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Abstract 

 
The rate of global urbanization in the 21st century has been unprecedented especially in 

the African and the Asian continents. Urbanization typically causes a removal of natural 
vegetation and replacement of same with impervious and non-evaporative urban materials with 
high heat capacity and low solar reflectivity. The alteration of the natural land cover due to 
urbanization causes a change in the thermal properties of the urban landscape, with the effect 
that the urban land surface typically has a relatively higher thermal capacity than that of the 
surrounding rural areas; a phenomenon known as Urban Heat Island (UHI).  

 
Studies have shown that, in the last few decades, Ilorin city has undergone significant 

changes in landscape, population structure, and urban form and the city has witnessed a rise in 
urban temperature. Similarly, Nigerian Meteorological Agency (NIMET) and epidemiologists 
have warned of possible outbreak of some diseases that thrive in hot weather such as 
meningitis, tuberculosis, malaria, dengue fever, etc. Given this scenario, UHI effects is estimated 
to affect a large number of persons in the city. This study investigates to what extent the 
observed Land Surface Temperature (LST) could be accounted for by vegetation cover measured 
via Normalized Difference Vegetation Index (NDVI) in the study area from 2000 to 2016. The 
spatial pattern and trend of LST, and the magnitude of UHI within the period was also estimated. 

 
Result shows a statistically significant clustering of LST values in all the investigated 

epochs with Global Moran’s I index showing values greater than 0.6 and z-scores greater than 
220 in all cases at p < 0.001. Analysis of regression reveals that NDVI explained between 50% - 
71% of the variation in LST between 2000 and 2002, and NDVI increasingly diminished in 
importance as an explanatory variable for LST in 2016, where only 29% - 49% explanation was 
provided by NDVI. For all the seasons and years, the coefficients of the regression analysis 
results for NDVI in the study area are negative indicating that NDVI is inversely related to LST. 
Research result shows a presence of UHI with an intensity ranging between 0.2OC to 4.6OC, with 
peaks in the wet seasons and tending towards a decreasing trend. 
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CHAPTER ONE 

1.0 Background 

The 21st century has witnessed an unprecedented rate of urbanization and global urban 

population growth, especially in the African and the Asian continents. At present, it is estimated 

that more than 50 percent of the global population lives in cities, and that number is projected 

to reach 66 percent in 2050 (UN, 2016). People are attracted to urban areas for several reasons. 

While the increased economic activities in the urban areas have been a pull factor for some, 

others have preferred living in the cities because of the abundant life-support infrastructure and 

bustling social life in the cities. 

Despite its advantages, however, urbanization is associated with various socioeconomic 

and environmental challenges. When coupled with the impacts of climate change the twin 

phenomena of urbanization and population growth can put significant pressure on cities' 

physical and social environments. One of the most common consequences of urbanization is the 

formation of an Urban Heat Island (UHI) (García-Díez et al., 2016). 

The UHI is the relative elevation of urban ambient air and surface temperature over its 

rural surrounding (Oke, 1982; Voogt and Oke, 2003). At a detailed scale of analysis, a complex 

mix of variables and factors are known to cause and affect the urban heat island phenomenon 

(Oke, 1982; Zhao et al. 2014). However, several studies have shown that Land Cover/Land Use 

(LCLU) is directly linked with Land Surface Temperature (LST) and is a major indicator and 

determinant of UHI (Kikona et al., 2016; Ali Jasim et al.; 2016, Bakhtiar and Thomas, 2013; Zhong 

et al., 2016; Yue and Xu, 2007; Kalnay and Cai, 2003).  
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Urbanization typically causes a removal of natural vegetation and replacement of same 

with impervious and non-evaporative urban materials with high heat capacity and low solar 

reflectivity, such as concrete masses, asphalt roads and metal surfaces (Farina, 2012). The 

alteration of the natural land cover due to urbanization causes a change in the thermal 

properties of the urban landscape, with the effect that the urban land surface typically has a 

relatively higher thermal capacity than that of rural areas, thereby increasing the urban surface 

temperature. Research interest in LST and UHI has been sustained by the growing economic, 

social, environmental, and health consequences of the UHI phenomenon. Given the current high 

rate of global urbanization, UHI and its potential impacts are estimated to affect a large number 

of the world population, especially in the developing countries where the rate of urbanization is 

notably high (Jeppesen, 2013). 

