar climatic effects 

over the study period, to be distanced from another waterbody and not connected to another in order 

to not receive additional cooling effects. This resulted in a limited selection of waterbodies within the 

same watershed. Although strong conclusions were made regarding the results found here, it is 

challenging to claim that they are all encompassing given a small sample size. It is inevitable that remote 

sensing studies will be limited by the number of clear images, however here it is clear that the CCDC 

algorithm takes advantage of all clear available imagery throughout the study period to accurately 

classify LC. Similarly, it is important to note that water temperature trends analyzed in this study are a 

glimpse into the past based on image availability and their image acquisition time. 

Research has been completed via Google Earth Engine (GEE), a cloud-based platform for geospatial 

analysis that makes use of Google’s computational capabilities (Gorelick et al., 2017). The CCDC 

algorithm was demonstrated to be useful at accomplishing accurate land classification as was the SMW 

method for LST with GEE. GEE’s datasets were not required to be downloaded, Google servers are used 

with GEE as opposed to an individual’s computer, and all data was saved to the cloud. While GEE is a 

useful tool for geospatial analysis, it does restrict the user to functions within its interface.  
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This 35 year study adds to the broader understanding of water cooling islands and the impact of LCC on 

water temperatures. Results suggest that lake buffer region (500m) LC transition of any type led to more 

positive water temperature trends, with the conversion of land cover to impervious surface having the 

strongest impact on positive warming trends. Based on the results of this study, LCC poses the threat of 

continuing to increase relatively stable water temperature trends in rural regions, which if left 

unmanaged could change the impact that water cooling islands have on their surroundings on over the 

long term time scales.  

Effective accounting for water surface temperature changes can provide the knowledge for better 

management where needed as counteractive and responsive management would be less effective. 

Mismanagement of LCC near waterbodies could lead towards warmer and unsuitable surface water 

temperatures for aquatic species and surrounding land covers to become significantly converted to 

impervious surfaces if left inappropriately managed. 

Future research could expand the findings of this study by investigating additional lakes in different 

watersheds, including bathymetric data, and incorporating more variables. Investigating waterbodies in 

different watersheds would lead towards a better understanding that local inputs have on water 

temperature trends. Exploring additional watersheds would provide the opportunity to determine the 

influence of regional variables like rainfall and ice cover play on water temperature trends. It is 

understood that lake depth plays a role in explaining the relationship between lake depth and surface 

water temperature trends (Woolway & Merchant, 2017). However, a challenge exists for obtaining lake 

depth for relatively small lakes as only one lake (Grippen Lake) out of the nine lakes investigated in this 

study had existing bathymetric data (Cataraqui Region Conservation Authority, 2017). Additional 

variables such as wind speed, surface pressure, cloud cover, and Secchi depth can be included in future 

studies. These variables have previously been investigated however only on much larger lakes (> 25km2) 
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than the ones in this study (Yang et al., 2020). Data availability is a challenge without completing field 

work when investigating smaller water bodies, especially readily available data on GEE.  
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Chapter 4  

 

Conclusions 

This thesis presents the ability of Google Earth Engine to execute the CCDC algorithm and capture LCC 

around nine rural small mid-latitude lakes on Eastern Ontario. The objectives within this research were 

to: assess the overall relationship between LCC around selected waterbodies and the water temperature 

trends for the chosen waterbodies, determine the type of LC that exhibited the greatest influence on 

water temperature trends, and to explore common patterns and attributes between the waterbodies 

studied. These research objectives were addressed by making use of remotely sensed images from the 

Landsat satellite series to create continuous land cover classifications and water surface temperature 

trends for each lake investigated.  

While water temperature trends (O’Reilly et al., 2015) and LCC (Niu et al., 2019) are common variables 

to investigate, they have not previously been research together with the focus of the WCI stability in 

mind on a local scale. The role of individual land cover type changes were investigated with respect to 

water temperature trends which have previously been unanswered.  

4.1 Key Findings  

The main objective of this research was to explore the relationship between water temperature trends 

in small lakes within the same watershed in Eastern Ontario and the land cover changes that surround 

them from 1985 - 2020. The following findings and their implications have emerged from this research: 

1. Average water temperature trends for the nine lakes investigated were found to range from 

0.05223 x 10-4 to 0.1418 x 10-4 degrees Kelvin per day. The buffer classification LCC and water 
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temperature trend experienced a R2 value of 0.81 and a correlation of 0.8972. A strong positive 

relationship between these two variables exemplifies the important need to monitor LCC of all 

types around small lakes in mid-latitude regions. The water temperature trend range translates 

to 0.019 to 0.0518 ° Kelvin per decade which creates concern when these temperatures are 

meant to provide relative stability to the area around lakes as compared to other land cover 

types.  

