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ABSTRACT 

 

The effects of a changing climate (i.e., temperature in particular) vary and will continue to vary 

significantly from global to local level. Changes of temperature at global and regional scale are 

somehow defined by using several models and simulations. However, temperature change at local 

scales (i.e., community or local government level) are not well defined and needs particular 

attention to address future adaptation policies in the face of climate change. For instance, this thesis 

is built on a hypothesis that temperature does vary locally in comparison to the predicted models 

at the regional and global scales. To address this critical issue, this study sets up the goal to 

delineate local warming maps using satellite-borne remote sensing data at 15 m spatial resolution. 

In doing so, firstly, 1 km spatial resolution warming map is prepared in the whole province of 

Alberta for 1961-2010 time period using MODIS-derived 8-days composite images at 1 km spatial 

resolution. Secondly, to enhance the spatial resolution of derived 1 km warming map, data fusion 

technique is used from Landsat-8 OLI-derived data to generate high spatial resolution EVI, NDVI, 

and NDWI. Finally, long-term warming trend map is produced at 15m spatial resolution to 

represent the changes of temperature normals (i.e., 1961-2010 time period) as a final outcome. 

Results have demonstrated that the proposed methods of delineating high spatial resolution local 

warming map has strong accuracy while comparing with the climate station-derived temperature 

data (r2 = 0.80 in case of 1961-1990; and r2 = 0.78 in case of 1981-2010). Similarly, while 

comparing the results of warming trend maps derived at 1 km and 15 m spatial resolution,  

outcomes have proved strong relationship too (r2 = 0.96 in case of 1961-1990; r2 = 0.95 in case of 

1981-2010). Finally, this study explicitly brings the notion that of local level warming map can be 

produced at high spatial resolution and can be critical for local governments to initiate future 

policies depending on evidence in future climate change adaptation planning. 
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1.1 Background 

 

Climate is considered as the average weather conditions in a place over many years. Weather can 

change in a few hours; whereas, climate takes hundreds, thousands, even millions of years to 

change [1]. The advances in the science and observation of climate change are providing clearer 

understanding and evidence of the inherent variability of climate system (e.g., temperature, 

precipitation, concentration of green-house gases, CO2 concentration in the atmosphere, etc.) of 

the earth surface since the early 19th century [2]. The origin of the late-20th-century increase in 

global temperature has prompted considerable discussion. Global temperature is one of the popular 

metrics for summarizing the state of global climate. In this regard, global surface temperature has 

increased up to 0.2 oC per decade in the past 30 years [1]. Both global and regional warming trends 

are relatively well characterized; whereas, the local warming trend analysis have been under 

documented in contemporary research [3]. Figure 1.1 shows the concentration of CO2 in the 

atmosphere since the 400 thousands of years ago up to current days. It clearly depicts that the 

fluctuation of CO2 concentration in the atmosphere was relatively stable during the given time 

period. However, since 1850ôs (as shown in Fig. 1.1), the CO2 concentration has raised 

dramatically higher amount into the atmosphere that has happened due to the industrial revolution. 

As a result, the global warming trend has shifted all on a sudden and the temperature anomalies 

have been noticed a sharp increase (see Fig. 1.2). In Fig. 1.2, it is also observed that since the 

1940ôs, the temperature anomaly (i.e., in relation to the average during the period 1961-1990) has 

shifted rapidly to more than 0 oC and has never been static rather a dynamic positive inclination. 

Thus, one of the major components of the recent climate change is manifested in the warming (i.e., 

incremental temperature) trends at global, regional, and local levels.  
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Source: CO2 concentrations over the last 400,000 years by Robert A. Rohde from 

Wikipedia is licensed under CC BY-SA 3.0; 

https://commons.wikimedia.org/wiki/File:Carbon_Dioxide_400kyr.png) 

 

Figure 1.1 Carbon dioxide variations in the earth surface in thousands of years 

In case of global warming, Climate Research  Unit (CRU) at University of East Anglia and Hadley 

Centre of UK have developed a land air temperature anomaly database known as CRUTEM4 for 

analyzing global and hemisphere-specific anomalies [4][5]. In this case, they employed 

approximately 5500 point-specific station measurements of air temperature data across the globe; 

which was also transformed into a gridded dataset with a 5 o x 5 o spatial resolution. This database 

has been added with sea surface historical temperature regimes primarily acquired by ships, 

drifting, and tethered buoys in order to generate a comprehensive global database with a 5 o x 5 o 
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spatial resolution (i.e., known as HadCRUT4) [6]. Intergovernmental Panel on Climate Change 

(IPCC) has also used these datasets for depicting the global warming trends since 1850 [7]. 

Despite, it would be worthwhile to note that the generation of spatial extent (i.e., gridded datasets) 

was based on the unweighted averaging of the available station/location-specific temperature 

anomalies. 

 

 

 

Figure 1.2 Global annual mean surface air temperature change 

(Credit: NASA, 2018) [10][11] 

 

Whereas, regional warming models are described in contemporary literature as some parts of the 

earthôs surface those are demonstrating unique characteristics in terms of climate, and weather 

(i.e., Prairie region in Canada, see Fig. 1.3); and representing a temperature change over time. 
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Some of the prominent research works have been conducted in the recent time in order to 

understand regional warming trends; are described as follows: 

¶ Fritzsche (2013) [8] analysed warming trends at eleven climatic regions in Canada as a 

whole using 330 station-specific temperature data over the period of 1948-2009; where the 

data was interpolated as the stations were unevenly distributed across the country (see Fig. 

1.3 for details with 11 regions in Canada).  

¶ Menne et al. (2010) [9] studied warming trends over the conterminous United States over 

the period 1980-2008 by using 1218 number of stations (which were divided into two 

categories: good and poor exposure sites). The station-specific data were used to calculate 

anomalies relative to the 1971-2000 station average-values. These anomalies were then 

interpolated in generating a gridded dataset with a 0.25 o x 0.25 o spatial resolution.  

 

Some of the emerging local warming (i.e., temperature changes at local scale) models have been 

developed to quantify local warming trends in recent decades are found through the literature 

which are as follows: 

¶ Vanderbei (2012) [12] conducted a local warming study by using temperature readings 

from a single undisturbed location at McGuire Air Force Base, around 50 miles far from 

New York over the period 1955-2010. They developed a least-absolute-deviations (LAD) 

regression model that robustly extracted a small linear trend from larger seasonal variation. 

In this study, these local warming trends were compared against the global one, where, 

around 9000 weather stationsô data were used. 

¶ Mahlstein et al. (2012) [13] also conducted a research on emerging local warming signals 

through point-based data collected at a weather station. They found that the changes did 
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not follow the global trend computed in 5 o x 5 o grid in the scope of CRUTEMv4 [14] in 

some specific locations due to having temperature anomalies at local level. 

 

Figure 1.3 Warming trends in Canadian context [8][11] 

 

1.2 Common limitations and knowledge gaps remain in these regularly used models 

 

These commonly used methods mentioned earlier on for local warming assessment studies are 

highly depending on data derived from weather stations spatially distributed mostly in the human 

settlement areas. Interpolation techniques are also being used in these models to prepare moderate 

resolution (18 to 25 km spatial resolution) maps [15][16]. More interestingly, satellite remote 

sensing techniques are not being used to prepare higher resolution maps that can represent remote 

forested areas or agricultural land where there are less number of weather stations can be found. 

A research gap remains in these models to consider satellite remote sensing data to assess local 

warming and validate the models by using locally station based climatic data (i.e., air temperature 
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data). This study thus explores the gaps by summarizing model outcomes and derived results and 

incorporates satellite remote sensing data to comprehend existing systems which will contribute 

knowledge in the field of geomatics engineering. 

 

1.3 Proposed framework related to hypotheses 

 

The hypothesis of this research is built on a consideration that temperature does vary at local level 

(i.e., termed as local warming) in comparison to the predicted models at the regional and/or global 

scale. Though significant efforts have been given to understand the warming trends at both global 

and regional levels, still delineating the local warming trends at a reasonable grid size (e.g. 15 m 

to 1 km) are relatively unknown. Thus, the focus in this research project is to unveil warming trend 

maps at high spatial resolution, which will enable decision makers, scientists, researcher 

community, and local people to adapt their policies based on local level temperature variations and 

to act accordingly.  

 

Figure 1.4 shows a schematic diagram of the proposed research framework for modelling local 

warming considering different steps and outcomes in relevant chapters in the thesis.  
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Figure 1.4 Schematic diagram of the proposed framework of local warming modelling 

 

In developing this particular framework, I formulated the following three hypotheses: 

(i) Available warming maps could be found from literature, were mostly generated at very 

low spatial resolution (the least one at 344 sq. km) and those might not be representing 

local government organizations or small cities which were in need of perceiving the 

temperature changes to adapt to climate; 

(ii)  Freely available satellite-based remote sensing data (i.e., MODIS and Landsat) might 

be useful to generate the local warming trend maps at higher spatial resolution (i.e., 1 

km and then 15 m) and a bigger geographical extent might be possible to consider; 

(iii)  There might be relationships between vegetation indices and air temperature obtained 

from satellite imageries and thus, this relationship might help to enhance spatial 

resolution of local warming maps at 15 m spatial resolution. 
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1.4 Objectives of the study 

 

The overall objective of this research project was the comprehension of in particular to the 

province of Alberta. Thus, the specific objectives were included: 

(i) Reviewing contemporary literature in the line of global, regional, and local warming 

models to identify research gaps; 

(ii)  Modelling local warming trends during 1961-2010 time period at 1 km spatial resolution; 

(iii)  Developing data fusion mechanism to generate vegetation indices (VI) at an enhanced 

spatial resolution of 15 m for an example. Note that literature suggested that temperature 

and VI were inter-linked [17][18]; and 

(iv) Generating local warming maps at 15m spatial resolution during 1961-2010 time period. 

 

1.5 Generic description of data used 

 

In this research project, I employed two types of data, i.e., meteorological and remote sensing data. 

Primarily, I used two types of MODIS data freely available from NASA, such as (i) land surface 

temperature (MOD11A2: 8-day daytime surface temperature at 1 km spatial resolution) during the 

period 2000-2010; and (ii) annual land use/land cover map (i.e., MCD12Q1 v.005 at 500 m spatial 

resolution) during 2008. In addition, I also used Landsat-8 OLI MS and PAN bands to derive 

vegetation indices. 

 

1.5.1 Characteristics of MODIS data 

The MODIS instrument is aboard with Terra and Aqua satellites. They provide daily data of the 

earth surface in 36 spectral bands, which is found to be helpful in understanding the global (i.e., 
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land and ocean) dynamics, and lower atmosphere. Following is a detail description of MODIS 

Terra characteristics from NASA that I have used in this research: 

Participants 

- MODIS consisted of over 70 international team of scientists divided into four discipline 

groups: atmosphere, calibration, land, and ocean. 

- NASA 

- Santa Barbara Remote Sensing 

Launch 

- Terra satellite was launched on December 18, 1999. 

- Aqua was launched on May 4, 2002. 

Spacecraft 

- Telescope: 17.78 cm diam. Off-axis, a focal (collimated), with intermediate field stop 

- Size: 1.0 x 1.6 x 1.0 m 

- Weight: 228.7 kg 

- Power: 162.5 W (single orbit average) 

Communications 

- Scan Rate: 20.3 rpm, cross track 

- Data Rate: 10.6 MBPS (peak day time); 6.1 MBPS (orbital average) 

- Quantization: 12 bits 

Orbit 

- Sun-synchronous orbit at an altitude of 705 km (438 mi) 

- 10:30 AM descending node (Terra) 

- 1.30 PM ascending node (Aqua) 

- Near-polar, circular 

Other Characteristics 

- Scene size: 2330 km (cross track) by 10 km (along track at nadir) 

- Spatial Resolution: 250 m (bands 1-2), 500 m (bands 3-7), 1000 m (bands 8-36) 

- Design Life: 6 years 

Spectral Bands 

- 36 spectral band (reflected bands: 1-19 and 26; emitted bands: 20-25, 27-36) 
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- Resolution and major use: (see Table 1.1) 

- Projection: Sinusoidal 

 

Table 1.1 MODIS spectral bands and its major use 

Band 

No. 

Spectral 

resolution 

(ɛm) 

Major use 

1 0.620ï0.670 Absolute Land Cover Transformation, Vegetation Chlorophyll 

2 0.841ï0.876 Cloud Amount, Vegetation Land Cover Transformation 

3 0.459ï0.479 Soil/Vegetation Differences 

4 0.545ï0.565 Green Vegetation 

5 1.230ï1.250 Leaf/Canopy Differences 

6 1.628ï1.652 Snow/Cloud Differences 

7 2.105ï2.155 Cloud Properties, Land Properties 

8 0.405ï0.420 Chlorophyll 

9 0.438ï0.448 Chlorophyll 

10 0.483ï0.493 Chlorophyll 

11 0.526ï0.536 Chlorophyll 

12 0.546ï0.556 Sediments 

13 0.662ï0.672 Atmosphere, Sediments 

14 0.673ï0.683 Atmosphere, Sediments 

15 0.743ï0.753 Chlorophyll Fluorescence 

16 0.862ï0.877 Chlorophyll Fluorescence 

17 0.890ï0.920 Aerosol Properties 

18 0.931ï0.941 Aerosol Properties, Atmospheric Properties 

19 0.915ï0.965 Atmospheric Properties, Cloud Properties 

20 3.660ï3.840 Atmospheric Properties, Cloud Properties 

21 3.929ï3.989 Atmospheric Properties, Cloud Properties 

22 3.929ï3.989 Sea Surface Temperature 

23 4.020ï4.080 Forest Fires & Volcanoes 

24 4.433ï4.498 Cloud Temperature, Surface Temperature 

25 4.482ï4.549 Cloud Temperature, Surface Temperature 

26 1.360ï1.390 Cloud Fraction, Troposphere Temperature 

27 6.535ï6.895 Cloud Fraction, Troposphere Temperature 

28 7.175ï7.475 Cloud Fraction (Thin Cirrus), Troposphere Temperature 

29 8.400ï8.700 Mid Troposphere Humidity 

30 9.580ï9.880 Upper Troposphere Humidity 

31 10.780ï11.280 Surface Temperature 

32 11.770ï12.270 Total Ozone 

33 13.185ï13.485 Forest Fires & Volcanoes, Surface Temp. 

34 13.485ï13.785 Forest Fires & Volcanoes, Surface Temperature 

35 13.785ï14.085 Cloud Fraction, Cloud Height 

36 14.085ï14.385 Cloud Fraction, Cloud Height 
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1.5.2 Landsat characteristics 
 

The United States Department of the Interior, NASA, and the Department of Agriculture developed 

and launched the first Landsat mission (i.e., Landsat-1) in July 23, 1972. The launches of Landsat-2, 

Landsat-3, and Landsat-4 followed in 1975, 1978, and 1982, respectively. The fifth mission was 

launched in 1984 and continued to deliver high quality data of the Earth surfaces until 2013. Landsat-

6 failed to achieve orbit in 1993. In 1999, Landsat-7 was launched and it still provides global coverage 

along with Landsat-8 which was launched in 2013. Landsat-9 is planned to be launched in 2023. The 

following is a detailed description of Landsat-8 OLI characteristics (NASA): 

Participants 

- NASA 

- Department of the Interior (DOI) U.S. Geological Survey (USGS) 

- Spacecraft bus: Orbital Science Corp. 

- Operational Land Imager Sensor: Ball Aerospace & Technologies Corp. 

- Thermal Infrared Sensors: NASA Goddard Space Flight Center 

Launch 

- Date: February 11, 2013 

- Vehicle: Atlas-V rocket 

- Site: Vandenberg Air Force Base, California 

Spacecraft 

- 3.14 terabit solid-state data recorder 

- Weight: 2,071 kg (4,566 lbs) fully loaded with fuel (without instruments) 

- Length: 3 m (9.8 ft) 

- Diameter: 2.4 m (7.9 ft) 
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Communications 

- Direct Downlink with Solid State Recorders (SSR) 

- Date rate: 384 MBPS on X-Band frequency; 260.92 MBPS on S-Band frequency 

Orbit 

- Worldwide Reference System-2 (WRS-2) path/row system 

- Sun-synchronous orbit at an altitude of 705 km (438 mi) 

- 233 orbit cycle; covers the entire globe every 16 days (except for the highest polar latitudes) 

- Inclined 98.2o 

- Circles the Earth every 98.9 minutes 

- Equatorial crossing time: 10:00 am +/- 15 minutes 

Sensors 

- Operational Land Imager (OLI) 

Å Nine spectral bands, including a panchromatic band: 

- Band 1 Visible (0.43 ï 0.45 µm) 30 m 

- Band 2 Visible (0.450 ï 0.51 µm) 30 m 

- Band 3 Visible (0.53 ï 0.59 µm) 30 m 

- Band 4 Red (0.64 ï 0.67 µm) 30 m 

- Band 5 Near-Infrared (0.85 ï 0.88 µm) 30 m 

- Band 6 SWIR 1 (1.57 ï 1.65 µm) 30 m 

- Band 7 SWIR 2 (2.11 ï 2.29 µm) 30 m 

- Band 8 Panchromatic (PAN) (0.50 ï 0.68 µm) 15 m 

- Band 9 Cirrus (1.36 ï 1.38 µm) 30 m 

- Thermal Infrared Sensor (TIRS) 

Å Two spectral bands 
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- Band 10 TIRS 1 (10.6 ï 11.19 µm) 100 m 

- Band 11 TIRS 2 (11.25 ï 12.51 µm) 100 m 

Other characteristics 

- Scene size: 170 km x 185 km (106 mi x 115 mi) 

- Design life: Minimum of 5 years 

- Projection: Universal Transeverse Mercator (UTM) 

 

1.5.3 Other required data 
 

The meteorological data were, in fact, freely available from Environment Canada (EC) at point 

locations across Alberta. These data included: (i) the air temperature normal data over the periods 

1961-1990, 1971-2000, and 1981-2010; and (ii) year-specific average air temperature data over 

the period 2000-2010; which were coincided with the availability of the remote sensing data. 