Early approaches to the study of UHI effects includes sampling of air temperature at 

different point locations using air samplers, thermometers, etc. (Smith et al., 2011; De Rezende  

et al., 2013; Ali Jasim et al., 2016), and the interpolation of the obtained point data sets to 

generate a temperature surface for a given area of interest. More recently, however, space-

borne remotely sensed imagery have been widely used to understand the thermal, biophysical 

and the general environmental conditions on or near the Earth surface (Lu et al., 2015; Bakhtiar 

and Thomas, 2013; Zhong et al., 2016; Yue and Xu, 2007). 

 When studying UHI using a remote sensing approach, LST is the entry point, as well as a 

key parameter. This is because LST is closely related to UHI and hence LST provides the needed 

insight into the general UHI conditions. In addition, “space-borne sensors do not directly 

measure canopy air temperatures (which may represent urban heat Island) but measure land 
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surface temperatures” (Wang et al., 2016), through which UHI can be estimated. For more than 

three decades until now, studies on the UHI effect using remote sensing have been conducted 

at multiple spatial and temporal scales, using different satellites- and sensor-derived products 

(Gallo and Owen, 1998; Streutker, 2002; 2003). 

 

1.2 Relevance of Study 
The impacts of global warming can be particularly pronounced or even exacerbated in 

cities due, in part, to the UHI effects and the unique socioeconomic character of the urban 

environments. Extant literature documents consequences of extreme heat events on human 

health, physical infrastructure, animals and the general wellbeing of urban dwellers (Kovats & 

Ebi , 2005, Withman et al, 2006). With a projected 4oC rise in average annual global temperature 

in the nearest future (Martinez-Austria, et al; 2018) and given the rapidly increasing rate of 

urbanization especially in the developing world, it becomes pertinent to understand the 

complex processes and factors driving the UHI phenomenon and to characterize the exact 

trajectories by which the heterogenous urban LCLU impact the UHI phenomenon. 

  Studies have shown that, in the last few decades, Ilorin city has undergone significant 

changes in landscape, population structure and urban form (Ibrahim et al., 2014; Olaleye et al., 

2012; Olanrewaju, 2009).   Olaleye et al. (2012) show that there is a decrease in vegetative land 

cover and a rapid increase in built-up areas in the city between 1986 and 2006, with a high 

potential for further reduction in vegetation land cover. In a similar study, Olanrewaju (2009) 

has confirmed a rising temperature in Ilorin in the last few decades.  In addition, the city has 

been hit many times by heat waves with impacts sweeping across the urban population 
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including the animals.  In 2012, Meteorological Organization projected that Nigeria, including 

Ilorin, would continue to experience elevated temperatures especially during the dry seasons 

(NIMet, 2012). Nigerian Meteorologists and epidemiologists have also warned of possible 

outbreak of some diseases that thrive in hot weather such as meningitis, tuberculosis, malaria, 

dengue fever, measles, chicken pox, skin rashes, and heart attack (Ahmed, 2012). As typical of 

many cities in Nigeria, energy generation in Ilorin is grossly inadequate and unstable and a 

greater majority of the population cannot afford air conditioners plus the energy required to 

run it. There is little or no coordinated approach for managing the consequences of rising 

temperature; the medical facilities are either ill-equipped or non-existent. This prevailing 

condition reduces adaptive capacity of the city dwellers to the actual and potential impacts of 

UHI in the city.  

Despite the availability of studies analyzing the spatial and temporal growth of the city 

and its land cover dynamics, there is yet little understanding about the link between Ilorin’s 

urbanization-induced land cover change and the spatiotemporal pattern of LST and UHI in the 

study area. This study attempts to fill this knowledge gap. The research is framed within the 

context of finding a scientifically informed basis for an urban environmental quality intervention 

in the management of urban heat island in Ilorin. 

 

1.3 Study Aim and Objectives 
Specifically, the current study seeks to examine the possible impact of LCLU change and 

topography of Ilorin on the urban land surface temperature (LST) of the city and estimates the UHI index 
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for the study area from the period of 2000 to 2016. The following research questions were 

pursued: 

1. What patterns exist in Land Surface Temperature (LST) in Ilorin in the period 2000 - 

2016?  