2. The strongest LC correlation with water temperature trend was the impervious surface class 

(0.57) which signals a medium positive relationship. The importance of monitoring 

development around water bodies is emphasized as water temperature alterations has an 

impact on species migration and distribution in fish species depending on a given species 

thermal boundary (Buisson et al., 2008) (Kaimuddin et al., 2016). 

3. Lake size was found to have a weak positive relationship (R2 = 0.23) with water temperature 

trends, meaning in general the larger the lake, the more positive it’s warming trends will be. 

This suggests attention should be paid to large inland lakes to monitor their water temperature 

trends as fast paced warming could have undesired effects. Similar findings were found by 

Becker & Daw (2005) who also found weak positive relationships between lake size and lake 

surface water temperature.  

All water temperature trends investigated were positive temperature trends regardless of the 

magnitude. Spatially, positive stronger water temperature trends were found nearby where more 

intensive LCC had occurred. This phenomenon is exemplified in seven out of nine lakes investigated 

specifically Cedar Lake, Elodia Lake, Grippen Lake, Lamb’s Lake, Little Lake, South Lake, and Wistle Lake. 

It is challenging to definitively state whether the more positive water temperature trends directly relate 

to nearby LCC however a visual inspection does suggest the need for more research as there are only 
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nine lakes investigated in this study. It is important to note that water temperature trends analyzed in 

this study are a glimpse into the past based on image availability and their image acquisition time.  

The selection of the waterbodies studied was set for all to experience similar climatic effects over the 

study period, to be distanced from another waterbody and not connected to another in order to not 

receive additional cooling effects. This resulted in a limited selection of waterbodies within the same 

watershed. Although strong conclusions were made regarding the results found here, it is challenging to 

claim that they are all encompassing given a small sample size. It is inevitable that remote sensing 

studies will be limited by the number of clear images, however here it is clear that the CCDC algorithm 

takes advantage of available imagery throughout the study period to accurately classify LC.  

This research has been completed via Google Earth Engine (GEE), a cloud-based platform for geospatial 

analysis that makes use of Google’s computational capabilities (Gorelick et al., 2017). The CCDC 

algorithm was demonstrated to be useful at accomplishing accurate land classification as was the SMW 

method for LST with GEE. GEE’s datasets were not required to be downloaded, Google servers are used 

with GEE as opposed to an individual’s computer and all data was saved to the cloud. While GEE is a 

useful tool for geospatial analysis, it does restrict the user to functions within its interface.  

These results have important implications for watershed management and species biodiversity. As 

illustrated here, LCC near waterbodies has an effect on water temperature trends as such appropriate 

management of watersheds is crucial to ensure that poorly planned development does not further 

contribute to warming waterbodies. Special attention should be paid to development around 

waterbodies that involve impervious surfaces as it demonstrated that largest relationship with a change 

in surface water temperature trends. Increasing surface water temperatures can result in changes of 

aquatic species due to temperature alteration (Alofs, Jackson, & Lester, 2014; Hudon, Armellin, Gagnon, 

& Patoine, 2010; Warren, Robinson, Josephson, Sheldon, & Kraft, 2012).  
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4.2 Future Work  

This research delivered important findings for the role that LCC plays on surface water temperature 

trends in a small watershed in Eastern Ontario. Additional research would enhance the overall 

understanding of influences on water temperature trends. Future research could expand the findings of 

this study by investigating additional lakes in different watersheds, including bathymetric data, and 

incorporating more variables.  

In subsequent studies, investigating waterbodies in different watersheds would lead towards a better 

understanding that local inputs have on water temperature trends. Additional watersheds would 

provide the opportunity to determine the influence of regional variables like rainfall and ice cover play 

on water temperature trends. Additionally, the role that bathymetry plays on water temperature trends 

in small lakes remains unknown. It is understood that lake depth plays a role in explaining the 

relationship between lake depth and surface water temperature trends (Woolway & Merchant, 2017). 

However, a challenge exists for obtaining lake depth for relatively small lakes as only one lake (Grippen 

Lake) out of the nine lakes investigated in this study had existing bathymetric data (Cataraqui Region 

Conservation Authority, 2017). More variables such as wind speed, surface pressure, cloud cover, and 

Secchi depth can be included in future studies. These variables have previously been investigated 

however only on much larger lakes (> 25km2) than the ones in this study (Yang et al., 2020). Once again, 

data availability is a challenge without completing field work when investigating smaller water bodies, 

especially readily available data on GEE.  
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Appendix A: Accuracy Assessment 

 

Table A.1: Cedar Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

30 0 2 8 1 

Water 0 47 1 0 8 

Dense 

Vegetation 

8 3 30 4 1 

Sparse 

Vegetation 

5 0 11 47 0 

Wetland 0 0 1 0 2 

 