 

1.6 Thesis structure 

 

This thesis consists of six different Chapters. Chapter 1 describes the background information of 

this particular study. Chapter 2 pronounces the literature review including the contemporary 

approaches and development of warming trend analysis from across the world. However, I have 

included literature in the scope of the introduction section of Chapter 3, 4, and 5. In fact, it becomes 

possible as the aim here is to compile a paper-based thesis. Chapter 3 is designated to modelling 

warming trends based on satellite-borne remote sensing data (i.e., MODIS) at 1 km spatial 

resolution and depicted the steps of generating warming maps for 1961-2010 time period over the 

province of Alberta. Chapte 4 demonstrates the data fusion technique that is useful to enhance the 

spatial resolution of the already developed warming maps using Landsat-8 OLI satellite imageries. 
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Chapter 5 provides the final product of enhanced warming map at 15 m spatial resolution. Chapter 

6 summarizes the thesis in a nut shell and recommends the future scope of this study while stating 

the novelty of this research. As this is a paper-based thesis, thus it may possible that similar 

statement may be found in multiple places despite I have given significant effort to avoid it. 

 

In Appendix A, already published papers are attached with the copyright information (i.e., all of 

the articles from this research are published/submitted in open access journals except the one at 

IEEE explorer). Appendix B, C, and D describes the model structures used in pursuing the final 

product at different stages including the functions employed using Erdas Imagine software. 
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Abstract 

 

Global changes in climate, environment, economies, population, governments, institutions, and 

cultures converge in localities. For instance, understanding local warming trend in the face of 

climate change era, it is an interesting area of research and to blend the knowledge of remote 

sensing technology to quantify local warming trends across the landscapes. This present study 

reviews contemporary methods of local warming trend analysis and how can remote sensing 

technology be used to comprehend existing methods and models. The results are clearly indicating 

that remote sensing technology can help understanding local warming at a higher spatial and 

temporal resolution which can be useful for local communities to adapt future temperature related 

changes at community level. 

Keywords: thermal satellite imaging, air temperature, surface temperature, climate change, urban 

areas. 

2.1 Introduction   

The Earthôs climate has changed throughout the history. Intergovernmental Panel on Climate 

Change (IPCC) has mentioned that scientific evidence for warming of the climate system is 

unequivocal [1]. Climate change may have been caused due to three major reasons, such as: (i) 

natural causes (i.e., changes in volcanic activity, solar output, Earthôs orbit, etc.), (ii) human causes 

(i.e., burning fossil fuels, conversion of land and land use change, etc.), and (iii) short-lived and 

long-lived climate forces (i.e., nitrous oxide as long-lived greenhouse gas; sulphate aerosols as 

short-lived greenhouse gas). Climate change has been identified by changes in temperature, 

precipitation, winds, and other climatic indicators [2 ï 5]. For instance, the Earth is experiencing 

warming or cooling trends due to unavoidable climate change impacts over time. As climate and 
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its changes have been scientifically proven [1, 4, 6 ï 9], one of the most important things to 

understand is the changes of temperature to foresee global, regional, and local warming trends 

across the landscape. This present study reviews: (i) the warming trends at different level (i.e., 

global, regional, and local); (ii) contemporary methods of local warming trend modeling; and (iii) 

applicability of remote sensing technology to model local warming trends which are not commonly 

used in ongoing time period to quantify changes at a higher spatial resolution. From the relevant 

literature, it is depicted that global warming trends are represented (i.e., through interpolation 

techniques, and gridded data) in moderately lower spatial resolution based on climatic data 

acquired at point-based synoptic weather stations. Local warming trends are also analyzed using 

the same data sets. Still challenges remain to access remote areas and obtain data from different 

landuse (i.e., most of the weather stations are placed in urban areas) to understand warming trends 

locally. 

2.2 Warming trends at different level 

 

2.2.1 Global warming 
 

The origin of the late-20th-century increase in global temperature has prompted considerable 

discussion. Global temperature is a popular metric for summarizing the state of global climate. In 

this regard, global surface temperature has increased up to 0.2 oC per decade in the past 30 years 

[10]. Some examples of global warming have been shelved through couple of emerging literature 

as: 

¶ Climate Research Unit (CRU) at University of East Anglia and Hadley Centre of UK is being 

considered one of the leading research entities to model global warming trends across the 

world. This institution has developed a land air temperature anomaly database known as 
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CRUTEM4 for analysing global and hemisphere-specific temperature anomalies [11]. This 

model engaged approximately 5500 point-specific (i.e. weather stations) air temperature data 

across the globe. These data were converted into gridded dataset with 5 o x 5 o spatial 

resolution. After developing the HadCRUT4 model, more information were plugged in such 

as, sea surface historical temperature data primarily acquired by ships, drifting, and tethered 

buoys in order to generate a comprehensive global database with the specified spatial 

resolution [12]. IPCC also used these datasets for predicting the global warming trends since 

1850 up to 2010 [13]. The generation of spatial extent (i.e., gridded datasets) were done based 

on the unweighted average method of station/location-specific temperature anomalies.  

¶ The congressional testimony in 1988 by United States Senate Commission on Energy and 

Natural Resources (USSCENR) included an analysis of simulated global temperature for three 

scenarios (A, B, and C) [10]. Scenario A was described as ñon the high side of realityò, 

because it assumed rapid exponential growth of Green House Gases (GHGs) and it included 

no large volcanic eruptions during the next half century. Scenario C was described as ña more 

drastic curtailment of emissions than has generally been imaginedò, specifically GHGs were 

assumed to stop increasing after 2000. Scenario B was described as ñthe most plausibleò. The 

evidences showed that global warming would be happening in each of the scenarios and the 

stationed data supported the notion of change with very high degree of similarity. 

 

2.2.2 Regional warming 
 

A region itself is defined as a part of the Earthôs surface with one or many similar characteristics 

that make it unique from other areas. Climate models vary widely in their projections of both 

global mean surface temperature rise and regional climate change. In terms of warming trend and 
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temperature, different areas on the Earthôs surface are identical and representing similar 

characteristics (e.g., based on temperature) such as, Arctic Peninsula; North America; Europe; 

Middle East; Africa [14 ï 19]. Some of the prominent research works have been conducted in the 

recent time in order to understand regional warming trends; and described as follows: 

¶ Fritzsche [20] examined the warming trends at eleven climatic regions in Canada by using 

330 station-specific (i.e., weather station) temperature data over the period of 1948-2009. Data 

were interpolated considering the fact that the stations were unevenly distributed across the 

country. 

¶ Another study conducted [21] on warming trends over the conterminous United States over 

the period 1980-2008. This study considered 1218 number of weather stations (which were 

divided into two categories: good and poor exposure sites). The obtained data were used to 

calculate temperature anomalies in comparison to the 1971-2000 station average-values. 

These anomalies were then interpolated to generate a gridded dataset with a 0.25 o x 0.25 o 

spatial resolution. 

 

2.2.3 Local warming 
 

Although average temperatures have risen significantly across much of the world in recent decades 

[22], it may be difficult for people to directly perceive these long-term changes owing to the 

variability of the climate system. As a result, climate change (mainly temperature change) has been 

considered a phenomenon. In this regard, local warming in many places are now changing in ways 

that may be directly perceptible through everyday experience of weather (i.e., temperature in 

particular). So local warming is being defined in literature in a number of ways according to the 

perception of local people and through the scientific evidences from scholars and researchers. 
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Table 2.1 summarizes the term ñlocal warmingò that has been introduced in recent scientific 

literature. 

Table 2.1 Connotation of local warming in contemporary literature 

Year Defining ólocal warmingô Ref. 

2003 Changing of wind direction affects local temperature 

anomaly.  

[23] 

2011 Local temperature deviations from historical daily averages 

are defined as local warming. 

[24] 

2011 Local warming that exceeds inter annual variability of 

temperature.  

[25] 

2012 Actual temperature readings from a single undisturbed 

location spanning a time horizon of 55 years and observed 

warming trend is being considered. 

[26] 

2012 Local warming depends on local weather patterns, which are 

highly variable and may not reflect long-term global climate 

change. 

[27] 

 

Some of the emerging models have been developed to quantify local warming in recent decades 

are found through the literature which are as follows: 

¶ One of the prominent studies in analysing local warming trends in 2012 [26] used temperature 

readings from a single undisturbed location at McGuire Air Force Base, around 50 miles far 

from New York over the period 1955-2010. Once the temperature data were received, a least-

absolute-deviations (LAD) regression model was developed that robustly extracted a small 

linear trend from larger seasonal variation. After this, local warming trends were compared 

against the global trend, where, around 9000 weather stationsô data were used. 

¶ Mahlstein [28] brought another scientific evidence when he conducted a study on emerging 

local warming signals through point-based data collected at a weather station. The study found 
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that the changes did not follow the global trend computed in 5 o x 5 o grid in the scope of 

CRUTEMv4 [11] in some specific locations due to temperature anomalies at local scale.  

 

2.3 Contemporary methods of local warming trend assessment 

 

Usually, gridded surface climate data are being used for many applications, including climate 

change detection [29], the evaluation of climate models [30], and the parameterization of stochastic 

weather generators [31]. In addition to these data sets, daily temporal resolution data sets are being 

used to evaluate the ability of models to simulate the variance and extremes in climate that are key 

for a range of impact assessment which includes warming trends over a particular time period. The 

Table 2.2 summarizes exiting models from literature which are highly used for assessing global 

and local climate change assessments based on gridded maps and daily weather data: 

Table 2.2 Models considered in different climate variables 

Time period Area Variable Interpolation methods Ref. 

1955 ï 2010 New 

Jersey, 

USA 

Observed 

temperature data 

Least absolute deviation (LAD) [26] 

1979 ï 2006 Japan Daily maximum 

and minimum 

mean temperature 

Weighted average method [32] 

1951 ï 2003 Global Extreme 

precipitation and 

temperature  

Angular distance weighting 

(ADW) 

[30] 

1856 - 2003 Global Surface 

temperature 

Empirical mode decomposition [33] 

1946 ï 2000 Global Temperature ADW [30] 

1951 ï 2000 China Temperature, 

precipitation, and 

climate variables 

Modified Cressman Scheme 

(MCS) 

[34] 
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2.3.1 Least-Absolute-Deviation (LAD) method 
 

This method was developed by Vanderbei [26] considering 55 years of daily average temperatures 

from local weather stations. The researcher made a LAD regression model that accounted for three 

effects: seasonal variation, the 11 year solar cycle, and a linear trend. This model integrated local 

station based temperature data and solar cycle data (last cycle) and plugged into linear regression 

model to understand local level temperature change in McGuire Air Force Base, New Jersey in the 

United States of America (USA).The outcome showed that the solar cycle could be seen and a 

warming trend could be extracted from just one weather stationsô 55 year data set. The hypothesis 

was that an observation of warming over the last century was largely anthropogenic. Once the 

researcher conducted the study in the USA, he then collected NOAA weather stations data to 

sketch a global warming map with the same model. It was identified that the local warming did 

happen at a different rate in compare to global warming. A gap might be understood as over 55 

years, linear function was probably fair but not certainly similar. Besides, data validation process 

was done based on the station data only. However, the model could be improved in a way by 

considering the linear trend as a function of global and local population density and then extending 

the comparison in other areas with more weather stationsô data (depending on availability).  

 

2.3.2 Emerging local warming signals in observational data 
 

This method was developed by Mahlstein [28] in 2012. This study showed that locations with the 

largest amount of warming might not display a clear shift in temperature distribution if the local 

variability was also larger. The researchers used gridded station based temperature data set of 

CRUTEM4. The data were available on a 5 x 5 degree grid, and with (CRUTEM4v) and without 

(CRUTEM4) variance adjustment for changing numbers of stations used for computing a grid 
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point average. A base period of 30 years (1920 ï 1949) was defined in this study to which future 

time windows were compared. The analysis ended at the last full decade of the record in 2010. The 

base period chosen was 1920 ï 1949, in order to ensure good global data coverage which was 

available from the earlier mentioned sources. The study found that the emergence of temperature 

increase were happened in a number of regions over land, particularly in low latitude countries. 

 

2.3.3 Global and local warming relationships 
 

Oldenborgh and Ulden [23] conducted a study in The Netherlands to understand the global and 

local warming relationships. The study was carried out in De Bilt in the Netherlands over the 20th 

century. It mainly considered wind direction as a proxy circulation type (i.e., influencing factor) 

to increase or decrease the local temperature of De Bilt. The researchers considered a period 1951 

ï 1970 to collect monthly average temperature derived from hourly óclimatological measurementsô 

at stations. The ósynoptic measurementsô for the period, which were used up to now for particular 

reason were inferior in quality. The daily average wind direction of De Bilt was also available 

from The Royal Netherlands Meteorological Institute (KNMI) website from 1904 and onward 

which was used to build the model. An estimated global temperature, and monthly anomalies were 

used from the study conducted by Jones [35] to compare with the developed model. The 5 x 5 

degree HadCRUT sea-surface temperature data, and the 2 m height weather station data were used 

as well to compare wind circulation data model and temperature changes in the study area. 

The temperature of the Netherlands depended strongly on the wind circulation, with continental 

easterlies associated with cold weather in winter and warm weather in summer. There had been 

studies around the world to investigate relationships among local temperature and precipitation, 
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circulation patterns and global warming (trends) for different regions in Europe, mainly using 

empirical orthogonal functions of sea-level pressure predictands. However, this study focused on: 

(i) local wind direction to be used as a homogeneous proxy for circulation types; and 

(ii)  the analysis used continuous functions, not binning, to increase the statistical significance 

and reduced the sensitivity or systematic errors. 

Data had been used from the De Bilt station starting from 1901. Monthly climate anomalies data 

were used from 1961 ï 90 climate normal which was also used extensively by the IPCC. A trend 

had been drawn that the anomalies of temperature changes was followed for De Bilt in comparison 

to global trend. However, it did not follow strictly the global trend rather since 1985, the local 

warming curve could be seen higher anomalies in comparison to global trend. The study also 

showed that the temperature were due to change in the frequency distribution of the wind direction 

(as a proxy of circular type). A gap was remained here as the study highly considered wind 

direction as a probable temperature changing factor of the study area due to the close proximity of 

the North Sea. However, the study did not consider remotely sensed data for cross checking the 

surface temperature change which was an important issue to conduct the present study. 

 

2.3.4 Relationship between surface and air temperature 

Kawashima [36] drew a relationship between surface and air temperature especially in clear winter 

nights. Night time Landsat images were used to compare the Automated Meteorological Data 

Acquisition System (AMeDAS) obtained from the weather stations to compare the two different 

temperature in winter nights. The study was conducted in the central part of Japan with an 

approximate area of 200 x 200 km. night time and day time Landsat images were obtained at 21.00 

Japan Standard Time. Cloudless conditions were required to obtain this data, and only 4 images 
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were selected as cloud free from a large number of winter night time images. The Geographical 

survey Institute supplied geographic information and digital elevation models (DEM) from their 

national database. The DEM was taken from the database with 250 m grid over the study area. 

AMeDAS data were taken from some observatory networks comprising 1300 automatic weather 

stations. It was used for getting the surface temperature in the mentioned locations. The mean 

intervals of the stations were 21 km, which had measuring instruments for surface temperature. 

Supervised maximum likelihood methods of classification was conducted to understand surface 

and air temperatures considering freshwater, seawater, buildings (dense area of the city), housing, 

forests, and soils. Relations between altitudes and temperatures, relations between air temperature 

and surface temperature, range of area over which the surface temperature affected the air 

temperature, and effects of vegetation on air temperature were some major outcomes of this study 

to understand critical relationships of air and surface temperatures.  

However, the study had a limitation to process cloud free data and it failed to develop any 

algorithm which might help freeing the clouds of images for a better result. This study considers 

the importance of cloud free images and development of algorithm to understand how climate data 

could best be represented and modelled by using remotely sensed images. Another important 

aspect is considered as using the Moderate-Resolution Imaging Spectroradiometer (MODIS) data 

to conduct surface air temperature modeling which might give better result over reasonably bigger 

study area. 

 

2.3.5 Local warming and relationships with latitude 
 

It is well known that the largest local warming is expected to occur in high latitudes, but high 

latitudes are also subject to the largest variability, delaying the emergence of significant changes 
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there. Mahlstein [25] conducted a research on early onset of significant local warming in low 

latitude countries and modeled spatial and temporal scales. The researchers used 23 atmosphere 

ocean general circulation models (AOGCM) to analyze data. It showed that a key focus was low 

latitudes in the summer season for temperature variability. Climate model data were collected from 

World Climate Research Program (WCRP) Coupled Model Intercomparison Project Phase 3 

(CMIP3). Observatory data were collected from the National Aeronautics and Space 

Administration (NASA) with gridded temperature data (GISTEMP). While plugging these data 

into the model, inter annual summer variability was estimated first by linear models from 1900 ï 

1999. For each year, the summer surface temperature was calculated.  

This study did not consider remotely sensed data to build the linear model and to draw 1:1 line for 

understanding strong relationships of summer temperature and the high or low latitudes. The 

primary test on summer surface temperature was applied using 30 year moving windows at 10 year 

intervals, starting with 1900 ï 1929 as a baseline ending in 2070 ï 2099 for the model. The results 

of different models showed similar characteristics and patterns of temperature changes. However, 

the study directed the notion that different time periods are important to consider for understanding 

temperature variability. But this paper considers, remotely sensed data are important to be used to 

cross check the validity of weather stationsô data if the temperature change is harmonized or not.  

2.4 Common limitations of these regularly used models 

 

These commonly used methods mentioned earlier on for local warming assessment studies are 

highly depending on data derived from weather stations spatially distributed mostly in the human 

settlement areas. Interpolation techniques are also used in these models to prepare moderate 

resolution (18 to 25 km spatial resolution) maps. More interestingly, satellite remote sensing 
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techniques are not being used to prepare higher resolution maps that can represent remote forested 

areas or agricultural land where there are less number of weather stations. A research gap remains 

in these models to consider satellite remote sensing data to assess local warming and validate the 

models by using locally station based climatic data (i.e., air temperature data). This paper thus 

explores the gaps by summarizing contemporary model outcomes. The analysis shows that the 

existing models can be comprehended by utilizing knowledge of remote sensing and 

environmental modeling technique. 