2. To what extent can vegetation cover measured via NDVI explain the patterns in LST 

observed in Ilorin between the years 2000 - 2016?  

3. To what extent can the terrain elevation/topography of the study area account for the 

spatial pattern of LST in Ilorin?  

4. Is there any significant difference in LST between the, urban and rural areas, between 

the wet and dry seasons and between the period of 2000 and 2016?  

5. What is the possible magnitude of urban heat island in Ilorin within the period of 2000 

to 2016 
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CHAPTER TWO 

2.0 Literature Review 

Given the rapid rate of global urbanization and its socioeconomic, environmental and 

health implications, it is not surprising that many studies have focused on the linkages between 

the urbanization process, especially urbanization-induced land cover changes, and urban 

biophysical conditions, as well as their implications for the health of urban dwellers (Population 

Bulletin, 2007). As a result of the heterogeneous nature of urban land cover materials, complex 

biophysical processes operate in the urban space, often in a circularly causal manner, to produce 

the observed urban thermal conditions including the UHI pattern. Urban surface temperature 

pattern is significantly driven by land cover materials (Bokaie et al., 2015). Land cover 

modifications due to urbanization affect urban microclimate in many ways, one of which is the 

formation of the UHI phenomenon (Lu et al., 2015; Zhong et al., 2016). UHI is arguably one of 

the most studied consequences of urbanization, often linked to LCLU change due to 

urbanization.   

LST research has been approached from various perspectives, and continues to occupy 

the attention of the scientific community, in general, and environmental and urban planning 

professionals, in particular. In this section, existing literature relating to LST and its estimation 

approaches, its relationships with LULC and UHI, are reviewed. Also, the concept of UHI, in 

relation to LST, is examined. 
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2.1 Land Surface Temperature and the Urban Heat Island 
Phenomenon 

LST is an entry point and a key parameter in the study of UHI when the remote sensing 

approach to UHI studies is adopted. While LST studies have focused on different objectives, 

several studies of LST have focused on the UHI phenomenon, and particularly, its spatial and 

temporal characteristics (Oke, 1982; Lu et al., 2015; Bakhtiar and Thomas, 2013; Zhong et al., 

2016; Yue and Xu, 2007). The UHI phenomenon describes the relatively warmer condition of the 

urban environment as compared to its rural surroundings (Oke, 1982; Kaveh et al., 2016). Geer 

(1996), as cited in Farina (2012), describes the UHI as an ‘island of heat’ when compared with 

its rural surrounding with lower surface temperatures. Gill et al. (2007) show that the elevated 

surface temperature observed in the urban areas results from the nature of the urban land cover 

materials which are essentially impervious, heat-absorbing and non-evaporative, thus making 

urban landscapes relatively warmer than their surrounding rural areas. In addition to the land 

cover effect on UHI, increased industrial, vehicular, and related anthropogenic activities 

contribute to rising ambient temperature in the urban areas. 

Yuan and Bauer (2007) categorized UHI into three types, namely: Canopy Layer Heat 

Islands (CLHI), Boundary Layer Heat Islands (BLHI) and Surface Layer Urban Heat Island (SUHI). 

Both CLHI and BLHI, known together as atmospheric urban heat island (Grover and Singh, 2014), 

are described using above ground temperatures, about 1 meter from the ground surface (Farina, 

2012), and can be measured via traditional network of weather stations (Yuan and Bauer, 2006). 

SUHI, however, is described as the temperature of the urban surface or urban land cover. Due 

to wind flow and the heat conductive capacity of the air, energy and heat from the Earth surface 

can be transferred to the air above it, such that SUHI may sometimes extend vertically upwards 
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to reach some meters above the ground, especially at night. SUHI is essentially the phenomenon 

that is experienced by urban dwellers as UHI. 

Land Surface Temperature (LST), on the other hand, is the radiative skin temperature of 

the land surface, as measured in the direction of the remote sensor (Copernicus Global Land 

Service, 2017). In general, LST is measured using infrared remote sensing. LST is closely related 

to SUHI, as the energy or heat emitted by a surface can permeate the air around or above it 

through various processes of heat transfer. 