Table A.2: Elodia Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

33 0 0 9 0 

Water 0 47 0 0 1 

Dense 

Vegetation 

2 0 47 5 1 
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Sparse 

Vegetation 

4 0 1 38 0 

Wetland 0 0 2 0 43 

 

Table A.3: Grippen Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

35 0 2 3 0 

Water 0 43 0 0 1 

Dense 

Vegetation 

5 1 37 0 4 

Sparse 

Vegetation 

10 0 5 29 1 

Wetland 4 1 9 0 38 

 

Table A.4: Horseshoe Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

15 1 2 5 0 

Water 0 40 1 0 5 
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Dense 

Vegetation 

11 4 43 2 2 

Sparse 

Vegetation 

0 0 0 3 0 

Wetland 0 4 2 0 34 

 

Table A.5: Lamb’s Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

37 0 4 5 1 

Water 0 40 0 0 2 

Dense 

Vegetation 

4 0 48 8 2 

Sparse 

Vegetation 

4 0 2 42 0 

Wetland 0 0 3 0 40 

 

Table A.6: Little Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

8 0 0 3 0 
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Water 0 39 1 0 0 

Dense 

Vegetation 

1 3 57 2 0 

Sparse 

Vegetation 

2 0 1 48 0 

Wetland 0 0 0 0 0 

 

Table A.7: Moulton Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

0 0 0 0 0 

Water 0 44 0 0 0 

Dense 

Vegetation 

2 0 49 0 0 

Sparse 

Vegetation 

0 0 0 0 0 

Wetland 0 0 1 0 1 

 

Table A.8: South Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 
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Impervious 

Surface 

38 0 2 7 2 

Water 0 43 0 0 1 

Dense 

Vegetation 

5 1 36 3 1 

Sparse 

Vegetation 

8 0 2 43 0 

Wetland 2 2 2 2 41 

 

 

Table A.9: Wistle Lake Accuracy Assessment 

 Impervious 

Surface 

Water Dense 

Vegetation 

Sparse 

Vegetation 

Wetland 

Impervious 

Surface 

48 0 2 9 2 

Water 0 41 0 0 1 

Dense 

Vegetation 

3 0 38 0 3 

Sparse 

Vegetation 

8 0 0 38 0 

Wetland 2 0 4 0 37 
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Appendix B: Algonquin to Adirondacks map 

 

 

Figure B.1:  Map of Algonquin to Adirondack approximate boundary. (Algonquin to Adirondacks Collaborative, 2016) 
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Appendix C: Lake Buffer Classification Bar Charts  

 

 

Figure C.1: Cedar Lake Classification Bar Chart 

 

Figure C.2: Elodia Lake Classification Bar Chart 
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Figure C.3: Grippen Lake Classification Bar Chart 

 

Figure C.4: Lambs Lake Classification Bar Chart 

 

Figure C.5: Horseshoe Lake Classification Bar Chart 
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Figure C.6: Little Lake Classification Bar Chart 

 

Figure C.7: Moulton Lake Classification Bar Chart 

 

Figure C.8: South Lake Classification Bar Chart 



187 

 

 

Figure C.9: Wistle Lake Classification Bar Chart 
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Appendix D: Lake surface water temperature trends compared to 

weather stations 
 

 

Figure D.1: Study sites and nearby weather station locations 

 

 

Table D.2: Maximum and minimum water temperature trend and nearby weather station temperature change per decade 

Location Temperature Change 

(°C/Decade) 

Waterbodies max 0.05175 

Waterbodies min 0.01022 

Lyndhurst WS 0.1095 

Centerville WS 0.365 

Harrington WS 0.3285 
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Appendix E: Temperature Examples 
 

 

Figure E.1: South Lake Temperature Distribution on 2013-07-17 

 

Figure E.2: South Lake Temperature Distribution on 2017-11-17 
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Figure E.3: Elodia Lake Temperature Distribution on 2016-11-07 

 

Figure E.4: Elodia Lake Temperature Distribution on 2018-07-08 
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Figure E.5: Elodia Lake Temperature Trend Distribution from 1985-2020within the lake and within the buffered region, as 
delineated by the black line around the border of the lake. There is a small island within the lake.  

 

Table E.6: Elodia Lake Temperature change °C per day and decade from 1985-2020 for the minimum, average, and maximum 

 Minimum Average Maximum 

Within water body 
°C/day *10-4 

0.0759 0.125 0.158 

Within waterbody 
°C/decade 

0.0279 0.0458 0.0578 

Within buffer °C/day 

*10-4 
0.0509 0.128 0.198 

Within buffer 
°C/decade 

0.0186 0.0467 0.0724 

 

 

 