2.5 Application of remote sensing (RS) technology to quantify local warming 

 

From the previous sections of literature and contemporary models, it is seen that few studies have 

been conducted in remote sensing techniques to address local warming. However, most of the 

studies are using climate data, digital elevation models, GIS maps, latitudes, etc. for understanding 

the causes and trends of local warming. Remote sensing data can be used to generate better results 

to understand local warming trend at local level which is somehow under/less explored. Some 

important literature have been found that highlight local warming and remote sensing application 

together for urban heat island effects in big cities in Asia, Europe, and North America [37 ï 44]. 

Besides, cloud contaminated images are remained as challenge for climate and local warming 

research which is an important part while using remote sensing data. Data fusion is also important 

to apply for understanding different radiometric resolution using different satellite platforms. For 

instance, literatures related to these modeling techniques are important to consider for generating 

high spatial resolution models. However, before getting towards the modeling and data analysis 

methods, it is important to understand how remotely sensed data can help facilitating local 

warming study to achieve the knowledge gaps already discussed in this paper. It is thus emergent 
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to know about types and characteristics of remotely sensed data that may help researchers to 

develop local warming models considering resolution and budget.  

2.5.1 Remotely sensed data at a glance 
 

Satellites have several unique characteristics which make them particularly useful for remote 

sensing of the Earthôs surface. Some satellite data are used for atmospheric studies and research, 

some are for communication purposes. Other satellite data are available to conduct navigation 

systems, weather forecasting, search and rescue purpose, and reconnaissance survey for mining 

and exploration. Whatever the reason comes, satellites are providing a wide range of imageries 

that can be useful for local warming research. In this study, different satellites are being considered 

to understand their spatial, spectral, temporal, and radiometric resolution. However, only the 

thermal bands satellite sensors can be able to capture surface temperature data. While reviewing 

the characteristics of sensors, it is found that MODIS, Landsat, and NOAA data are available for 

free of cost (to use the data for free from NASA) to use for local warming modeling. For this paper, 

it has been understood that 8-day composite MODIS surface temperature data with 1 km spatial 

resolution is one of the best choices to pursue local warming analysis. An important issue of 

selecting the MODIS-based product can have the opportunity to enhance the spatial and temporal 

resolution of outcomes in compare to other satellite data sources available right now. However, 

Landsat satellite data provide 30 meter resolution but it has 16 days temporal resolution which 

may not be helpful for understanding local warming and temperature changes. Because, within 16 

days, local surface temperature may have changed drastically, at any geographic location. On the 

other hand, National Oceanic and Atmospheric Administration (NOAA) satellite has a wide range 

of historical data since 1970s, but the pre-processing steps are rather complex and not suitable to 

conduct in short span of time [45]. In this paper, it is recommending that climate normal 1961-
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1990 can be considered as one of the benchmarks of predicting local environmental and 

temperature change as IPCC has also developed models based on this climate normal data set [7, 

46] to understand changes across the globe. Other climate normal data (if available considering 

local, national, and international sources) (i.e., 1971 ï 2000; 1981 ï 2010) can be compared with 

the base one (1961 ï 1990) depending on climatic and remotely sensed data availability. 

2.5.2 MODIS (Moderate-Resolution Imaging Spectroradiometer) data and characteristics 
 

MODIS is considered as one of the most widely used remote sensors in determining various 

environmental hazards around the world including the surface temperature on earth surface. The 

MODIS ProtoFlight Model (PFM) was launched on-board the Terra spacecraft on December 18, 

1999 in a near sun-synchronous polar orbit [47]. MODIS instrument is aboard with Terra and Aqua 

satellites. Terra satellite orbits the earth in descending mode (i.e., north to south) and acquires data 

about 10:30 am local time; and Aqua acquires data around 1:30 pm local time in an ascending 

mode (i.e., south to north). MODIS platforms are near polar, sun synchronous, and traverse in 

circular orbit of 705 km above the earth surface with a swath of 2330 km (cross track) by 10 km 

(along track). The MODIS satellite enables us to understand the global dynamics and processes 

occurring on the earth surface (i.e., land and ocean), and lower atmosphere [42].   

Among the other multispectral remote sensors (e.g., NOAA-AVHRR, LANDSAT, etc.), MODIS 

is used extensively due to its various advantages over other remotely sensed platforms/sensors.  

The MODIS standard products are preferable by the scientists due to the following reasons: 

(i) MODIS data products are available at high temporal resolution (i.e., daily-scale in 

most parts of the world); 
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(ii)  MODIS instrument provides high radiometric sensitivity (12 bit) in 36 spectral bands 

ranging a spectrum of 0.4 µm to 14.4 µm. Whereas, AVHRR (10 bit) has 6 spectral 

bands that covers red (i.e., centered at 0.63 µm), NIR (i.e., centered at 0.87 µm), 

Thermal Infrared bands (i.e., centered at 3.74, 10.8, 12 µm); and LANDSAT (8 bit) 

has 7 spectral bands in the range of 0.5 µm to 12.5 µm with coverage of visible, NIR, 

SWIR, and long wave for surface temperature; 

(iii)  MODIS data provides higher spatial resolution in various spectral bands that ranges 

from 250ï1000 m. On the other hand, the AVHRR images have 1.1 km spatial 

resolution at nadir and 5 km off-nadir. However, LANDSAT data are most preferable 

as it has higher spatial resolution (i.e., 30 m). However, MODIS would more preferable 

in the event of monitoring the earth at higher temporal resolution (i.e., 1-2 days); and 

(iv) MODIS provides reflectance data which are geo-referenced, radiometrically 

calibrated, and atmospherically corrected. Similar remotely sensed data from other 

platforms require such pre-processing to be performed by the individual users.   

Thus, in this paper, it is important to know that use of various MODIS-based data products to 

model surface and air temperature relationship can be a worthy tool. An area of 1 sq. km spatial 

resolution will be important to understand local warming trend based on the surface temperature 

data supplied by MODIS.   

2.5.3 Gap filling algorithms 
 

During the daytime, MODIS sensor acquires images of the earthôs surface between 10.30 am ï 

12.00 pm local solar times (MODIS Terra satellite). However, some days may have been 

experiencing cloud on top of the atmosphere which do not help the satellite to capture continuous 

data from earth surface (i.e., surface temperature). In this regard, the cloud contaminated pixels 
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need to be eliminated from the remotely sensed data for further analysis. As surface temperature 

sometime changes abruptly, a missing day data may have brought less accuracy while plotting the 

models. To eliminate such gap pixels this paper recommends adopting an algorithm already 

developed by Hassan and Rahman [48] so that the temperature data in the images can be consistent 

in nature. The study considers the seasonal temperature pattern derived as a reasonable 

representation of surface temperature data for missing values in cloud-contaminated pixels.  

Mathematically, it is expressed as: 

ὃ
В

      ---------------------------------------- [2.1] 

 ὄ Ὕ ὲ  ὃ --------------------------------------------- [2.2] 

where, Ts(i) represents the study area average Ts for each 46 8-day composites of Ts in a specific 

year [applied to each single pixel] (with i= 1éé..n), Ts(i) represents the time series of image-

based Ts for a specific year over a cloud-contaminated pixel taking into account only Ts values 

from cloud-free 8-day composite, n is the total number of 8-day composites (n=46), m is the total 

number of cloud-free 8-day composites, A is the average temporal deviation of Ts from Ts(i) for 

a specific cloud-contaminated pixel, and Bn is  the estimated Ts for the cloud-contaminated pixel. 

2.6 Gaps in contemporary research works 

 

Some of the limitations and gaps have been found from the literature studied so far in the area of 

global warming (including local warming trends) and climate change issues. This particular paper 

takes the opportunity to improve those gaps by considering quantitative and qualitative methods 

and opens windows to conduct research in relevant areas. Some important gaps are identified as: 

(i) Reliability of climatic data; 



35 
 

(ii)   Methods of conversion of air and surface temperature data; 

(iii)  Landuse regulations; 

(iv)  Data availability; and 

(v)  Knowledge and applicability of remote sensing data in local warming modeling research. 

2.7 Concluding remarks 

 

Local warming is an important issue for experiencing the climate change impacts at local 

government level in municipalities across developed and developing countries. This paper 

highlights the literature review of relevant research works in local warming and application of 

remote sensing and identifies several knowledge gaps of contemporary research methods and 

outcomes in the areas of: i) extracting information from local weather stations (i.e., air temperature 

data), ii) increasing the spatial and temporal resolution of data analysis, iii) using remote sensing 

methods to understand local warming trends and validating data based on scientific evidences (i.e., 

1 km x 1 km spatial resolution), iv) transforming data from surface to air temperature, and v) 

expanding the ideas how to use the model outcomes for the betterment of the society. After 

considering the knowledge and research gaps reviewed in this paper, future scope of research and 

studies are being incorporated. The paper also summarizes contemporary models of local warming 

trend analysis and brings options that can be chosen scientifically for future works depending on 

geographical location, data availability, and based on expertise. 
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Abstract 

 

Understanding the warming trends at local level is critical; and, the development of relevant 

adaptation and mitigation policies at those levels are quite challenging. Here, our overall goal was 

to generate local warming trend map at 1 km spatial resolution by using: (i) Moderate Resolution 

Imaging Spectroradiometer (MODIS)-based 8-day composite surface temperature data; (ii) 

weather station-based yearly average air temperature data; and (iii) air temperature normal (i.e., 

30 year average) data over the Canadian province of Alberta during the period 1961-2010. Thus, 

we analysed the station-based air temperature data in generating relationships between air 

temperature normal and yearly average air temperature in order to facilitate the selection of year-

specific MODIS-based surface temperature data. These MODIS data in conjunction with weather 

station-based air temperature normal data were then used to model local warming trends. We 

observed that almost 88% areas of the province experienced warming trends (i.e., up to 1.5 oC). 

The study concluded that remote sensing technology could be useful for delineating generic trends 

associated with local warming.  

 

Keywords: MODIS, surface temperature, air temperature normal, modelling, climate change.  

 

3.1 Introduction  

 

Climatic regimes are one of the most critical factors in defining the habitat for all living organisms 

including human beings. In fact, the changes in the climatic conditions have been impacting us 

most likely since the inception of the earth system. However, the anthropogenic activities (that 

include industrialization, changes in land use/land cover, and increase of agriculture/food 

production) have been influencing such climatic changes to a greater extent over the recent several 
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decades (since 1970ôs) in particular through the release of excessive amount of greenhouse gases 

into the atmosphere [1].  One of the major components of the recent climate change is manifested 

in the warming (i.e., increment in temperature) trends at global to regional to local-levels. Both 

the global and regional warming trends are relatively well characterized in comparison to the local 

warming trends. Some example cases include: 

¶ Climate Research Unit at University of East Anglia and Hadley Centre of UK have 

developed a land air temperature anomaly database known as CRUTEM4 for analysing 

global and hemisphere-specific anomalies [2-3]. In this case, they employed approximately 

5500 point-specific station measurements of air temperature data across the globe; which 

was also transformed into a gridded dataset with a 5 o x 5 o spatial resolution. This database 

has been added with sea surface historical temperature regimes primarily acquired by ships, 

drifting, and tethered buoys in order to generate a comprehensive global database with a 5 

o x 5 o spatial resolution (i.e., known as HadCRUT4) [4]. Intergovernmental Panel on 

Climate Change (IPCC) has also used these datasets for depicting the global warming 

trends since 1850 [5]. It would be worthwhile to note that the generation of spatial extent 

(i.e., gridded datasets) was based on the unweighted averaging of the available 

station/location-specific temperature anomalies.  

¶ Fritzsche [6] analysed warming trends at eleven climatic regions in Canada as a whole 

using 330 station-specific temperature data over the period of 1948-2009; the data was 

interpolated as the stations were unevenly distributed across the country.  

¶ Menne et al. [7] studied warming trends over the conterminous United States over the 

period 1980-2008 by using 1218 stations (which were divided into two categories: good 

and poor exposure sites). The station-specific data were used to calculate anomalies relative 
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to the 1971-2000 station average-values. These anomalies were then interpolated in 

generating a gridded dataset with a 0.25 o x 0.25 o spatial resolution.  

¶ Vanderbei [8] conducted a local warming study by using temperature readings from a 

single undisturbed location at McGuire Air Force Base, around 50 miles far from New 

York over the period 1955-2010. They developed a least-absolute-deviations (LAD) 

regression model that robustly extracted a small linear trend from larger seasonal variation. 

In this study, these local warming trends were compared against the global one, where, 

around 9000 weather stationsô data were used. 

¶ Mahlstein et al. [9] also conducted a research on emerging local warming signals through 

point-based data collected at a weather station. They found that the changes did not follow 

the global trend computed in 5 o x 5 o grid in the scope of CRUTEMv4 [2] in some specific 

locations due to having temperature anomalies at local level.  

 

Understanding the warming trends at both global and regional levels are critical; however, the 

development of relevant adaptation and mitigation policies at those levels are quite challenging. 

This is due to the fact that: (i) the spatial distribution of required weather stationsô data are usually 

uneven; and (ii) building consensus among stakeholders is often difficult. On the other hand, at 

local level, such policy developments are relatively straightforward, as it requires limited number 

of weather stationsô data and demands small number of stakeholdersô involvement. Thus, it is 

critical for us to study local warming in order to comprehend the scientific issues, which will play 

a significant role in developing and implementing both adaptation and mitigation strategies.  

 



46 
 

In general, the local warming trends are calculated by using long-term air temperature regimes 

measured at point-based weather station sites. If both quality and quantity of these required air 

temperature data are sufficient, then the calculated trends are very accurate. However, there are 

several issues, such as weather stations are: (i) usually installed in the populated areas thus often 

lack spatial distribution; (ii) having deficiency in maintaining international standards (i.e., World 

Meteorological Organization guidelines); (iii) having high installation and maintenance costs in 

particular to the remote areas; and (iv) having lack of continuity in data acquisition and its quality; 

etc. In order to overcome these issues, one of the most utilized methods is the use of geographic 

information system (GIS)-based interpolation techniques (e.g., kriging, inverse distance weighing, 

spline, etc.)  [10-13]. These approaches frequently produce different output maps even using the 

same input datasets [14]. Fortunately, using spatially continuous dataset acquired by satellite-based 

remote sensing platforms can eliminate the limitation of these interpolation techniques.  

 

Since 1970ôs, remote sensing satellites have been operational and acquiring data in the form 

images. However, its utilization is found to be quite limited in analysing global and regional 

warming trends [15]. For example, Microwave Sounding Units (MSU) and Advanced Microwave 

Sounding Units (AMSU) on NOAA satellite data have been analysed during the past several 

decades (i.e., 1979-2010) in comprehending warming trends over: (i) near global (i.e., ~75 oS to 

75 oN) [16-17]; (ii) tropics (i.e., ~20 oS to 20 oN) [17-18]; (iii) northern extratropics (i.e., ~20 oN 

to 82.5 oN) [17]; and (iv) southern extratropics (i.e., (i.e., ~82.5 oS to 20 oS) [17]. Despite the 

importance of these studies, the MSU/AMSU-derived data has limited use in local warming trend 

analysis because of their coarse spatial resolution (i.e., 2.5 o x 2.5 o). An alternate may be the 

employment of thermal remote sensing data that has relatively high spatial resolution in the range 
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~100-1000 m. These are, in fact, highly used in understanding urban climate (also known as urban 

heat island) [19-20] rather than local warming trend analysis. Thus, our overall goal was to explore 

whether it would be possible to comprehend local warming trends over the Canadian province of 

Alberta over the period 1961-2010 using Moderate Resolution Imaging Spectroradiometer 

(MODIS)-based surface temperature data at 1 km spatial resolution. Note that contemporary 

research works also demonstrated are suggesting that the methods of converting air temperature 

into surface temperature models are providing an average 85% accuracy [22, 25-26, 28, 32]. In 

order to achieve this, our specific objectives included the: (i) selection of the MODIS-based surface 

temperature data available over the 2000-2010 that was harmonized with two different air 

temperature normal regimes (defined as 30 year averages) over the periods 1961-1990 and 1981-

2010 acquired at approximately 100 ground-based weather stations (see Fig. 3.1a & 3.1b for their 

locations); (ii) development of methods for transforming MODIS-based surface temperature data 

into air temperature normal at 1 km spatial resolution and its validation; (iii) comprehension of 

spatial extent of local changes based on the modelled air temperature normal between 1961-1990 

and 1981-2010; and (iv) comparison of local warming trends in relation to the regional and global 

ones. 
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Figure 3.1 Extent of the study area. Black and whites dots (in panels a & b) represented weather 

stations used for model calibration and validation respectively.  The selected stations were 
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based on available ground-based air temperature normal data during 1961-1990 (panel a), 

and 1981-2010 (panel b). In both panels a & b, the background image representing generic 

land cover types that was derived from annual composite of MODIS at 500 m spatial 

resolution. Also the square boxes indicated major 5 city centres within the study area. In 

addition, panel c showed spatial extent of 21 natural sub-regions within the study area. 

 

3.2 Materials and methods 

 

Here, our study area Alberta (i.e. one of the provinces of Canada), is situated between 49-60 oN 

latitude and 110-120 oW longitude (see Fig. 3.1). It exhibits two dominant land cover types, i.e., 

forest (75.64%) and grass/crops (21.83%). It has a variable topography in the range 162-3,592 m 

above the mean sea level and having a general increasing trend from north-east to south-west 

direction. Climatically, the study area experiences relatively cold (i.e., yearly average air 

temperature varies in the range -3.6 to 1.1 oC) and dry (i.e., annual average precipitation varies in 

the range 377-535 mm) conditions [21]. The study area is partitioned into 21 natural sub-regions 

on the basis of climatic conditions, soil types, topography, and vegetation types [21]; and shown 

in Fig. 3.1c. In this study, we used weather/climatic data acquired at point locations available from 

Environment Canada. These included: (i) yearly average air temperature during the period 2000 

to 2010 at the major 5 city centres that comprised of Edmonton, Red Deer, Calgary, Medicine Hat, 

and Lethbridge (see Fig. 1a & 1b for locations); and (ii) air temperature normal during the period 

1961-1990 at 76 weather stations (see Fig. 3.1a for locations) and 1981-2010 at 129 stations (see 

Fig. 3.1b for locations). In addition, we also acquired MODIS-based 8-day composite surface 

temperature images at 1 km spatial resolution (i.e., MOD11A2 v.005) during the period 2001-2010 

available from National Aeronautics and Space Administration (NASA).  
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Figure 3.2 illustrates the methods employed in this study in form of a schematic diagram, which 

was used to generate local warming trends. The methods consisted of three major components: (i) 

analysing the station-based air temperature data in generating relationships between air 

temperature normal and yearly average air temperature to aid the selection of year-specific 

MODIS-based surface temperature data, (ii) pre-processing of MODIS data and implementing gap 

filling algorithm, and (iii) modeling of air temperature normals during the periods 1961-1990 and 

1981-2010, and generating local warming trends. Brief descriptions of these three steps are 

summarized in the following sub-sections.  