 

2.2 Relationship between Land Surface Temperature and Land 
Cover / Land Use 

Urban environmental research is replete with studies on the impact of land cover / land 

use on urban LST (see Vogt and Oke, 2003; Rose and Devadas, 2009; Farina, 2012; Feng and 

Myint, 2015; Ching et al., 2016; Pal and Ziaul, 2016). Ching et al. (2016) investigated the diurnal 

LST variation of Taipei City using MODIS and SPOT multispectral images. Their study shows that 

diurnal LST increased with increasing urbanization, with a positive linear increase observed at 

the early stages of urbanization. Pal and Ziaul (2016) assessed the impact of land use land cover 

on LST in English Bazar Municipality of Maldal District, India. Their findings confirm that LST 

varies spatially and with seasons, with impervious and built-up surfaces showing high LST values. 

In a related study, Feng and Myint (2016) explored the effect of neighboring land cover pattern 

on land surface temperature of central building objects. In their study, buildings were 

categorized into low-rise, mid-rise and high-rise buildings, and the land cover composition 

surrounding the building spaces was included in the analysis of the LST pattern. The results of 
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that study show that the composition of the land cover features surrounding the buildings has 

an effect on building LST.  Rahman et al. (2017) confirm a positive high correlation between 

built-up areas and rising LST values. 

Farina (2012) assessed the relationship between vegetation types and LST in the city of 

Seville, Spain. Using NDVI as a proxy for vegetation cover, he reported a negative relationship 

between vegetation cover and LST. Even though the NDVI-LST relationship was generally found 

to be negative, it was observed that some vegetation cover types were more influential than 

others in determining the LST characteristics of an area. 

In China, various studies have investigated the temporal and spatial pattern of LST in 

relation to the composition and changes in LULC. For instance, Rasul and Ibrahim (2017) 

examined the changes in land use / land cover pattern and their impacts on the intensity and 

spatial pattern of UHI in a rapidly changing area of China. Using various land cover parameters 

such as Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index 

(NDWI), Normalized Difference Barrenness Index (NDBal) and Normalized Difference Built-Up 

Index (NDBI), it was shown that correlations between NDVI, NDWI, NDBaI, and temperature are 

negative, especially when NDVI is limited in range. However, a positive correlation was observed 

between NDBI and temperature. Wang et al. (2016), Hong (2016), and Tyubee and Anyadike 

(2012) also confirmed a strong relationship between land cover and LST. 

Beyond the impact of land cover composition on LST, recent studies have assessed the 

impact of the spatial configuration of land cover on the LST profile. For instance, Zhibin et al. 

(2014) examined the relationship between LST and urban vegetation configuration, and, in 

particular, whether the relationship changes across scales. The results suggest that not only 
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increasing the amounts of urban vegetation, but also optimizing their spatial pattern, can 

decrease LST. 

 

2.3 Land Surface Temperature and Remote Sensing Technologies: 
Until the advent of remote sensing technologies, urban meteorological studies have 

relied heavily on point sampling of air temperature at given geographic locations (Hung et al., 

2006). Remote sensing techniques have proved to be more efficient in collecting land surface 

temperature data, given their ability to record spatially contiguous data over a large geographic 

space (Yue et al., 2007). Apart from operating at high spatial resolutions, increased frequencies 

of re-visit times (temporal resolution) of the sensors have enabled time-series analysis of the 

important biophysical process occurring on or near the Earth surface. Landsat Thematic 

Mapper/Enhanced Thematic Mapper Plus, Operational Land Imager (TM/ETM+, OLI), the 

Moderate Resolution Imaging Spectro-radiometer (MODIS), the Advanced Very High Resolution 

Radiometer (AVHRR), the Advanced Space-borne Thermal Emission and Reflection (ASTER), the 

Geostationary Operational Environmental Satellites (GOES), and Satellite Pour I’Observation de 

la Terre (SPOT) images have been extensively employed to analyze changes in surface 

temperature (Singh et al., 2014).  