 

Figure 3.2 Schematic diagram of the methods employed in this study 
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3.2.1 Analysis of air temperature data and selecting year-specific MODIS-based surface 

temperature images 

 

In case of analysing air temperature data, we compared the yearly average air temperature for each 

year over the period 2001-2010 with the air temperature normal during the 1961-1990 and 1981-

2010 periods acquired at the 5 major cities (see Fig. 3.1 for location information). Such 

comparisons were accomplished by generating co-efficient of determination (r2; Eq. 3.1), root 

mean square error (RMSE; Eq. 3.2), and linear regression analysis. Upon identifying the best-

correlated years in relation to the air temperature normal periods, we considered those year-

specific MODIS-based surface temperature images best representing the air temperature normal 

over the period of interest.  

r2 =
В  Ȣ  Ȣ

В  Ȣ  Ȣ

2
 В

2

2

                                 [3.1]  

RMSE = 
В [ -  Ȣ]

2

n
                                           [3.2] 

where, Ta-yearly avg. and Ta-normal are the yearly average air temperature and air temperature normal; 

Ὕ
 Ȣ

, Ὕ  are the average values of the yearly average air temperature and air 

temperature normal; and n is the number of observations.  

 

3.2.2 Pre-processing of MODIS data and implementing gap-filling algorithm  
 

Upon selecting year-specific MODIS-based surface temperature images representing the air 

temperature normal during the period 1961-1990 and 1981-2010, we found that four panels of data 

(i.e., four individual images to represent the whole area) were required in order to capture the entire 
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study area. Thus, we prepared mosaic panels and sub-set to the extent of study area. After this part, 

we generated two datasets each consisting of 46 layers of 8-day composite images. Then, we 

evaluated the quality of each pixels using quality control information in order to determine the 

null/gap pixels, which were most likely occurred due to atmospheric conditions like cloud and 

aerosol loading in particular. In order to eliminate such null pixels, we adopted an algorithm 

developed by Hassan et al. [22] (see Eqs. 3.3 and 3.4 for details) so that the surface temperature 

data in the images could be consistent as a missing data (i.e., gap pixel) might affect the yearly 

average temperature to a great extent. The algorithm is expressed as follows: 

ὃ
В

            [3.3] 

ὄ Ὕ ὲ  ὃ      [3.4] 

where, Ts(i) is the instantaneous 8-day composite of surface temperature regimes at a pixel of 

interest where good quality (i.e., non-impacted by the atmospheric conditions) surface temperature 

values (with i= 1,2,éé..n); ὝίὭ is the study area specific average surface temperature upon 

considering only the good quality pixels for every 8-day period; n (=46) is the total number of 8-

day composites, m is the total number of good quality 8-day composites, A is the average temporal 

deviation of surface temperature from ὝίὭ over a specific null pixel; and Bn is  the estimated 

surface temperature over the null pixel. Note that we adopted this algorithm as it demonstrated 

reasonably strong relevance and proven good fit (i.e., r2 in the range 0.83-0.88) in other studies 

[22, 25].  

 

3.2.3 Modeling air temperature normal and generating local warming trends 
 

After two preceding sub-sections, we calculated yearly average surface temperature for each pixel 

of interest at 1 km spatial resolution. As a next step, we extracted these yearly average surface 
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temperature values at the selected stations where the ground-based air temperature normal data 

during the periods 1961-1990 and 1981-2010 were available. In fact, some recent studies 

transformed such MODIS-derived 8-day composite of surface temperature data into equivalent air 

temperature regimes at 1 km spatial resolution [22, 26-28, 32]. We, then, divided these data pairs 

(i.e., yearly average surface temperature vs. air temperature normal) into two sets. The first set 

consisted of 50% of random data points (known as calibration dataset) that were used to establish 

relationships between the variables of interest. The derived relationship was applied over the 

remaining 50% of the yearly average surface temperature data points and then we compared the 

outcomes against the validation data, i.e., consisting of the unused 50% of the air temperature 

normal data points. In case such comparisons; we used statistical analysis (i.e., r2 and RMSE; see 

Eqs. 3.1 and 3.2) to determine the degree of similarities between the modelled and actual air 

temperature normal values. Upon evaluation, we used the relationships generated in the process of 

calibration in order to generate the modeled air temperature maps during the periods 1961-1990 

and 1981-2010. Then, we generated a differential map between the air temperature normal maps 

from the periods 1961-1990 and 1981-2010; and subsequently used to understand local warming 

trends. Based on secondary sources of information (i.e., World Meteorological Organization; 

research papers from published documents), our outcomes (i.e., local warming trends) were 

compared with global [23] and regional model-derived [6, 24] warming trends to quantify their 

relationships.  

 

As mentioned in the last paragraph, we used 50% ground data for calibration and 50% data for 

validation. However, we evaluated multiple partitioning of the entire ground-based data, such as 

20-80% data for calibration and the remaining for validation in order to find out the optimal 
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combination using the Geospatial Modeling Environment (GEM) [37]. The GEM employed a 

bivariate uniform random distribution using features space, raster space, or extent in order to define 

whether a given data-point would fall within a particular rectangular boundary of interest. We, 

then, evaluated the spatial distribution for all the different partitioning schemas. In this case, we 

found that the division of 50% was the only one that had revealed the best representation where at 

least one data point was present for each of the 21 eco-regions across the study area. Finally, we 

swapped the calibration and validation datasets; and evaluated their performances in 

comprehending the strength of the data sampling/partitioning strategies.  

 

3.3. Results and discussion 

 

3.3.1 Analysis of yearly average air temperature and MODIS-based surface temperature data  
 

Figures 3.3 and 3.4 show relationships between yearly average air temperature for each of the 

years over 2001-2010 and air temperature normals during the periods 1961-1990 and 1981-2010 

at the five major city centres. Results driven from these relationships illustrated the fact that yearly 

average air temperature of the year 2008 and 2004 would fit the best with air temperature normals 

1916-1990 (i.e., the r2, RMSE, slope, and intercept were 0.94, 0.51 oC, 1, and 0.34 oC respectively; 

see Fig. 3) and 1981-2010 (i.e., the r2, RMSE, slope, and intercept were 0.98, 0.25 oC, 0.96, and 1 

oC respectively; see Fig. 3.4) respectively. Thus, the years 2004 and 2008 were considered for 

extracting MODIS-based surface temperature data. However, important question remained in here 

regarding the choice of 2004 and 2008 yearly average air temperature data to be similar with 1961-

1990 and 1981-2010 air temperature normals. Indeed, we considered five weather stations in 

Alberta which were point-based locations near the airports. The locations (i.e., latitude and 

longitude) of those weather stations were assumed to be unchanged over time. In addition, over 
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the 30 yearsô time period, the surrounding landscapes of weather stationsô did not experience 

significant changes, as it would not possible to expand settlements and urban facilities at close 

proximity to the airports. As a result, air temperature normal 1961-1990 and 1981-2010 matched 

with yearly average air temperature of 2008 and 2004 respectively. It is important to note that 

around 65% of population of the province of Alberta are living in 5 major city centers (shown in 

Fig. 3.8). As a result, we have considered these five major cities to imitate yearly average 

temperature changes with air temperature normals. 
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Figure 3.3 Relationship between yearly average air temperature and air temperature normal 

1961-1990; where the solid black line represents 1:1 and black dotted lines represent 

regression lines. Also, ópô values exhibit strong significance level (p < 0.0001). 
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Figure 3.4 Relationship between yearly average air temperature and air temperature normal 

1981-2010; where the solid black line represents 1:1 and black dotted lines represent 

regression lines. Also, ópô values exhibit strong significance level (p < 0.0001). 
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3.3.2 Converting MODIS-based surface temperature into air temperature normal 
 

We analysed 46 layers of MODIS surface temperature data (8-days composite images of the whole 

year) for each of the years of 2004 and 2005; and found that there were having null pixels (known 

as gap ones) accounting for around 8% in 2004 and around 5% in 2008. To substitute these null/gap 

pixels, we implemented gap filling algorithm described in section 3.2, Eqs. 3.3 and 3.4 and didnôt 

evaluate its performance as it was a merely adoption of the algorithm from other works [22, 25, 

26].  

 

Figure 3.5 illustrates the relationships between MODIS-based yearly average surface temperature 

(i.e., from 2008 and 2004) and air temperature normal (i.e., 2008 vs. 1961-1990 and 2004 vs. 1981-

2010).  We found that reasonably strong similar relationships were endured (i.e., r2 values were 

0.76 and 0.78, for 2008 vs. 1961-1990 and 2004 vs. 1981-2010) between the MODIS-based yearly 

average surface temperature and air temperature normals. Upon obtaining the relations (i.e., linear 

regression equations) in Figure 3.5, we applied them in generating modeled air temperature normal 

and then compared against the observed ones (see Figure 3.6).  In these cases, we also observed 

strong similar relations (i.e., r2, and RMSE were in the range 0.78-0.80, and 0.63-0.75 oK) were 

existed between the modeled and observed air temperature normals. As mentioned in the 

methodology (section 3.2.3) that we exchanged the calibration datasets in to validation one and 

vice-versa; and found indistinguishable results, such as (i) r2 values were 0.76 and 0.78, for 2008 

vs. 1961-1990 and 2004 vs. 1981-2010 in the scope of calibration; and (ii)   r2, and RMSE were in 

the range 0.76-0.80, and 0.63-0.67 oK in case of validation. Finally, it would be interesting to note 

that our findings were, in fact, similar to other studies [27, 28]; where, the MODIS-based surface 

temperature regimes were transformed into equivalent air temperature. However, according to our 
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knowledge, conversion of MODIS-based surface temperature into air temperature normal was not 

attempted in other studies.  

 

Figure 3.5 Establishing relationship between MODIS-based yearly average surface temperature 

(i.e., from 2008 and 2004) and air temperature normals (i.e., 1961-1990 and 1981-2010) 

[panel: (i) 2008 vs. 1961-1990, and (ii) 2004 vs. 1981-2010] 

 

Figure 3.6 Validating of MODIS-derived modeled air temperature normal with ground-based 

(weather stations) air temperature normals [panel: (i) 1961-1990, and (ii) 1981-2010] 
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Despite having reasonably strong relations between the modeled and observed air temperature 

normals, there were about 20% of discrepancies as evident in in Fig. 3.5 and 3.6. Such 

discrepancies might exist due to the fact that the air temperature values were acquired at point 

locations with a footprint of several square meters but the MODIS-based surface temperature 

values represented averages over 1 x 1 km2 area [22]. Also, MODIS-based surface temperature 

data were acquired between 10.30 AM to 12.00 PM and air temperature normal data was generated 

by averaging 24 hour measurements over 30 year time period.  

 

3.3.3 Spatial extent of local warming and its comparison with global and regional inclination 
 

Figure 3.7 shows the spatial dynamics of local warming trends over the period 1961-2010; which 

was derived upon subtracting the two MODIS-derived modeled air temperature normal maps. Our 

analysis revealed that the local warming trends were observed in most of the areas of the 

province/study area (i.e., about 88.39%); and generic spatial patterns were summarized as follows: 

¶ About 68% of the areas experienced local warming trends (i.e., from 0.25 oC to greater 

than 1.0 oC; see yellow, orange, deep orange, and red color in Fig. 3.7 for details). Also, 

about 28% of the areas encountered almost no changes (i.e., in the range -0.25 oC to +0.25 

oC; as shown in yellowish green and green color in Fig. 3.7). It would be interesting to note 

that about 5% areas underwent higher than 1 oC warming. On the contrary, an insignificant 

percentage (i.e., 2.91% in comparison to the remaining 97% of the area) depicted in blue 

color in Fig. 3.7 demonstrated minor cooling trends (i.e., less then - 0.25 oC); which we 

considered as the outliers. These were most likely happened as some of the areas in 

particular to the north-east portion of the study area (i.e., polygon III in Fig. 3.7) didnôt 

have enough number of weather stations with long-term data records.  
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¶ We observed warming trends (i.e., in the range 0.75 oC to more than 1.0 oC) in major cities, 

such as Lethbridge, Medicine Hat, Calgary, Red Deer, Grand Prairie, and Fort McMurray. 

However, Edmonton, one of the other major cities experienced relatively moderate 

warming regimes (i.e., ~ 0.25 oC). The relatively high warming trends might be associated 

with the rapid urbanization in the major city centers to accommodate more people and due 

to expansion of urban infrastructure and road networks [29]. 

¶ In Rocky Mountain areas (including Banff National Park, polygon I in Fig. 3.7), it was 

discerned that warming trends were significantly higher (i.e., 0.75 oC to more than 1.0 oC). 

This might happen due to rapid expansion of infrastructure networks to accelerate tourism 

industries, and because of the environmental changes due to growing number of visitation 

of tourists every year [30]. 

¶ In the North West part of the study area (i.e., polygon II in Fig. 3.7) warming trends were 

also found to be incremental (i.e., more than 0.75 oC). It might happen due to change of 

landscape composition over the time period and expansion of human activities. 

¶ In the South West part (i.e., polygon IV in Fig. 3.7), warming trends were observed 

significantly high (i.e., more than 0.75 oC). This area had been characterized as western 

prairie and had been experiencing the cumulative effects of drought, agriculture-based 

industrialization and catchment modification [31] that might have resulted such locally felt 

warming trends. 
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Figure 3.7 Spatial extent of local warming trends during the period 1961-2010 derived from 

MODIS-based modeled air temperature normal data. 

In addition to qualitative analysis of local warming trends as discussed above, we also conducted 

a quantitative evaluation of local warming trends over the natural regions and sub-regions within 

the study area (see Table 3.1 for details, and Fig. 3.1c for spatial extent of natural sub-regions). It 

was evident that the average local warming trends over the natural sub-regions were in the range 

-1 (i.e., over Kazan Upland; part of polygon III in Fig. 3.7) to +0.93 oC (i.e., over Alpine) with a 
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standard deviation between ± 0.25 oC to ± 0.48 oC (see Table 3.1). In order to verify the cooling 

trends over Kazan Upland sub-region, we strongly felt the need of more ground-based weather 

station data. Thus, we would recommend others to use this particular cooling trends with extreme 

caution.  

Table 3.1 Warming (change in long-term air temperature) trends over the natural regions and 

sub-regions of Alberta 

Natural 

Regions 

Natural Sub-

regions 

Average temperature 

changes (warming trends) oC 

Standard 

deviation ± (oC) 

Rocky 

Mountain 

Alpine 0.93 0.42 

Subalpine 0.70 0.39 

Montane 0.50 0.35 

Foothills Upper Foothills 0.61 0.26 

Lower Foothills 0.48 0.25 

Grassland Dry Mixedgrass 0.49 0.37 

Mixedgrass 0.58 0.39 

Northern Fescue 0.54 0.43 

Foothills Fescue 0.54 0.48 

Parkland Foothills Parkland 0.51 0.39 

Central Parkland 0.42 0.38 

Peace River Parkland 0.22 0.29 

Boreal Forest Dry Mixedwood 0.40 0.30 

Central Mixedwood 0.32 0.32 

Lower Boreal Highlands 0.44 0.30 

Upper Boreal Highlands 0.35 0.31 

Athabasca Plain 0.02 0.37 

Peace-Athabasca Delta 0.13 0.33 

Northern Mixedwood 0.39 0.39 

Boreal Subarctic 0.27 0.33 

Canada Sheild Kazan Upland -1.00 0.30 

 

In fact, we were unable to compare our findings at natural sub-regional levels due to lack of similar 

studies. Thus, we also calculated the warming trends over the entire study area, i.e., 0.42 (±0.37) 

oC during the period 1961-2010; and evaluated against both the global and regional warming 

trends. For instance: (i) the global warming (that included both land and sea surface temperature) 

was found to be 0.28 oC during the period 1961-2010 [23]; (ii) Canada as a whole had gained an 
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average warming of 1.4 oC during the period 1948-2009 [6]; (iii) southern Canada (i.e., up to 60 

oN latitude) had encountered an average warming between 0.5 to 1.5 oC during the period 1900-

1998 [24] and (iv) our study area as part of Canadian Prairie provinces had experienced an average 

regional warming between 0.9 to 1.7 oC [6]. While comparing these incremental trends of global 

and regional warming, we found that the local warming trends derived from MODIS data at 1 km 

spatial resolution did not follow the same pattern; which, in fact, emphasised on the requirements 

of more detailed studies about local warming. 

 

Despite demonstrating fairly strong relationships between station-based temperature data and 

MODIS derived surface temperature data to draw local warming maps, it would be note-worthy to 

mention the following two issues, such as: 

¶ Seasonal variation of temperature: In this research, we used MODIS-derived 8-days 

composite of surface temperature mostly acquired under clear sky condition. However, 

temperature varied at different scales at diurnal, seasonal, regional, and annual levels. Our 

intention was to impersonate the RS data (i.e., 8-days MODIS composite data) and station-

based climate data. For instance, temperature variations at different scale (i.e., seasonal 

variation) was not considered as the air temperature normal which mainly considered 30 

yearsô time period. It would be worthwhile to mention that some of the recent research had 

used 8-days composite of MODIS-derived surface temperature data to imitate 30 years 

temperature normal by using solely temperature driven variable (e.g., growing degree days: 

a favorable temperature regime for plant growth) to convert surface temperature into air 

temperature [25-26, 32-33]. As a result, we had incorporated the similar ways of extracting 

remotely sensed data to compare with air temperature normal. 
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¶ Influence of Landuse on temperature regimes: Human activity and landuse practices are 

cumulatively a major driver of global environmental (i.e., climate) change. Population 

growth, urban landuse change, and the urban heat island potentials (includes temperature 

change at local scale) have concurrent relationships for temperature change [34]. 

Approximately 83% of Albertans live in urban areas, while the remaining 17% live in rural 

areas [35]. Calgary and Edmonton (two major urban centers in Alberta) regions, along with 

the corridor that connects the two metropolitan centers, have received the majority of this 

urbanized population, making it the most urbanized area in the Province. The third-fastest 

growing region in the Province is in the North, named as the Regional Municipality of 

Wood Buffalo (this region includes the city of Fort McMurray: the heart of oil sand 

development) [35]. In fact, Fig. 3.8 shows the above-mentioned rapid growth of urban 

population in these three major urban centers since 1961. The demands for development 

pressures to accommodate this growth includes housing, industrial land, water and waste 

water infrastructure, roads, recreational, and social community provisions are immense. As 

a result, temperature increases significantly especially in three major urbanized areas (i.e., 

Calgary, Edmonton, and Fort McMurray; see Fig. 3.7 for details) because of fast-paced 

landuse change to accommodate rapid development and extension of urban land. Though 

it is beyond scope of this present study to incorporate land-use component as a matter of 

temperature change; however, it implies that future research opportunities exist in order to 

provide higher resolution long-term warming maps over the major urban centers.  
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Figure 3.8 Population growth in Alberta and three fast-paced urbanized cities since 1951 until 

2011 [36] 

 

3.4 Concluding remarks 

 

In the scope of this study, we developed a unique model based on remotely sensed MODIS and 

weather station-based data to evaluate local warming trends in Alberta at 1 km spatial resolution. 

The proposed methods were consisted of three major steps, such as: (i) developed a relationships 

of yearly average air temperature and air temperature normal data set to specify MODIS-based 

surface temperature data; (ii) converted MODIS-based surface temperature data to air temperature 

normal (i.e., including calibration and validation), and (iii) comprehended spatial extent of local 

warming based on the modelled air temperature normal between 1961-1990 and 1981-2010. It was 

found in the study that the average warming trend of Alberta during two climate normals 
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underwent an escalation of 0.42 oC. However, some areas experienced relatively cooling trends 

which were sparsely distributed. It would be important to note that the methodology we came 

across would be useful and applicable to understand local warming trends in other areas if the 

station based weather data (i.e., yearly average air temperature, and air temperature normal) might 

available. The study outcome brought a strong message to researchers, professionals, and decision 

makers that the temperature would be increasing globally but it would not be changing at a similar 

pattern locally. At the same time, some of the locally affected regions should be taken special care 

so that the distinct species, forests, and sensitive ecosystems could still survive at the face of local 

warming trend. Moreover, local governments could now have opportunities to understand more 

about their own jurisdiction area and the probable warming trend so that they could act quickly to 

negate potential future risks posed by local warming. Important scope of this study would 

recommend further extension of the study area to other territories and countries, and to take the 

challenge of increasing spatial resolution so that the local warming trend could be better 

understood in compare to global one. However, we would recommend that the method should be 

evaluated thoroughly prior to apply in other parts of the world.  
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Abstract 

Pan-sharpening is the process of fusing higher spatial resolution panchromatic (PAN) with lower 

spatial resolution multispectral (MS) imagery to create higher spatial resolution MS images. Here, our 

overall objective was to pan-sharpen Landsat-8 images and calculate vegetation greenness [i.e., 

normalized difference vegetation index (NDVI)], canopy structure [i.e., enhanced vegetation index 

(EVI)], and canopy water content [i.e., normalized difference water index (NDWI)]-related variables. 

Our proposed methods consisted of: (i) evaluating the relationships between PAN band (0.503-0.676 

µm) with a spatial resolution of 15 m and individual MS bands of Landsat-8 from blue (i.e., acquiring 

in the range 0.452-0.512 µm), green (i.e., 0.533-0.590 µm), red (i.e., 0.636-0.673 µm), near infrared 

(NIR: 0.851-0.879 µm), shortwave infrared-I (SWIR-I: 1.566-1.651 µm), and SWIR-II (2.107-2.294 

µm) with a spatial resolution of 30 m; (ii) determining the suitable individual MS bands to be enhanced 

into the spatial resolution of the PAN band; and (iii) calculating several vegetation greenness and 

canopy moisture indices (i.e., NDVI, EVI, NDWI-I, and NDWI-II) at 15 m spatial resolution and its 

validation using their equivalent-values at a spatial resolution of 30 m. Our analysis revealed that strong 

linear relationships existed between the PAN and most of the MS individual bands of interest except 

NIR. For example: r2 values were 0.86-0.89 for blue band; 0.89-0.95 for green band; 0.84-0.96 for red 

band; 0.71-0.79 for SWIR-I band; and 0.71-0.83 for SWIR-II band. As a result, we performed 

smoothing filter-based intensity modulation method of pan-sharpening to enhance the spatial 

resolution of 30 m to 15 m. In calculating the vegetation indices, we used the enhanced MS images 

and resampled the NIR to 15 m. Finally, we evaluated these indices with their equivalents at 30 m 

spatial resolution; and observed strong relationships (i.e., r2 values in the range 0.98-0.99 for NDVI, 

0.95-0.98 for EVI, 0.98-1.00 for NDWI).  

Keywords: Data fusion; Panchromatic; Multispectral; Imageries; Spatial resolution. 
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4.1. Introduction 

 

Pan-sharpening is one of the branches of data fusion that is receiving an increasing attention in the 

remote sensing community recently. It aims at fusing images acquired over multiple spectral bands 

with relatively low spatial resolution and a panchromatic (PAN) image with relatively high spatial 

resolution, featuring the result of the processing with the spectral resolution of the former and the 

spatial resolution of the later [1ï2]. Thus, the procedures refer to the fusion of a PAN and 

multispectral (MS) images simultaneously acquired over the same area. Information captured with 

different spatial and spectral resolution from air-borne, space-borne, and remotely installed camera 

systems can be fused by panchromatic band and can enhance into higher spatial resolution by 

following the pan-sharpening technique. The PAN band is a single spectral band that expands 

usually at least two or more visible and/or near infrared (NIR) bands. As a result, PAN band 

provides the opportunity to enhance spatial resolution of MS bands by using the pan-sharpening 

techniques. This is advantageous in a way that systems can be designed with lower bandwidth and 

storage requirements [3].  Also, MS bands with lower spatial resolution can allow for increased 

spectral resolution in the event of an appropriate PAN band when designing future imaging 

systems. General characteristics of pan-sharpening technique implies the improvement of spatial 

resolution of multispectral bands using spatial information extracted from PAN band of higher 

spatial resolution. Pan-sharpening method is commonly used for the cause of visualization 

allowing the small details to be observed on multispectral images [4]. The application is highly 

regarded to understand more details of built-up areas [5], land surface temperature [6], land cover 

classification [7], large-area settlement patterns [8], wetland and forest classification [9], crop 

suitability assessment at higher resolution [10ï11], ecological indicators [12], ice mapping [13], 

and vegetation indices [14ï15]. As a result, it becomes more significant for the researchers to have 
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higher resolution imageries to calculate several vegetation indices as high resolution PAN images 

becomes available since February 2013 [16]. 

 

In contemporary literature, most of the pan-sharpening techniques are followed a general protocol, 

such as: (i) extraction of high-frequency spatial information from the PAN image; and (ii) injection 

of such spatial details into the resampled MS bands by exploiting different models [17]. Among 

the many popular pan-sharpening techniques, some of the important techniques are also identified 

in several literature [18 - 30]. Those include: 

Å Intensity, Hue, Saturation (IHS) method which is described as the conversion of color image 

from RGB (Red, Green, Blue) space into the IHS color space ([18 ï19]). Because, the 

intensity band resembles a PAN image in the fusion, a reverse IHS transform is then 

performed on the PAN together with the hue and saturation bands, resulted in an IHS fused 

image. When the PAN band is not highly correlated with the low spatial resolution bands, 

then the radiometric distortion of the color composite is quite obvious [20]. Typical 

algorithm of this method is to use the high-resolution PAN image to replace the intensity 

component and obtains the fused image by applying an inverse IHS transform [21]. 

Å The Principal Component Analysis (PCA) transform converts inter correlated MS bands into 

a new set of uncorrelated components [22ï24]. The first component also resembles a Pan 

image. It is, therefore, replaced by a high spatial resolution Pan for the fusion. The Pan image 

is fused into the low spatial resolution MS bands by performing a reverse PCA transform. 

Å The Brovey Transform (BT), Synthetic Variable Ratio (SVR), and Ratio Enhancement (RE) 

techniques are also used with a mathematical combination of the color image and high 

resolution data [25]. The procedures of the Brovey Transform first multiplies each MS band 
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by high resolution PAN band, and then divides each product by the sum of the MS bands. 

The SVR and RE techniques are similar, but involve more sophisticated calculations for the 

MS sum for better fusion quality. Usually, the Brovey transform, SVR, and RE have been 

developed to visually increase contrast in the low and high ends of an imagesô histogram. In 

general, BT is a combination of arithmetic operations and it needs to normalize the spectral 

bands before they are multiplied with the PAN band [26 ï27]. 

Å In wavelet fusion, a high spatial resolution Pan image is first decomposed into a set of low 

resolution Pan images with corresponding wavelet coefficients (spatial details) for each level 

[11][28]. Individual bands for the MS image then replace the low spatial resolution Pan at 

the resolution level of the original MS image. The high resolution spatial detail is injected 

into each MS band by performing a reverse wavelet transform on each MS band together 

with the corresponding wavelet coefficient. 

Å In UNB pan sharp, the algorithm utilises the least squares technique to find the best fit 

between the grey values of the PAN band and the MS bands to adjust the contribution of 

individual bands to the fusion result [29]. It usually employs a set of statistical approaches 

to estimate the grey value relationship between all the input bands to eliminate the problem 

of data dependency. 

Å The Smoothing Filter-based Intensity Modulation (SFIM) fusion algorithm points out that 

by using a ratio between a higher resolution image and its low-pass filtered (with a smoothing 

filter) image, spatial details can be modulated to a co-registered lower resolution MS image 

without altering its spectral properties and contrasts [28]. 

Å Other methods are also incorporated in literature with special emphasis on local mean and 

variance matching (LMVM); least square fusion methods, local mean matching fusion 
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method, and Gram-Schimdt fusion method. All of these techniques have been used to 

increase spatial and spectral resolution of MS bands using PAN band [30][18]. 

 

Even though several pan sharpening techniques have been employed and reported in the literature, 

some common limitations have been identified. Those include: (i) quality color distortion in the 

fused images [22]; (ii) skills and knowledge of the persons employed in doing the fusion [31]; (iii) 

quality results are rarely obtained [18]; (iv) building the relationships of individual MS bands with 

the PAN image [32]. Note that most of the platforms acquire PAN images in the spectrum ranging 

between 0.50-0.90 µm (that spans over visible and NIR bands). Some of the well-known satellites 

include: SPOT 1/2/3 HRV, SPOT 5 HRG, IRS 1C, IRS 1D, Landsat 7 ETM+, IKONOS, 

QuickBird, and OrbView, among others. However, the new member of Landsat series, i.e., 

Landsat-8 OLI (capturing the details of the earth surface since February 2013) has a PAN band 

operational over 0.503-0.676 µm. As it differs from the other PAN bands in terms of wavelength 

and/or spectral resolution, then it is critical and challenging to evaluate how this band of interest 

can be utilized in enhancing the spatial resolution of NIR spectral band in particular.  

 

Here, the overall objective of this study was to pan-sharpening of Landsat-8 images and calculating 

vegetation greenness [i.e., normalized difference vegetation index (NDVI)], canopy structure [i.e., 

enhanced vegetation index (EVI)], and canopy water content [i.e., normalized difference water 

index (NDWI)]-related variables. In fact, we attempted to fulfill these in three consecutive steps. 

Firstly, we evaluated relationships between PAN band (0.503 ï 0.676 µm) with a spatial resolution 

of 15 m and individual MS bands of Landsat-8 from blue (i.e., acquiring in the range 0.452 ï 0.512 

µm), green (i.e., 0.533 ï 0.590 µm), red (i.e., 0.636 ï 0.673 µm), NIR (i.e., 0.851 ï 0.879 µm), 
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shortwave infrared-I (SWIR-I: 1.566 ï 1.651 µm), and SWIR-II (2.107 ï 2.294 µm) with a spatial 

resolution of 30 m. Secondly, we used the obtained relationships in first step to determine the 

suitable individual MS bands to be enhanced into the spatial resolution of the PAN band. Finally, 

we calculated several vegetation greenness and canopy moisture indices (i.e., NDVI, EVI, NDWI-

I, and NDWI-II) at 15 m spatial resolution and its validation using their equivalent-values at a 

spatial resolution of 30 m. Note that researchers performed pan-sharpening in order to enhance the 

spatial resolution of both red and NIR spectral bands; and subsequently to calculate NDVI-values 

[10-11]. In fact, the major issue was not having an appropriate level of evaluation of the suitability 

of the NIR spectral band to be PAN sharpened, which was one of the considerations in the scope 

of this paper (i.e., first step as mentioned earlier). 

 

4.2 Study area and data requirements 

 

Here, we consider the southern part of the province of Alberta, Canada as our study area. The area 

exhibits a major city Calgary, some smaller cities (i.e., Cochrane, Airdrie, and Chestermere), and 

small townships within the single image captured through Landsat-8 OLI satellite. The area is 

located between 50o to 52o North and 113o to 115o West and covering approximately 37,772 sq. 

km. (Fig. 4.1). The area is mostly covered with built up areas, agricultural land, forests, and water 

bodies. The major North ï South corridor (Edmonton and Calgary corridor) is passing through this 

area with a major highway along with small townships. Climatically, the study area experiences 

relatively cold (i.e., yearly average air temperature varies in the range of -3.6 to 1.1 oC) and dry 

(i.e., annual average precipitation varies between the range of 377 ï 535 mm) conditions [33-34]. 
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Figure 4.1 Depiction of the study area using a Landsat-8 OLI image acquired on 11 August 2014 

[panel (b)] in Western Canadian context [panel (a)].  The Landsat image is a true color 

composite consisting of the spectral bands of blue, green, and red at 30 m spatial resolution. 

Note that the dark green color in panel (b) represents vegetation covers, light green color 

represents agricultural land, and black color represents water bodies. In addition, grey color 

represents built up areas and other land areas except vegetation and agriculture. 

 

In this study, we used Landsat-8 OLI images captured on different dates since July 2013 as the 

Landsat-8 had been acquiring images since March 2013. The Landsat-8 OLI platform provided 

images in MS bands (that include blue, green, red, NIR, SWIR wavelengths) at 30 m spatial 

resolution, PAN band at 15 m, and Thermal Infrared Sensor (TIRS) band at 100 m. The data 

characteristics of this satellite images included: (i) Geo TIFF data format, i.e., a public domain 

metadata standard that allowed geo-referencing information to be embedded within a TIFF file); 

(ii) Cubic convolution resampling; (iii) Universal Transverse Mercator (UTM) map projection 
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system; and (iv) World Geodetic System (WGS) 84 datum. Note that, WGS 84 is an Earth-

centered, Earth-fixed terrestrial reference system and geodetic datum which is based on a 

consistent set of constants and model parameters that describes the Earthôs size, shape, and gravity 

and geomagnetic fields. We collected these data on the basis of little (less than 1%) to no cloud 

contaminations for further considerations and analysis. We literally finalized with the data to be 

analyzed for the following days: 24 August 2013, 10 July 2014, 11 August 2014, and 27 June 

2015.   

 

4.3. Methods 

 

Figure 4.2 illustrates the employed methods in this study in the form of a schematic diagram. The 

methods consisted of three major parts: (i) collecting the Landsat-8 OLI data and comparing the 

relationships among MS and PAN bands, (ii) determining the individual MS bands to be enhanced 

by the help of PAN band, and (iii) generating NDVI, NDWI, and EVI at 15 m spatial resolution. 

These are briefly described in the following sub-sections. 
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Figure 4.2 Schematic diagram of the methods illustrating pan-sharpening process and its use in 

calculating vegetation greenness and canopy moisture indices 

 

4.3.1 Collection of Landsat-8 OLI data and evaluation of the relationships among MS and PAN 

bands 

 

We obtained the Landsat-8 OLI images from United States Geological Survey (USGS) and its 

collaboration organization National Aeronautics and Space Administration (NASA) website on 

some specific days (as mentioned in the study area and data requirements section). Once the data 

was available, we re-projected the images into UTM zone 12 projection with datum NAD83. Then, 

we stored these images and converted them into Geo-TIFF format for further analysis.  
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Once we pre-processed the acquired images as described above, we started to assess the 

relationships between PAN and each of the individual MS bands using linear regress analysis. As 

a result, we obtained fitness between the variables of interest by means of calculating coefficient 

of determination (i.e., r2) using the following expression:  

r2 =
В

В
2
 В 2

2

                                                  (4.1) 

where, i represents the specific MS band of interest; MS and  ὓὛ represent instantaneous and 

average surface reflectance values respectively for the specific band of interest; and PAN and  

ὖὃὔ represents instantaneous and average digital number (DN)-values respectively for the PAN 

band. It would be interesting to note that we found strong relationships existed between PAN and 

almost all of the MS bands except the NIR band (see details for ñResults and Discussionò section).  

 

4.3.2 Data fusion (pan-sharpening) 
 

After determining the relationships among several MS bands and PAN band as described in the 

previous sub-section, we took the decision to pan-sharpen the MS bands of blue, green, red, SWIR-

I, and SWIR-II bands. In order to execute the pan-sharpening process, we performed the following 

two steps as described in [35] and implemented in [23]. Firstly, we generated a synthetic image 

known as ñSynthetic Panò image (SynPAN) as a function of averaging of the PAN image over a 

moving kernel of n x n size (i.e., 3 x 3 in this study). Here, we opted to consider 3 x 3 moving 

window in order to retain the local variabilities of the reflectance regimes. Secondly, we employed 

the SynPAN image in conjunction with PAN and specific MS bands (MSi) in order to generate 
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pan-sharpened MS band of interest (i.e., Fusedi). Mathematically, we summarized both of the steps 

as follows:   

Ὓώὲ ͽ   В ὖὃὔͽρυ ά                                                  (4.2) 

 

 

ὊόίὩὨ ͽ   
ͽ  

 ͽ  
ὓzὛͽ                                                    (4.3) 

 

 

where, i represents the specific MS band of interest. 