While remote sensing is renowned for acquiring spatially extensive data at relatively high 

temporal resolution, poor data quality and data retrieval issues are not uncommon. For 

instance, capturing data for some parts of the Earth using remote sensing, especially in the 

tropics, has proven difficult owing to high humidity and cloud cover challenges. Similarly, due to 

climate and weather-related factors, remotely sensed data from the tropics, for instance, are 
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either not available, incomplete, or simply unusable for most of many seasons. Dealing with 

satellite-based remotely sensed data quality has been complicated by data validation and sensor 

calibration problems. Li et al. (2013) has raised issues of possible errors in sensor calibrations 

and measurement and challenges that lurk within LST data validation.  They observed that far 

fewer studies have been undertaken to validate the satellite-derived LSTs, due to the difficulty 

of making ground measurements of the LST that are representative at the satellite pixel scale. 

With the recent launch of Landsat 8, and Sentinel 1 and Sentinel 2, and the prospect of future 

advancements in space science and technology, however, LST data acquisition, retrieval and 

applications are expected to improve.   

In Nigeria, there is a paucity of studies on the drivers and pattern of LST, especially in 

urban environments. Given the observed high rate of urbanization in Nigeria and Ilorin in 

particular (Ibrahim et al., 2014), the current study attempts to fill the knowledge gap in the land 

cover impacts on, and the spatial and temporal characteristics of, LST in Ilorin. The relevance of 

the current research derives from the need to estimate the possible impacts of climate change 

on the urban environments, especially in the face of threats posed by a potentially rising LST 

traceable to rapid urbanization. In the current study, cloud-free (less than 10% of cloud cover) 

Landsat scenes have been processed to obtain the LST and the NDVI data sets required for 

analysis. More details on the data and methods of analysis are provided in the methods and 

data section. 
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CHAPTER THREE 

3.0 Data, Methods and Study Area 

3.1 Data 
The current study made use of remotely sensed data from LANDSAT. Specifically, Landsat 

data were used for land cover classification, calculation of NDVI, and for the retrieval of the Land 

Surface Temperature (LST). These data are available at United States Geological Survey (USGS) 

website. Pursuant to the objectives of the study, Landsat imagery from November 2000, April 

2002, April 2016 and December 2016 for the wet and dry seasons were acquired. In the study 

area, the wet season spans the months of March to October, while the dry season lasts from 

November to February (see Table 1).  

For terrain elevation analysis, a 12.5 m spatial resolution digital elevation model (DEM) was 

acquired from the Alaska Satellite Facility (ASF) (www.asf.alaska.edu).  ASF   Radiometrically 

Terrain Corrected (RTC) products are distributed at two resolutions, that is RT1 and RT2.  RT1 

product was utilized in the current project. The RT1 products have a pixel size of 12.5m achieved 

by up-resampling and are generated from high resolution (NED 13) and mid-resolution (SRTM 

30 NED1 and NED2) DEMs. These products are terrain-corrected at the native pixel size of the 

DEM that is used for the correction. ASF DEM has vertical accuracy of 4.85 meters. The accuracy 

of the various DEM sources was analyzed by Gesch et al (2014), comparing the DEM with 

reference data in the form of the National Geodetic Survey (NGS). All RTC products are geocoded 

to the Universal Mercator (UTM) projection and provided as floating--point power values in 

GeoTIFF format.  
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Table 1: Description of Landsat Data 

 
Landsat Sensor Acquisition Date Path/Row Spatial Resolution Cloud Cover 

LandSat 7  ETM+ April, 2002 

November, 2000 

190/54 30/60* m 1% 

4% 

LandSat 8 OLI April, 2016. 

December, 2016. 

190/54 30/100* m 5% 

0% 

 
(*Thermal Infrared bands were resampled to 30 meters for both sensors) 

 

The administrative boundary polygon of Ilorin was downloaded from ESRI Living Atlas 

and the polygon was used to visualize the study area on ESRI-ArcGIS base map as well as to clip 

the Landsat data for further analysis. Red Green Blue (RGB) bands of Landsat were composited 

and was used for land cover mapping. The LCLU classification was validated with high resolution 

data obtained from Google Earth imagery.  