 

4.3.3 Generation of vegetation and canopy moisture contents and its validation 
 

Upon pan-sharpened the MS bands, we calculated a set of vegetation indices (i.e., NDVI and EVI) 

and canopy moisture content-related indices (i.e., NDWI) at 15 m spatial resolution using the 

following expressions: 

ὔὈὠὍ                                                          (4.4) 

 

ὉὠὍὋᶻ
ᶻ ᶻ

                                    (4.5) 

 

ὔὈὡὍ                                                     (4.6) 

 

where,  r represents surface reflectance for the specific MS band of interest. In these calculations, 

we resampled the NIR band from 30 m to 15 m in order to match with other pan-sharpened MS 

bands. In the event of NDWI, we calculated twice as the considered SWIR bands were consisting 

of two different spectral resolution (i.e., central wavelengths (centred at 1.64 µm and 2.20 µm).  

In addition, we also calculated the NDVI, EVI, and NDWI at 30 m spatial resolution; which were 

then used to validate their equivalent-values produced at 15 m. In the process of validations, we 
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applied linear regression analysis (that provided slope and intercept); and calculated r2 and root 

mean square error (RMSE)-values using the following expressions: 

r2 =
В

В
2
 В

2

2

                                                 (4.7) 

RMSE = 
В [ - ]

2

n
                                                                (4.8) 

where, x represents the specific indices; A and  ὃӶ represent instantaneous and average indices-

specific values respectively at 30 m spatial resolution; and B and  ὄ represent instantaneous and 

average indices-specific values respectively at 15 m spatial resolution. 

 

4.4 Results and discussion 

 

4.4.1 Comparing and determining relationships among PAN and MS bands  
 

Figures 4.3, 4.4, 4.5, 4.6, and 4.7 show the relationship between blue, green, red, SWIR-I, and 

SWIR-II (30 m spatial resolution) and PAN band (15 m spatial resolution) that has been captured 

by Landsat-8 OLI satellite. We plotted the data for four different days which could be seen inside 

the figures. It revealed all of the MS bands (except NIR) had strong relationships with the PAN 

band. For example, the r2 values were found to be in the range: (i) 0.86-0.89 for blue band for 

approximately 93% of the data points; (ii) 0.89-0.95 for green band for approximately 93% data 

points; (iii) 0.84-0.96 for red band for approximately 94% data points; (iv) 0.71-0.79 for SWIR-I 

band for approximately 80% data points; (v) 0.71-0.83 for SWIR-II band for approximately 74% 

data points.   
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It would be interesting to note that the relationships between PAN and MS bands of blue, green, 

and red were expected to be highly correlated. This would be due to the fact that the wavelengths 

of the PAN band (0.50-0.68 µm) overlapped with the visible bands such as: blue (0.45-0.51 µm), 

green (0.53-0.59 µm), and red (0.64-0.67 µm). Also, similar results had been reported in the 

literature. For example, when compared, researchers found that PAN and MS visible bands (i.e., 

blue, green, and red) of Landsat-8 OLI had strong correlation with r2 value ranging from 0.90 to 

0.98 [36,37]. However, NIR band did not reveal significant relationship with the PAN band. 

Among the four images acquired on different dates, NIR band exhibited relatively weaker 

relationship (i.e., r2 value approximately 0.53). This would be expected as the spectral resolution 

of the NIR band (0.85 ï 0.88 µm) had no overlap with the PAN band (0.50-0.68 µm). Literature 

also suggested that weaker relationships would exist between PAN and NIR bands of Landsat-8 

OLI satellite imageries [1-2]. In addition, SWIR-I (1.57 ï 1.65 µm), and SWIR-II (2.11 ï 2.29 µm) 

bands did not have any overlap with PAN bandsô spectral resolution, but had strong relationships 

in terms of r2 values (i.e., approximately 0.70 to 0.90) (see Figures 4.6, and 4.7). Note that similar 

results were appeared in relevant literature that SWIR bands had strong relationships with visible 

and PAN bands [37 ï38]. As a result, it was not surprizing to see the outcomes once we found 

strong relationships among PAN and SWIR bands (i.e., SWIR-I and SWIR-II) in particular. 
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Figure 4.3 Relationships between surface reflectance of blue band and PAN band. The black 

dots are the data points considered for analysis while the grey dots are not used for linear 

regression analysis. The small dotted line represents the linear regression line. 
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Figure 4.4 Relationships between surface reflectance of green band and PAN band. The black 

dots are the data points considered for analysis while the grey dots are not used for linear 

regression analysis. The small dotted line represents the linear regression line. 
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Figure 4.5 Relationships between surface reflectance of red band and PAN band. The black dots 

are the data points considered for analysis while the grey dots are not used for linear 

regression analysis. The small dotted line represents the linear regression line. 
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Figure 4.6 Relationships between surface reflectance of SWIR-I band and PAN band. The black 

dots are the data points considered for analysis while the grey dots are not used for linear 

regression analysis. The small dotted line represents the linear regression line. 
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Figure 4.7 Relationships between surface reflectance of SWIR-II band and PAN band. The 

black dots are the data points considered for analysis while the grey dots are not used for linear 

regression analysis. The small dotted line represents the linear regression line. 

 

4.4.2 Generation of vegetation and canopy moisture contents and its validation 

  

As we obtained significant relationships among MS and PAN bands, we decided to enhance the 

30 m spatial resolution of MS bands to 15 m spatial resolution upon pan-sharpening (as outlined 

in section 4.3). Once we enhanced the required MS bands with pan-sharpening procedures, we 

then calculated different vegetation indices (i.e., NDVI, EVI, and NDWI). For NDWI calculation, 

we performed the computation twice as, NDWI was depending on SWIR-I and SWIR-II bands. 

Consequently, SWIR-I band was centered at 1.64 µm and SWIR-II band was centered at 2.20 µm 
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(spectral resolution). For instance, our output results for NDWI were plotted twice. Figures 4.8, 

4.9, 4.10, and 4.11 show the results of computed NDVI, EVI, and NDWI indices. Relationships of 

validation were calculated by measuring the r2, intercepts, slopes, and RMSE values, which were 

in the range: (i) 0.98-0.99, 0.01, 0.99, and 0.01 respectively for NDVI; (ii) 0.90-0.95, 0.01-0.02, 

0.95-0.97, and 0.02-0.03 respectively for EVI; (iii) 0.95-0.98, 0.00-0.01, 0.98-0.99, and 0.01-0.02 

respectively for NDWI centered at 1.64 µm; and (iv) 0.98-1.00, 0.00, 0.99-1.00, and 0.00-0.02 

respectively for NDWI centered at 2.20 µm. Note that we were unable to compare our results with 

other studies as similar validation schemas were so far not found in the literature. 

 

 

Figure 4.8 Relationships between NDVI derived at 15 m and 30 m spatial resolution 
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Figure 4.9 Relationships between EVI derived at 15 m and 30 m spatial resolution 

 

Figure 4.10 Relationships between NDWI@1.64 µm derived at 15 m and 30 m spatial resolution 
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Figure 4.11 Relationships between NDWI@2.20 µm derived at 15 m and 30 m spatial resolution 

 

It would be worthwhile to mention that earlier studies, in fact, emphasized on calculating NDVI-

values at 15 m spatial resolution using pan-sharpening techniques (e.g., [2, 25]). In Johnson [25], 

the author argued that the employment of the pan-sharpening algorithm adopted in this study as 

described in section 4.3.2 would void the effect of pan-sharpening goal. This would be the case as 

the formula of NDVI calculation would remove the pan-sharpening component [i.e., Eq. (4.2)], 

which was common for each of the considered variables. However, as we resampled the NIR band 

at 15 m, thus such limitation would not prevail in this study. Additionally, in Gilbertson et al. [11], 

they applied pan-sharpening algorithm such as synthetic variable ration (SVR) method [1, 11]. 

However, it was unclear whether they evaluated relationships between PAN and NIR bands of 
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Landsat-8 OLI images, which was in fact the prerequisite of such actions. In this context, we 

evaluated such relationships and did not find significant correlations. As a result, such pan-

sharpening algorithm might not be applicable in case of Landsat-8 OLI. 

 

Finally, as the formula of all the considered indices, i.e., NDVI, EVI, and NDWI in this study (see 

section 4.3.2 for details) had a common variable like NIR band, thus we resampled the NIR band 

instead of pan-sharpened this particular spectral band of interest. Consequently, its application to 

calculate these above-mentioned indices at 15 m and their validation in compare to equivalent 30 

m resolution had provided solid basis of adopting the proposed ways of pan-sharpening. 

 

4.4.3 Contributions and scopes 
 

In the scope of this study, we studied the pan-sharpening techniques and its applicability to 

calculate several vegetation indices (i.e., EVI, NDVI, and SWIR). According to the best of our 

knowledge, several unique contributions and outcomes were spotted in this paper, such as: 

(i) Within our knowledge from the contemporary literature, comparison and/or correlation 

analysis between a pan-sharpened NDVI, EVI, and NDWI products (@15 m spatial 

resolution) with their original spatial resolution (@30 m spatial resolution) have not been 

reported elsewhere; 

(ii)  In fact, Hassan et al. (2007) [35] and Hassan and Bourque (2010) [23] described a data 

fusion algorithm to enhance the spatial resolution of an ecological/ biophysical variable 

(i.e., growing degree days ï defined as the favourable temperature regime for plant growth) 

using vegetation canopy structure related variables (i.e., enhanced vegetation index). 
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However, we opted to implement this algorithm in the scope of pan-sharpening of Landsat-

8 OLI data; which would be considered as a new area of application. 

(iii) We know that Landsat-8 OLI is a relatively newly launched satellite platform (operating 

since February, 2013) [16]. The PAN band of this particular satellite differs from other 

ones. For example, the spectral resolution of its PAN band spans between 0.503-0.676 µm 

and clearly no overlapping with the blue, green, red, and NIR spectral bands. Note that 

other platforms on the other hand, are having overlapping spectral bands between PAN, 

visible, and NIR. As a result, we assume that the PAN band of the Landsat-8 shouldnôt 

have correlation with the NIR band; which we have reported in this study. 

(iv) Additionally, other studies [25] [11] [41] applied pan-sharpening over Landsat-8 data in 

order to derive NDVI-values alone. In these mentioned studies, we understood that they 

also pan-sharpened the NIR band, which might not be applicable to enhance vegetation 

indices as the relationship between the PAN and NIR band could not be significant. We 

thus mentioned in this study that NIR band would not bring any better result if used in 

further enhancement of vegetation indices.  

(v) We also calculated EVI and NDWI which indicated health and water stress of the 

vegetation using Landsat-8 OLI data. Moreover, EVI would not saturate at the pick of the 

growing season over densely vegetated region. 

 

Besides these, the novelty of this present paper stresses that several vegetation indices can be 

calculated (i.e., NDVI, EVI, NDWI) and outcome results can be validated using the values 

obtained from non-enhanced indices. However, the study notices some limitations such as; (i) 

wider-relationships of vegetation indices were not being considered in different geographical 
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locations with different climate regimes, and (ii) cloud pixels could be existed and the 

contaminated cells could be eliminated by adopting several algorithms.  

 

4.5 Concluding remarks 

 

In this study, we proposed a simple protocol to generate NDVI, EVI, and NDWI at an enhanced 

spatial resolution of 15 m. In this case, we adopted a pan-sharpening method widely known as 

smoothing filter-based intensity modulation; and enhanced the MS bands those were required to 

compute the above-mentioned indices of interest. Our results demonstrated that strong 

relationships resembled among each individual MS (blue, green, red, and SWIRs) and PAN bands 

while comparing r2 values (i.e., the values were ranged from 0.71 to 0.96) for the Landsat-8 OLI 

images. However, NIR band exhibited weaker relationship which was not a surprizing outcome as 

its wavelength was beyond the respective band width of the PAN band. Consequently, we 

generated the NDVI, EVI, and NDWI using enhanced spatial resolution of MS bands to 15 m, and 

resampled NIR band to 15 m. Then, we evaluated these indices with compare to the indices 

computed at 30 m spatial resolution for validation purposes. The results of these mentioned 

vegetation canopy moisture and greenness indices (i.e., NDVI, EVI, and NDWI) were then 

compared with the values of r2, slope, intercept, and RMSE. We found strong relationships of these 

values and argued that this method would help the pan-sharpening research community to obtain 

higher resolution Landsat-8 MS images for better results. Consequently, we suggest that before 

starting the pan-sharpening techniques, it is essential to calculate individual relationships of each 

MS band of interest with PAN band and then decide which specific band to be pan-sharpened.  In 

addition, we believe that the use of the proposed technique will enhance the spectral and spatial 

resolution of Landsat-8 OLI MS bands which can be used for different environmental applications, 
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such as land use change, vegetation indices calculation, application in the field of agricultural 

research, etc. 
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Abstract 

Climate change is evident at global, regional, and local level. However, understanding the 

dynamics of local warming trend at high spatial resolution remains challenging. To address this 

issue, our overall goal was to generate local warming trend map during the period 1961-2010 at 

15m spatial resolution over southern portion in the Canadian province of Alberta. Our proposed 

methods consisted of three distinct steps. Those included the: (i) construction of high spatial 

resolution enhanced vegetation indices (EVI) and normalized difference vegetation indices 

(NDVI) maps; (ii) conversion of air temperature normals at higher spatial resolution using 

vegetation indices (VI); and (iii) generation of local warming map at 15m spatial resolution. In 

order to execute this study, we employed MODIS-driven air temperature data, EVI and NDVI 

data, and Landsat-driven vegetation indices. The study uncovered that around 96% (up to positive 

1oC) areas in the considered study region were experiencing increased temperature; whereas, only 

about 4% areas underwent a cooling trend (around negative 0.25 oC). We concluded that remote 

sensing technology could be useful to enhance spatial resolution of local warming maps which 

would be useful for decision makers in considering efficient decision in the face of climate change. 

Keywords: air temperature normal; enhanced vegetation index; Landsat-8; landscape dynamics; 

MODIS; normalized difference vegetation index.  

 

5.1 Introduction  

 

The magnitude, rate, and pattern of global, regional, and local warming is evident in the face of 

climate change, which have been well documented in several research articles [1][2][3][4].  The 

global average temperature of the Earth has increased, but year-to-year variability in local climates 
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impede the identification of clear change in observations and human experience [5]. With an 

increasing number of local governments and community organizations getting involved in climate 

adaptation policies and planning, empirical evidences are critical to foresee temperature changes 

at local scale for recognizing future issues related to natural hazards (i.e., drought, flood, forest 

fires) and natural resources management (i.e., agricultural productions, water resources, forests) 

due to climate change. One of the critical components of such climatic change is being considered 

as increment of temperature at different scales. In fact, temperature changes at local level are 

important but lack scientific evidence due to little known information in compare to global and 

regional scale. Evidences suggest that global and regional warming trends are characterized in the 

contemporary literature at several spatial resolutions such as 500 km [1], 5 km [4], and 1 km [6]. 

However, this information has little implication at comparatively smaller counties, municipalities, 

communities, and local government organizations across the world. 

 

In comprehending the dynamics of local warming regimes, one of the most commonly used 

methods is the employment of meteorological station-based air temperature measurements, which 

is usually measured at the level of 1.2-2 m height above the ground surface [7]. In general, such 

measurements are quite accurate; however, due to the fact that they are point-specific, thus unable 

to capture the spatial distribution in particular to remote areas with very limited accessibility and 

heterogeneous portion of the landscape. In this context, one of the alternatives is the use of satellite-

based remote sensing data, which often acquire information about the Earth surface at regular time 

interval over large geographic extent. Consequently, the use of remote sensing data may provide 

unique opportunity for studying local warming at reasonable spatial resolution. However, 

employing satellite-based remote sensing data for longer time period somewhat difficult to obtain, 
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and an expected reasonable spatial resolution may not be provided to represent smaller 

communities. 

 

In very recent time, Rahaman et al. [6] have demonstrated that satellite remote sensing-based local 

warming modelling framework is possible at a spatial resolution of 1 km using MODIS-derived 

satellite imageries. However, this methodological advancement can be useful for making decisions 

related to warming trends at larger scales (i.e., 1 sq. km area) in bigger cities and may not be 

representative for local government organizations in small urban centers.  In reality, a series of 

issues (i.e., sprawling, inappropriate landuse, water stress, etc.) are being considered because of 

rapid urbanization and development to respond to major challenges of climate change in relatively 

smaller counties, townships, and urban centers [8]. For instance, it is decisive to enhance spatial 

resolution of local warming maps that would help urban planners, researchers, communities, and 

decision-makers to perceive the environmental stresses at local level. In generating such local 

warming maps, there are two commonly used methods available, as such; generating maps based 

on data obtained from climatic stations [5][9], and producing information derived from satellite-

borne remotely sensed imageries [6].  