3.2 Methods 
3.2.1 Data Pre-processing: 

Landsat Level-1 products were used in the current study. Landsat Level-1 products are 

precision registered and orthorectified through a systematic process that involves ground 

control points and a digital elevation model (DEM). The Landsat Level-1 products are termed 

“terrain-corrected” and the images can be used as delivered by the USGS (2015c). As such no 

geometric corrections were applied to the Landsat used for the study area.  Dark Object 

Subtraction-1 (DOS-1) method of atmospheric correction was applied to all the thermal bands 

and bands 3 and 4 and 4 and 5 of the ETM+ and OLI sensors respectively. This correction was 

implemented using Semi-automatic Classification plugin in QGIS. In DOS-1 method, elements 
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such as water body and shadows are considered dark objects when their values of reflectance 

are close to zero and these objects are detected automatically when the pixel reflectance value 

is less or equal to 1.0% (Jesus et al, 2018). All bands were resampled to 30 meters spatial 

resolution. 

 

3.2.2 Data Processing 

3.2.3 Land Cover Map and the Normalized Difference Vegetation 
Index (NDVI) 

 To investigate the change in land cover within the period of 2000 to 2016 in the study 

area, the land cover maps for the wet season (April) of the two years (2002 and 2016) were 

computed. It was reasonable to map the landcover of the study area using the imageries for the 

wet season since the contrast among the land cover classes of interest would be more 

accentuated during this period, during which the vegetation would be greener and water bodies 

fuller and hence aid in potentially characterizing the different land cover types. Land use land 

cover classes of interest are built-up/bare ground, forest vegetation, grass/sparse vegetation, 

and water bodies. For the land cover maps, a semi-supervised classification method and the 

Maximum Likelihood Classification Algorithm (MLCA) were used. A semi-supervised 

classification method involves, first, using a non-supervised method to classify the pixels into a 

given number of clusters, followed by the use of training data to assign the pixels into different 

land cover classes. An average of 25 training samples was used for each of the land cover classes.  

NDVI of both wet and dry seasons for both years (2002 and 2016) and seasons (wet and 

dry) were computed using the red (0.63-0.69 μm) and near-infra red (0.75-0.90 μm) bands of 

the ETM+ data sets. Also, equivalent bands (bands 4 and 5) were used to compute NDVI for wet 
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and dry seasons of 2002 and 2016 from OLI images. Detailed steps for deriving the NDVI is 

contained in the appendix 1. Land surface temperature was computed from LANDSAT 7ETM+ 

and LANDSAT 8 OLI images used in the study. 

 

3.2.4 Land Surface Temperature (LST) Estimation (LANDSAT 7 ETM+) 
 
Step 1: 
3.2.4.1 Conversion of Digital Number (DN) to TOA Spectral Radiance: 
The Digital Numbers of Landsat 7 ETM+ were converted to spectral radiance using the formula 

below as provided in Landsat 7 Hand Book (2001), pg. 117-118 . 

Lλ = ((LMAXλ - LMINλ)/(QCALMAX-QCALMIN)) * (QCAL-QCALMIN) + LMINλ (Equation 1) 

Where: Lλ = Spectral Radiance at the sensor's aperture in watts/(meter squared * ster * μm) 

QCAL = the quantized calibrated pixel value in DN 

LMINλ = the spectral radiance that is scaled to QCALMIN in watts/(meter squared * ster * μm) 

LMAXλ = the spectral radiance that is scaled to QCALMAX in watts/(meter squared * ster * μm) 

QCALMIN = the minimum quantized calibrated pixel value (corresponding to LMINλ) in DN 

= 1 for LPGS products 

= 1 for NLAPS products processed after 4/4/2004 

= 0 for NLAPS products processed before 4/5/2004 

QCALMAX = the maximum quantized calibrated pixel value (corresponding to LMAXλ) in DN = 

255 

 

Step 2: 

3.2.4.2     Conversion of Spectral Radiance to Radiant Surface Temperature:  
For the ETM+ sensor (ie. 2000 and 2002 images), band 6 was converted from spectral 

radiance (as obtained in Equation 1 above) to radiant surface temperature using the equation 4 

as provided by the Landsat Project Office (2001), pg. 120:  
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TB  = K2/ (ln(K1/ Lλ  + 1)) (Equation 2) 