 

In addition, satellite-born remote sensing data are widely used in scientific research in the recent 

decades for aiming at delineating urban heat island (UHI) maps [10][11][12][13], which are similar 

to understand local warming dynamics. Almost all of these scientific methods are saliently 

featuring the use of several remotely sensed platforms (i.e., Landsat, MODIS, etc.) at a spatial 

resolution spanning over 30 to 1000 meters with a temporal resolution between 1 to 16 days.  The 

scientific approaches in these research are mainly attempting to build a relationship between 
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surface temperature (Ts) and vegetation indices (VI) over the urban areas to demonstrate UHI at 

local level [14][15]. In such cases, the emphasis is on detecting the changes of vegetation greenness 

and comparing the associated deviations of Ts simultaneously. Among several vegetation indices, 

Normalized Difference Vegetation Index (NDVI: calculated as a function of red and near infrared 

spectral bands), and Enhanced Vegetation Index (EVI: a function of red, near infrared, and blue 

bands) are generally used to depict UHI while comparing the values with Ts [16][17]. In general, 

the higher NDVI/EVI values demonstrate lower Ts due to the fact that presence of vegetation 

regulates the Ts while comparing the surrounding built up areas [18][10]. However, this 

relationship does not comply with the general assumption in a large mega city (i.e., Mumbai) 

because of absence of tree covers [15]. Additionally, the VI (NDVI and EVI) are widely used to 

classify land cover types depending on the relationships with Ts to delineate built-up areas, bare 

land, vegetation, water bodies, and semi-bare land [19][20]. Some researchers apply the NDVI and 

EVI values to understand impervious surfaces in the urban areas [21], separating anthropogenic 

heat discharge and natural heat radiation from sensible heat flux [22], and cool island intensity 

[23]. Though NDVI and EVI are widely considered to generate UHI, some researchers also employ 

Normalized Difference Water Index (NDWI: a function of near infrared and shortwave infrared 

bands) [24], Normalized Difference Bareness Index (NDBI: a function of shortwave infrared and 

near infrared bands) [13], Normalized Difference Built-up  Index (NDBaI: a function of shortwave 

infrared and thermal infrared bands) [19], and Soil Adjusted Vegetation Index (SAVI: a function 

of near infrared and red bands) [25][26]. However, generated UHI maps represent relatively 

smaller areas with often shorter time span.   
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In order to address all these issues of preparing local warming maps for longer periods, our overall 

objective of this research was to develop a comprehensive methodological framework to enhance 

the spatial resolution of an existing local warming map from 1 km to 15 m that would be useful 

for urban/micro-level planning and decision-making. To convey this study, our specific objectives 

were: (i) construction of high resolution EVI and NDVI maps at 15 m spatial resolution; (ii) 

conversion of air temperature normal maps at 1 km resolution available from an earlier study [6] 

using the VI obtained from the first objective; and (iii) generating local warming map at 15 m 

spatial resolution for an efficient decision support tool at local government level in the face of 

climate change. Note that we attempted to enhance the spatial resolution of air temperature normal 

maps from 1 km to 15 m using the VI as temperature and VI would be ecologically linked [27].   

 

5.2 Study area and data requirements 

 

5.2.1 General description of the study area 
 

In this study, we consider the southern part of the province of Alberta, Canada, as our study area. 

The area consists of a major city Calgary, some smaller cities and townships (i.e., Cochrane, 

Airdrie, and Chestermere), and some rural areas within the single image captured through the 

Landsat-8 OLI satellite. The area covers approximately 37,772 km2 and comprises with built up 

areas, agricultural land, forests, and water bodies (see Fig. 5.1 for details). Climatically, this area 

encounters cold, i.e., annual average temperature in the range of -3.6 to 1.1 oC; and dry, i.e., annual 

average precipitation varies between 377 ï 535 mm conditions [28]. 

 



110 
 

 

Figure 5.1 Representing the study area by use of a Landsat-8 OLI satellite acquired on 11 

August 2014 (panel b) in context of western Canada (panel a). The image is a true color 

composite one consisting of the spectral bands of blue, green, and red at 30 m spatial resolution; 

which are passed through the same color-plane of a computer display. Note that red, yellow, and 

grey boundaries are representing city, small townships, and built-up environments, respectively 

in panel b. 

 

5.2.2 Data requirements and pre-processing 
 

In this study, we employed several datasets, such as: (i) MODIS-based air temperature normal 

maps during 1961-1990 and 1981-2010 time period at 1 km spatial resolution; (ii) Landsat-derived 

NDVI images at 15 m spatial resolution; and (iii) MODIS-derived 16-days composite of vegetation 

indices that included EVI, and NDVI at 250 m spatial resolution during the year 2004 and 2008. 

Brief descriptions of these datasets are found in the following sub-sections. 
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5.2.2.1 MODIS-based air temperature normal data (i.e., 1 x 1 km2) 

In our earlier study [6], we developed methods to delineate air temperature normal at 1 km spatial 

resolution, which was available for this study. In this process, there were three distinct steps. 

Firstly, we compared annual average air temperature over the period of 2001- 2010 with the air 

temperature normals during the periods 1961-1990, and 1981-2010 for the five major urban centers 

in Alberta (i.e., Edmonton, Red Deer, Calgary, Lethbridge, and Medicine Hat). Such comparisons 

were accomplished by generating co-efficient of determination (r2 values), root mean square error 

(RMSE), and linear regression analysis. Secondly, we finalized the specific year that demonstrated 

higher r2 and lower RMSE values to acquire MODIS-based satellite images. In this case, we 

observed strong correlation between annual average air temperature of 2004 with air temperature 

normal of 1981-2010 (r2=0.98, and RMSE=0.25), and 2008 with 1961-1990 (r2=0.94, and 

RMSE=0.51) [6]. Once the MODIS-derived satellite data were acquired, we pre-processed the 8-

days composite images; evaluated the quality of the pixels using quality control information; and 

subsequently eliminated the null pixels by adopting an algorithm described in Hassan et al., 2007 

[29]. Upon completion of these stages, finally we transformed the MODIS-derived surface 

temperature into air temperature normal. Then we validated the data based on information acquired 

from climatic stations distributed spatially within the province of Alberta; and found a reasonable 

agreement (i.e., r2 å 0.80; and RMSE å 0.63) between them. 

 

5.2.2.2 Landsat-8 OLI-derived NDVI data at 15 m spatial resolution 

We obtained Landsat-derived NDVI image at 15 m spatial resolution, which was developed in one 

of our earlier studies [28]. The methods of processing these data consisted of two major steps: (i) 

collecting the Landsat-8 OLI data and comparing the relationships between Multi-spectral (MS) 
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(red and NIR spectral bands at 30 m) and Panchromatic (PAN) ones at 15 m; and consequently, 

determining their suitability to enhance the spatial resolution of the MS bands; and (ii) generating 

the NDVI at 15 m spatial resolution. We observed significant relationships between the red and 

PAN bands (i.e., in the range 0.84-0.96 for approximately 95% of the pixels); while weaker 

relationships between NIR and PAN bands. It was due to the fact that these bands didnôt have 

overlapping wavelengths [28].  As a result, we resampled the 30 m NIR band into 15 m, and used 

them in conjunction with the pan-sharpened red band to generate the NDVI at 15 m spatial 

resolution. It would be worthwhile to mention that comparisons between the NDVI generated at 

15 m and 30 m (using the original spatial resolution of Landsat images) revealed strong 

relationships with a r2 of ~0.98 and RMSE ~ 0.01.  

 

In preparing the data for this study, we obtained the Landsat-8 OLI images from United States 

Geological Survey (USGS) for specific days in the summer months with minimum cloud 

contaminations. We found that the image captured on August 24 in 2013 was under relatively 

clear-sky conditions and considered to be used for generating the NDVI surface at 15 m spatial 

resolution.  

 

5.2.2.3 MODIS-based 16-days composite NDVI and EVI data at 250 m for 2004 and 2008 

We obtained the MODIS-based 16-days composite NDVI and EVI data (i.e., MOD13Q1 version 

006) at 250 m spatial resolution from NASA for the year 2004 and 2008. Upon downloading the 

data, we prepared mosaic panels and subset to the extent of the study area. Also, we re-projected 

the images into UTM zone 12 projection system by using the datum NAD83. Then, we stored 

these images and converted them into Geo-TIFF format for further analysis as input files in this 
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particular research project. We calculated the annual average NDVI (ὔὈὠὍώ) and EVI (ὉὠὍώ) from 

16-days composite of 26 images (n = 26) that spanned over the entire year of interest (y = 2004 

and 2008) using the following expressions: 

╝╓╥╘◐ В ╝╓╥╘Ⱦ▪▪
░                      (5.1) 

 

╔╥╘◐ В ╔╥╘Ⱦ▪▪
░                         (5.2) 

 

5.3 Methods 

 

Figure 5.2 illustrates the schematic diagram of generating high spatial resolution local warming 

map at 15 m during 1961-2010. The methods consisted of three main components: (i) exploring 

the relationships between air temperature and vegetation indices; (ii) generating long-term annual 

average vegetation indices those are considered for this particular research; and (iii) generating 

local warming maps at high spatial resolution during 1961-2010 time period. Explanations of these 

consistent methods are discussed hereafter. 

 

Figure 5.2 Schematic diagram of the methodology of generating local warming map at 15 m 

spatial resolution 
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5.3.1 Exploring relationships between MODIS-derived annual air temperature normals and 

annual average vegetation indices 

Once we collected and pre-processed the acquired images as described in the previous section 

(section 5.2), we started to assess relationships between air temperature normals and annual 

average vegetation indices (i.e., EVI and NDVI). Upon compiling the data into the scatter plots, 

we observed that the data were sparsely distributed and did not follow any specific pattern of 

relationships between the variables of interest. As, it is common to observe an inverse relationship 

(i.e., while air temperature increased, EVI or NDVI decreased eventually) between temperature 

and vegetation indices; thus, we opted to introduce the concept of binning for the vegetation indices 

and calculate its corresponding average air temperature normal values. In such cases, it might be 

possible that lower amount of vegetation with NDVI values in the range of 0 to 0.2 over high 

altitudes and in the vicinity of marshy/swamp lands would not exhibit inverse relationships as 

assumed earlier. It would be the case as both high altitudes and marshy/swamp lands (having 

presence of relatively more water) would exhibit lower temperature regimes that would be 

unfavorable for vegetation growth. Upon examining these relationships, we determined the 

effective vegetation index (i.e., NDVI in this study, see Figure 5.4 for details) that would have 

concealed better relations with the air temperature normal regimes (see details in óresults and 

discussionô section). 

 

5.3.2 Generating long-term annual average NDVI at 15 m spatial resolution 

Upon building the relationships between annual average NDVI and air temperature normal, we 

opted to calculate a long-term average of NDVI values (╝╓╥╘╛▫▪▌◄▄►□) at 15 m spatial resolution 

using the following consecutive steps described in Hassan et al., [27]: 
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¶ Used MODIS-based NDVI products to compute pixel-level average of annual NDVI for 

the year 2004 and 2008 at 250 m spatial resolution as computed in Eq. 1. Then we 

computed a single NDVI value (i.e., ╝╓╥╘╜╞╓╘╢) by spatially averaging pixels of NDVI 

average of the whole year; 

¶ Calculated Landsat-8 OLI scene specific spatial average of NDVI ( ╝╓╥╘╛╪▪▀▼╪◄ ╞╛╘); 

and 

¶ Finally, derived the (╝╓╥╘╛▫▪▌◄▄►□) at 15 m spatial resolution using Eq. 5.3, where the 

difference between the  ╝╓╥╘╛╪▪▀▼╪◄ ╞╛╘ and  ╝╓╥╘╜╞╓╘╢ was used as a correction 

factor for the Landsat-8 OLI based NDVI values.  

╝╓╥╘╛▫▪▌◄▄►□ = ╝╓╥╘╛╪▪▀▼╪◄ ╞╛╘ ς ( ╝╓╥╘╛╪▪▀▼╪◄ ╞╛╘ ς  ╝╓╥╘╜╞╓╘╢)        (5.3) 

 

5.3.3 Generating local warming maps at 15 m spatial resolution 
 

In order to enhance the spatial resolution of air temperature normals at 15 m, we adapted a data 

fusion technique described and implemented in Hassan et al., 2007[27] and Hassan and Bourque, 

2010 [30]. We directed this method by generating an artificial image plane (AI) based on 

instantaneous values (╝╓╥╘░▪▼◄╪▪◄╪▪▄▫◊▼ ) and average of long-term NDVI values (╝╓╥╘╪○▄►╪▌▄) 

over a 3 x 3 moving window as described in Section 5.3.2 by plugging them in the following 

equation: 

═╘
╝╓╥╘╪○▄►╪▌▄ 

╝╓╥╘░▪▼◄╪▪◄╪▪▄▫◊▼ 
               (5.4) 

Note that the AI may be considered as an index that defines the relation of an instantaneous value 

of NDVI to the average value of NDVI of surrounding pixels. In comparison to Hassan et al., 2007 

[27], and Hassan and Bourque, 2010 [30]; we swapped the average and instantaneous values of 
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NDVI as we would observe an overall negative relationship (see Fig. in óresults and discussionô 

section for details). Also, the AI-values over water bodies (when NDVI < 0) and high altitude and 

marshy lands with NDVI values from 0 to 0.2, were assumed to be 1 in order to maintain the same 

level of air temperature normal values. Thus, once the AI values were obtained, we then converted 

the air temperature normal (╣╪▪▫►□╪■ͽ  ▓□) values into its equivalent at 15 m ╣╪▪▫►□╪■ͽ  □) 

using the following expressions: 

╣╪▪▫►□╪■ͽ □ = AI x ╣╪▪▫►□╪■ͽ  ▓□        (5.5) 

Once we generated the air temperature normals (i.e., 1961-1990; and 1981-2010) at 15 m spatial 

resolution, we then compared the normal maps spawned at 1 km spatial resolution in the scope of 

an earlier study [6] with correlation coefficient (r2) and RMSE. Finally, we produced the difference 

maps of two climate normals to perceive local warming trends over the study area at 15 m spatial 

resolution. 

 

5.4  Results and discussion 

 

5.4.1 Relationship between MODIS-based air temperature normal and VI 
 

Figure 5.3 represents the scatter plots of MODIS-driven VI (year specific) and air temperature 

normals (i.e., 1961-1990; and 1981-2010). It displayed no relationships between the variables of 

interest. As a result, we decided to introduce the binning concept of data analysis to re-arrange the 

scatter plots into several divisions so that the relationships might closely be observed as illustrated 

in Fig. 5.4. It exhibited a negative relation with the air temperature normal when the values of VI 

were greater than 0.2 in particular, which would be common to find in the literature 

[16][26][31][32][33][34][35].  Also, we did not observe such a generic relation between the 
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variables of interest for the NDVI/EVI values in the range -0.1 to 0.2.  Consequently, we decided 

to introduce the masking concept (see detail in methods section) and recalculated the VI values 

against the air temperature normal for -0.1 to 0.2 range. Intriguingly, the outcome of such analysis 

revealed a negative slope and strong correlation between NDVI/EVI and air temperature values. 

We achieved r2 values of: (i) 0.94, and 0.92 for NDVI (in the year 2004 and 2008 respectively); 

and (ii) 0.91 for EVI (in both 2004 and 2008) and a negative slope while comparing with air 

temperature. 

 

As we did not find a negative relationship between VI and air temperature normal up to a certain 

range (Fig.5.4), we assumed that it might happen due to the existence of sparse vegetation over 

elevated lands or in the vicinity of water bodies in the study area. It would be worthwhile to note 

that our study area had existence of rocky mountain areas and few sporadically distributed 

waterbodies. As a result, the binning concept was helpful to investigate the impact of such 

landscapes in our study area, and to perceive the dynamic relationships between VI and air 

temperature. Consequently, it was quite natural to see that the relationship did not exhibit general 

pattern (i.e., higher the NDVI values would demonstrate lower air temperature) according to 

scientific notions. Hence, introducing the binning concept in this analysis was found to be unique 

in characterizing the landscapes and vegetation covers to recognize the fact that mountainous areas 

would have lower air temperature with little green vegetation on top. Additionally, waterbodies 

and surrounded swamp/marshy lands would demonstrate lower NDVI values. For instance, we 

ignored the negative EVI/NDVI values as they revealed water bodies in the study area. The other 

two bin classes (>0.0 to 0.1, and >0.1 to 0.2) with relatively lower EVI/NDVI values, once we 

observed them over high altitude and other than city areas (marshy or swamps) that were ignored. 
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Upon persuading these processes, we observed that the relationships between EVI/NDVI and air 

temperature normal was demonstrating the usual schemas mentioned in relevant literature 

[16][18][26][31][32][33][34][35]. 

 

 

Figure 5.3 Scatter plots of the comparison of average air temperature normal (1 km spatial 

resolution) and MODIS-driven EVI and NDVI (250 m spatial resolution) 
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Figure 5.4 Relationships between MODIS-driven air temperature normal (1961-1990; 1981-

2010), represented by the year (2008; 2004) and annual average vegetation greenness (EVI 

and NDVI) of 2008, and 2004. 

 

5.4.2 Generating air temperature normals and local warming maps at 15 m spatial resolution 

 

As we obtained significant relationships between air temperature normal and NDVI (see Fig. 5.4) 

after introducing the binning concept, we decided to enhance the spatial resolution of air 

temperature normal maps. We, then, executed the algorithm introduced in the methods section to 

generate the air temperature normal for each climate normal (i.e., 1961-1990; and 1981-2010). 
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Upon producing the air temperature normal maps at 15 m spatial resolution for each climate 

normals individually, we compared the generated maps with the 1 km spatial resolution map 

developed in an earlier research [6]. Figure 5 shows the comparison of air temperature normals at 

15 m and 1 km spatial resolution. Once we compared the air temperature normal of 1981-2010 

represented by yearly average air temperature of 2004 at 15 m spatial resolution with that of 1 km, 

we found a strong correlation (i.e., r2 = 0.92; slope = 0.92; and intercept = 21.66). The relationship 

was almost identical while comparing the similar data sets obtained for 1961-1990 temperature 

normal for 15 m and 1 km spatial resolution (i.e., r2 = 0.95; slope = 0.94; and intercept = 15.27). 

 

Figure 5.5 Relationships between air temperature normal 2004 (representing 1981-2010) and 

2008 (representing 1961-1991) with 1 km and 15 m spatial resolution. Note that the grey 

dotted line represents regression line and the black line represents 1:1 line. 

 

Figure 5.6 shows the warming trend map (i.e., difference of air temperature normal maps of 1961-

1990 and 1981-2010) generated at 15 m spatial resolution. It displayed that around 58% of the 

study area had undergone increased temperature shift (i.e., from 0.25 oC to greater than 1 oC; see 
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yellow, orange, deep orange, and red color in Fig.5.6 for details). Additionally, about 38% areas 

had encountered almost no change of air temperature (i.e., in the range of -0.25 oC to +0.25 oC; as 

seen in yellowish green, and green color in Fig.5.5). On the contrary, around 4% of the total area 

had endured minor cooling trend (i.e., less than -0.25 oC). 