Where: TB is radiant surface temperature (in Kelvin);  

K2 is calibration constant 2;  

K1 is calibration constant 1;  

 Lλ is the TOA spectral radiance  

 

3.2.4.3 Land Surface Temperature (LST) Estimation (LANDSAT 8 OLI) 
For Landsat 8 TIRS scenes, the steps to estimate LST are similar to the ETM+ images. See Landsat 

8 Data Users Hand Book (2016).   

 
LST = TB / (1 + (λ TB / ρ) lnε. (Equation 3)  
Where: LST is land surface temperature (in Kelvin);  

TB is radiant surface temperature (in Kelvin);  

λ is the wavelength of emitted radiance (11.5 μm);  

ρ is h×c/σ (1.438×10 −2 m K);  

h is Planck’s constant (6.26×10-34J s);  

c is the velocity of light (2.998×108 m/sec);  

σ is Stefan Boltzmann’s constant (1.38×10 -23J K-1); and  

ε is emissivity. In sum ρ = 14,380. 

 

Step 1:  

3.2.4.4    Conversion of Digital Numbers to TOA Spectral Radiance 
The value of Top of Atmosphere (TOA) spectral radiance (Lλ) was determined by 

multiplying band specific multiplicative rescaling factor of TIR bands with its corresponding TIR 

band and adding band specific additive rescaling factor to it using the formula  

 Lλ = M L*Qcal + A (Equation 4).  

Where: Lλ is Top of Atmospheric Radiance in watts/ (m2*srad*µm)  

ML is Band specific multiplicative rescaling factor (radiance_mult_band_10)  
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Qcal is- band 10 image value.  

AL is Band specific additive rescaling factor (radiance_add_band_10) 

 

Step 2: 

3.2.4.5  Convert TOA spectral Radiance to Radiant temperature 
Converting TOA spectral radiance to radiant temperature is achieved by applying equation 3 

above. Because only band 10 of the Landsat 8 images was used,  

ML and AL values for band 10 are 0.000342 and 0.1 respectively. 

In all cases, emissivity parameters were applied using the formula in appendix 1b 

 

3.3 Analysis of Spatial Pattern of LST in the Study Area 
            A spatial statistical approach was necessary to understand the spatial pattern of LST in 

the study area. So, a spatial autocorrelation analysis was conducted for the four different 

scenarios (all season and years) using the spatial autocorrelation (SA) tool in ArcGIS 10.5.1. The 

results of the SA characterize the spatial pattern of the LST for the different seasons and all the 

years for the study area. The spatial autocorrelation (Global Moran's I) tool measures spatial 

autocorrelation of a feature by simultaneously considering both the features’ location and the 

attribute of the feature. In the current study, the spatial autocorrelation of LST was estimated 

by simultaneously considering both the location of the LST points and the attribute (value) of 

the point to determine whether the pattern expressed is clustered, dispersed, or random. The 

tool calculates the Moran's I Index value, and both a z-score and p-value to evaluate the 

significance of that Index. P-values are numerical approximations of the area under the curve 
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for a known distribution, limited by the test statistic (ESRI ArcGIS 10.5.1 Help).  This was 

summarized using summary statistics for all the seasons and years. 

 

3.3.1 Urban Heat Island Intensity 
                 UHI intensity is an important parameter that provides insight into the temperature 

difference between the urban LCLU and the surrounding non-urban area. Specifically, the UHI 

intensity can be defined as the difference between area-averaged urban temperature and the 

area-averaged temperature of the surrounding non-urban/rural LCLU. The UHI intensity can be 

calculated using the equation 5 below. 