 

Figure 5.6 Spatial extent of local warming trends during the period 1961-2010 derived at 15 m 

spatial resolution 

 

It would be worthwhile to note that we found an incremental shift of air temperature normal during 

the 1961 until 2010 over most of the study area. Also, we noticed cooling patches in few areas (see 

Fig.5.6 in blue color). The pattern of spatial warming trend in our study area might have increased 

for several reasons, but not limited to: 

Å Rapid urbanization coupled with intense mixed-use development (i.e., 

industrial/residential; or community/residential development) [36], and brisk conversion 
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of agricultural and forest lands to non-agricultural practices [37] had significant 

contribution to increase the temperature regimes in small and major cities in our study area 

including Calgary, Red Deer, Cochrane, Airdrie, and Chestermere in particular. Besides, 

the existence of two major cities of Alberta (i.e., Calgary, and Red Deer) in the study area 

might have direct influences on the extent of built environment, population density, 

anthropogenic activities, and socio-economic aspects (i.e., tourism activities) to contribute 

to augment warming trends in and outside of the city boundaries. Additionally, the fastest 

growing corridor of Alberta (i.e., Calgary ï Edmonton corridor), with an approximate area 

of about 40,000 km2 that stretched north from Calgary through Red Deer to Edmonton had 

experienced an increase of population escalation since 1980s and homed to almost 75% 

population of Alberta in 2011 [38]. Our study area covered significant belts of this corridor 

and we assumed, the rapid urbanization and industrial growths in this particular region 

might have direct influence to upsurge temperature normal during the 1961-2010 time 

period; 

Å North-Eastern part of our study area experienced a temperature increase of around 1 oC. 

This area primarily dominated by agricultural landuse near the City of Red Deer. 

Additionally, being the third largest producer of agri-food products in Canada [39], Alberta 

experienced unprecedented pressure of development in private agricultural and economic 

growth (i.e., an average growth of 3.5% nationally) [39], which might affect the shift of 

temperature changes in this specific region; 

Å In the South-Western part (Fig. 5.6), there were presence of Rocky Mountain Areas 

(Kananaskis county, and Banff National Park) that had experienced an increase 

temperature during the 1961-2010 time period. This might have occurred due to the exert 
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pressure of tourism activities [40], and relevant accomplishments (i.e., infrastructure 

development, catering services, and transportation services); 

Å The cooling trends in very few areas (blue patches in Fig.5.6) in the middle of our study 

area were discerned and it might have a direct relation to existence of waterbodies and 

forested lands. However, it would be critical to note that the representation of such negative 

temperature shift (i.e., cooling trend in this case) were only around 4% (i.e., insignificant) 

of the total study area and were sparsely distributed throughout the warming trend map. 

 

5.5 Concluding remarks  

 

Within the scope of this study, we had demonstrated a remote sensing-based modelling framework 

for local warming trends at 15 m spatial resolution. The proposed methods involved with (i) 

construction of high resolution EVI and NDVI maps at 15 m spatial resolution; (ii) comprehending 

1 km resolution air temperature map available from previous study using the higher resolution VI 

maps; and (iii) generation of local warming map at 15 m spatial resolution as a final product. 

Remarkably, the study discovered that 96% of the areas somewhat experienced an increase trend 

of temperature change. However, around 4% areas underwent a cooling trend. Moreover, we 

compared the outcome of this study with temperature normals developed at 1 km spatial resolution. 

The results revealed strong relationships (i.e., r2 = 0.95 for 1961-1990; and r2 = 0.92 for 1981-2010 

temperature normal) and exhibited the similar patterns of temperature changes throughout the 

study area. The scientific methods we adopted to generate local warming maps at high spatial 

resolution by using remote sensing data (i.e., air temperature, and vegetation indices) would be 

critical to recognize local warming trends at community level. Consequently, a useful scope of this 

research outcome would provide advantageous information for smaller cities and communities in 
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preparing climate related risks and adaptation planning in their own jurisdictional areas. For this 

specific study, we implemented our model in and around the City of Calgary. Finally, if the 

scientific communities and practitioners had keen interests to deploy this model into their own 

communities, we recommend that the method should be evaluated thoroughly prior to apply in 

other parts of the world. 
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6.1 Concluding remarks 

 

Within the scope of this thesis, I demonstrated that development of a remote sensing based local 

warming map was possible at high spatial resolution (i.e., 15 m). The proposed methods were 

consisted of three major steps such as: (i) developed a 1 km spatial resolution local warming map 

based on MODIS-derived 8 days composite image (Chapter 3); (ii) fused the 30m spatial resolution 

data of Landsat-8 OLI using panchromatic band to derive EVI, NDVI, and NDWI at 15 m spatial 

resolution (Chapter 4); and (iii) comprehended the warming map of 1km spatial resolution into 

15m spatial resolution using the Landsat-8-derived vegetation indices (Chapter 5).   

In summary, the outcomes of this thesis are summarized below according to the objectives: 

 

Objective 1:  Identification of research gaps through comprehensive literature review 

 

In order to achieve this objective I, conducted a comprehensive literature review with keen 

interests in the areas of climate change; local warming; relationships between temperature and 

vegetation indices (i.e., EVI, NDVI, NDWI); urban heat island; application of remote sensing in 

quantifying air temperature changes; data fusion techniques; and relevant published and un-

published documents. This objective was adhered in Chapter 2 [1].   

 

Objective 2: Modelling of local warming trends during 1961-2010 time period at 1 km spatial 

resolution 

In the scope of this study, I developed a model while integrating MODIS-derived satellite 

imageries with station-based climate normals to evaluate local warming trends in the province of 

Alberta at 1 km spatial resolution. The proposed methods were consisted of three major steps, such 
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as: (i) developed a relationships of yearly average air temperature and air temperature normal data 

set to specify MODIS-based surface temperature data; (ii) converted MODIS-based surface 

temperature data to air temperature normal (i.e., including calibration and validation), and (iii) 

comprehended spatial extent of local warming based on the modelled air temperature normal 

between 1961-1990 and 1981-2010. It was found in the study that the average warming trend of 

Alberta during two climate normals underwent an escalation of 0.42 oC in almost 96% of the areas 

in the province [2].  

 

Objective 3: Pan-sharpening of Landsat-8 Images and Its Application in Calculating Vegetation 

Greenness and Canopy Water Contents 

 

In this objective, I proposed a simple protocol to generate NDVI, EVI, and NDWI at an enhanced 

spatial resolution of 15 m by using Landsat-8 OLI data. In this case, I adopted to conduct a pan-

sharpening method widely known as smoothing filter-based intensity modulation; and enhanced 

the MS bands those were required to compute the vegetation indices of interest. The results 

demonstrated that strong relationships resembled among each individual MS (blue, green, red, and 

SWIRs) and PAN bands while comparing r2 values (i.e., the values were ranged from 0.71 to 0.96) 

for the Landsat-8 OLI images [3,4].  

 

Objective 4: Remote Sensing of Local Warming at Enhanced Spatial Resolution at 15 m 

 

Within the scope of this objective, I demonstrated a remote sensing-based modelling framework 

for local warming trends at 15 m spatial resolution. The proposed methods involved with (i) 
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construction of high resolution EVI and NDVI maps at 15 m spatial resolution; (ii) comprehending 

1 km resolution air temperature map available from previous study using the higher resolution VI 

maps; and (iii) generation of local warming map at 15 m spatial resolution as a final product. 

Remarkably, the study discovered that 96% of the areas somewhat experienced an increase trend 

of temperature change. Moreover, we compared the outcome of this study with temperature 

normals developed at 1 km spatial resolution. The results revealed strong relationships (i.e., r2 = 

0.95 for 1961-1990; and r2 = 0.92 for 1981-2010 temperature normal) and exhibited the similar 

patterns of temperature changes throughout the study area. For this specific study, I implemented 

the model for in and around the City of Calgary in the province of Alberta [5].  

 

6.2 Contribution to science 

 

The contribution of this research includes but not limited to the following: 

¶ The proposed methods in this thesis for delineating local warming maps at high spatial 

resolution (i.e., 15 m) using satellite-borne remote sensing data is a unique contribution. In 

doing so, the research covers 1 km spatial resolution warming map at the first place that 

may be useful for larger cities and relatively bigger geographical extents.  

¶ As the developed 1 km spatial resolution warming map is useful for larger cities and 

geographic extent, this study takes a challenge to increase spatial resolution so that smaller 

communities and cities can be included to perceive temperature regimes over 1961-2010 

time period.  As a result, the study has utilized both MODIS and Landsat-8 OLI-derived 

satellite imageries to enhance spatial resolution of warming map. In order to enhance the 

resolution of such warming maps, data fusion technique is used for generating vegetation 

indices at 15 m spatial resolution using the Landsat-8 OLI data. This data fusion technique 
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highlights a new area of research to enhance spatial resolution of MS bands (30 m spatial 

resolution) of Landsat-8 data by using the PAN band (15 m spatial resolution) that brings 

an exclusive contribution. 

¶ After generating the 1 km spatial resolution warming map using MODIS-derived data, and 

developing the data fusion technique using PAN band for Landsat-8 OLI imageries; this 

research takes the challenge to enhance the spatial resolution of local warming map to 15 

m so that it can be used by local government organizations for efficient policies in climate 

related adaptation issues. The relevant methods and techniques of generating 15 m spatial 

resolution warming map is unique and brings scientific contribution in the contemporary 

time so that it can be used by smaller communities in the face of climate change. 

¶ The study has uncovered that local governmentôs can now have the opportunities to 

perceive the changes of temperature regimes within their own community and may be able 

to use the information for assessing potential risks associated with climate change and local 

warming. The study also opens up scopes for researchers and policy makers to utilize this 

model into their own communities depending on available data and expertise.  

 

6.3 Recommendations for future work 

 

This study brings important outcomes and scientific evidences of generating local warming maps 

using satellite-based remote sensing data. Also, the outcomes contribute important evidences based 

on scientific models and algorithms in contemporary research. Still the study poses scopes and 

future challenges in the area of local warming study especially in the areas: 
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¶ Enhancing even higher spatial resolution warming maps at 2.5 ï 5 m using different 

satellite imageries so that it may be of more use to aware local communities about the 

potential risks of the changing climate; 

¶ Applying this developed model in other geographic locations, especially in the developing 

countries to investigate the temperature changes for perceiving potential risks and relevant 

climatic hazards so that communities in those areas can be better prepared ahead of time to 

adapt to abrupt climatic change; 

¶ Due to time and resource constraints, this study only considers Calgary and nearby area for 

generating 15 m spatial resolution warming maps. However, generating the 15 m spatially 

enhanced warming maps for the whole province of Alberta, or for the whole county of 

Canada may be helpful for decision-makers to spawn efficient policies related to climate 

change;  

¶ Because of the global availability of remote sensing data (i.e., MODIS, and Landsat-8 

OLI), it is possible to apply the models elsewhere easily; 

¶ In recent decades, application of science and its benefits for the communities are emergent. 

In this context, the developed models in this thesis can provide the scientific basis for 

potential relevant policies to combat future warming related adaptation techniques; 

¶ Communities involved in land use planning, land management (i.e., agricultural, forests, 

riparian, etc.), and resource management may also be interested to understand the extent of 

warming trends at their own communities and can imply future decisions more efficiently. 
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APPENDIX B: SPATIAL MODELS USED TO CONDUCT THE A NALYSIS FOR CHAPTER 3 

 

B1: Converting MODIS stack layers  

 

------------------------------------------------------------------- 

Input: MODIS LST data 46 layers 

Function: EITHER 0 IF ( $n1_01_stack_lst_2004_ab_46 ==0 ) OR 1 OTHERWISE 

Output: MODIS LST 46 layers 0 and 1 value. 
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B2: Stack sum calculation 

 

------------------------------------------------------------ 

Input: MODIS 16 days composite image of 0 and 1. 

Function used: STACK SUM ( $n1_02_convert_0_and_1_2004 ) 

Output: Stack sum of the input image. 
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B3: Converting cloud free pixels of MODIS 16 dayôs image. 

 

----------------------------------------------------- 

Input: Stack layers of MODIS-derived 16 days LST image of year 2004 

Functionsô used: (i) GLOBAL MEAN ( $n1_01_stack_lst_2004_ab_46 , IGNORE 0 ) 

(ii) EITHER 0 IF ( $n1_01_stack_lst_2004_ab_46 ==0 ) OR ($n10_Output - 

$n1_01_stack_lst_2004_ab_46) OTHERWISE 

(iii)  STACK SUM ( $n4_04_mean_minus_image_2004 ) 

Output: Each individual image pixels deviated from the annual mean value. 
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B4: Generating the image of annual average minus individual pixels. 

 

---------------------------------------------------- 

Input: Sum of mean minus image and total cloud free image of 2004 

Function used: EITHER 0 IF (($n1_05_sum_mean_minus_image_2004 ==0) or 

($n2_03_total_cloud_free_2004 ==0)) OR 

$n1_05_sum_mean_minus_image_2004/$n2_03_total_cloud_free_2004 OTHERWISE 

Output: Average sum of mean minus image of 2004. 
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B5: Gap filling algorithm to fill pixels that might have no data 

 

------------------------------------------------------- 

Input: cloud free image, average deviated image, and stack LST image of year 2004 

Function used:  

CONDITIONAL { ($n1_03_total_cloud_free_2004 ==0) 0, 

($n8_01_stack_lst_2004_ab_46 ==0) ($n2_Read - 

$n7_06_average_of_sum_mean_minus_image_2004), 

($n8_01_stack_lst_2004_ab_46 >0) $n8_01_stack_lst_2004_ab_46 } 

Output: Gap filled stack of LST image for the whole year 2004. 
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B6: Gap filled with station based data obtained from five major cities of Alberta 

 

------------------------------------------------------- 

Input: Gap filled stack LST image of year 2004, and station data of 5 major cities of AB. 

Function used:  

Conditional {($n2_ab_5_cities_project >= 1) ($n1_07_gap_filled_stack_lst_2004/10 + 

$n2_ab_5_cities_project)} 

Output: Stack layers of LST 2004 data obtained from station-based temperature in five cities. 
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B7: Generating stack mean 

 

------------------------------------------------------- 

Input: Focal mean image of gap-filled stack LST image of year 2004  

Function used: STACK MEAN ( $n1_08_gap_filled_stack_lst_2004_focal_mean ) 

Output: Gap filled focal mean of LST in 2004 
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B8: Generating air temperature normal of 2004. 

 

------------------------------------------------------- 

Input: Stack mean of gap filled LST image  

Function used: 

EITHER 0 IF ( $n1_08_stack_mean_gap_filled_lst_2004 ==0 ) OR (0.3602 * 

$n1_08_stack_mean_gap_filled_lst_2004) + 17460 OTHERWISE 

Output: Equivalent air temperature normal (30 years, i.e., 1981-2010) 
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APPENDIX C: SPATIAL MODELS USED T O CONDUCT THE ANALYS IS FOR CHAPTER 4 

 

C1: Converting Landsat-8 OLI *.tif to *.img file 

 

------------------------------------------------------- 

Input: Landsat-8 OLI image capture in TIF format  

Function used: Tif to Img 

Output: Landsat-8 OLI image in IMG format. 
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C2: Stack all bands of Landsat Images 

 

------------------------------------------------------- 

Input: Landsat-8 OLI image capture in TIF format  

Function used: STACKLAYERS ( $n9_lc80420242013236lgn00_band8, 

$n3_lc80420242013236lgn00_sr_band2, $n7_lc80420242013236lgn00_sr_band2, 

$n2_lc80420242013236lgn00_sr_band4, $n1_lc80420242013236lgn00_sr_band5, 

$n8_lc80420242013236lgn00_sr_band6, $n6_lc80420242013236lgn00_sr_band7) 

Output: Landsat-8 OLI stack image of all bands. 
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C3: Calculating focal mean 

 

------------------------------------------------------- 

Input: Stack layers of Landsat-8 OLI image  

Function used: FOCAL MEAN ( $n1_b8_sr_stack_4days, $n2_Low_Pass, ignore_value 0) 

Output: Focal mean of stack layers. 

 

 

 

 

 



153 
 

C4: Focal mean moving window 3x3 

 

------------------------------------------------------- 

Input: Stack layers of Landsat-8 OLI image surface reflectance 

Function used: (i) FOCAL MEAN ( $n1_b8_sr_stack_4days, $n2_Low_Pass, ignore_value 0)  

(ii) ($n8_b8_sr_stack_4days * 1000 / $n4_b8_sr_stack_4days_3x3) 

Output: Stack layers of four days images multiplied by 1000. 
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C5: Binning the values of the images and preparing Artificial Image (AI) 

 

 

------------------------------------------------------- 

Input: Stack layers of Landsat-8 OLI image surface reflectance 

Function used: Conditional { ($n1_b8_sr_stack_4days_3x3_ai == 65535) 9999, 

($n1_b8_sr_stack_4days_3x3_ai < 700) 700, ($n1_b8_sr_stack_4days_3x3_ai >= 700 and 

$n1_b8_sr_stack_4days_3x3_ai<=1300) 

($n1_b8_sr_stack_4days_3x3_ai),($n1_b8_sr_stack_4days_3x3_ai > 1300) 1300 }  

Output: AI Image. 
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C6: Fusion of image at 15m spatial resolution 

 

------------------------------------------------------- 

Input: AI image and stack layer of surface reflectance 

Function used: Conditional {($n1_b8_sr_stack_4days_3x3_ai_fil_dec == 9999) 0, 

($n1_b8_sr_stack_4days_3x3_ai_fil_dec < 9999) (($n1_b8_sr_stack_4days_3x3_ai_fil_dec/ 

1000) * $n4_b7_sr_stack_4days)} 

Output: All bands at 15 m spatial resolution 
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C7: Generating NDVI at 15m spatial resolution 

 

------------------------------------------------------- 

Input: Red, Blue, Near Infrared images at 15m 

Function used: Conditional {($n1_resample_15m_b5_sr_stack_4days == 0 OR 

$n2_b4_sr_stack_4days_15m == 0 OR $n7_b2_sr_stack_4days_15m == 0) 0, 

($n2_b4_sr_stack_4days_15m >= $n1_resample_15m_b5_sr_stack_4days) 0, 

($n1_resample_15m_b5_sr_stack_4days > 0 and $n2_b4_sr_stack_4days_15m > 0 and 

$n7_b2_sr_stack_4days_15m > 0) (2.5 * (($n1_resample_15m_b5_sr_stack_4days/10000) - 

($n2_b4_sr_stack_4days_15m/10000))) / (($n1_resample_15m_b5_sr_stack_4days/10000)  + (6.0 * 

($n2_b4_sr_stack_4days_15m/10000)) - (7.5 * ($n7_b2_sr_stack_4days_15m/10000)) + 1)} 

Output: NDVI 

 