     (equation 6) 

where UHII is the Urban Heat Island Intensity, TU is the area-averaged temperature of all urban 

pixels, and TR is the area-averaged temperature of all non-urban/rural pixels 

To understand the magnitude of the UHI in the study area within the period under 

consideration, the study area was broadly classified into urban and non-urban LCLU.  Because 

urban periphery can be significantly heterogenous in terms of LCLU as it could contain a mixture 

of urban and non-urban pixels, pixels at the urban periphery were removed to avoid biasing 

the UHI intensity estimation. Similarly, patches of urban LCLU were removed from areas 

broadly classified as non-urban. This is reasonable given the fact that UHI intensity is sensitive 

to and depends on which non-urban LCLU type(s) is selected for comparing with the urban 

areas (Mangelin, 2012). Hence LST for non-urban areas were retrieved from rural land cover 

types namely, forest/bushes, grasses/ sparse vegetation and water bodies within the non-

urban area.  Zonal statistics tool in ArcGIS was used to extract the mean LST of all the urban 
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pixels as well as the mean LST of all rural pixels. The UHI intensity was arrived at by calculating 

the mean difference between urban and non-urban LST for November 2000, April 2002, April 

2016 and December 2016. 

 

3.3.2 Relationship between Vegetation Cover and LST  
A simple linear regression model was employed to characterize the relationship between 

LST and vegetation abundance measured via NDVI for each of the two seasons and the two 

periods (2000 and 2016). For each season, a randomly chosen set of 16,922 samples points (2% 

of the total pixel counts) in the study area was used for the regression analysis between NDVI 

and the LST values. NDVI is used as the independent variable while LST is the dependent variable. 

The adjusted R2 (coefficient of determination) and the slope of the regression model, 

respectively, describe the percentage of the variation in LST accounted for by NDVI and the 

direction of the relationship between the 2 variables.  

 

3.3.3 Relationship between Elevation and LST  
In order to examine the possible relationship between topography and LST in the study 

area, terrain elevation values were regressed against corresponding LST values in each of the 

seasons and years using same sample points as in NDVI-LST regression. The analysis was 

achieved using a simple linear regression model. 
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3.3.4  Difference in LST between the Season and the Years  
To examine if there is a significant difference between the LST values in the 16-year 

interval (2000-2016) and between the seasons (wet and dry) in the study area, paired t-tests 

were conducted using same sample points as in above. Pairs were constructed between seasons 

and between years. 

 

3.4 The Study Area 
3.4.1 Geographical Setting  

This research used a study area centered on Ilorin, the capital of Kwara State, Nigeria.  

The geospatial datasets cover a rectangular extent, reaching from latitudes 8o 24’N to 8o45’N 

and longitudes 4o 29’E to 4o 58’E (see Figure 1). 

  

 
Figure 1: Map of Ilorin (Study Area showing urbanized areas in 2002 and 2016) 
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3.4.2 Climate, Vegetation, Relief and Soil:  
Ilorin is located in a zone between the deciduous woodland of the South and the dry 

savanna of Northern Nigeria (Jimoh, 2003). The climate of Ilorin is characterized by wet and dry 

seasons, with temperatures ranging from 33o C to 34oC from November to January and 34oC to 

53oC from February to April (Ilorin Atlas, 1982; as cited in Ajadi, et al., 2011). 

  

Figure 2: Average Monthly Temperature in Ilorin (1982- 2012) (Adapted from Climate Data.org-http://en.climate-
data.org /location/538/)  
 
 

 
 

Figure 3: Average Monthly Rainfall in Ilorin (1982- 2012) (Adapted from Climate Data.org-http://en.climate-
data.org/location/538/) 
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Rainfall in the city varies both spatially and temporally, with peaks between the months 

of March and October (Oyegun, 1987 ; as cited in Jimoh and Iroye, 2011). Especially during the 

dry season, Ilorin is characteristically sunny and hot in the day and warm at nights. 

  

3.4.3 Urbanization  
When urbanization is defined as the ‘increased concentration of people in the urban areas 

rather than in rural areas’ (UN-Habitat, 2006), it could be said that Ilorin’s urbanization started 

before the 19th century (Olorunfemi and Raheem, 2013).  For instance, the population of the 

city was about 36,000 in 1911 (Ibrahim, et al., 2014) and has gradually grown to 2,365,000 in 

2006 (see NPC, 2006). Like many other cities that emerged around same period in Nigeria, Ilorin 

retains the characteristics of traditional town alongside a modern urban center (Ajadi and 

Tunde, 2010). Plate 1 shows a section of Ilorin urban center along the overhead bridge.  

 

Plate 1: A bird’s eye view of Ilorin City from the side of the overpass bridge. Ilorin city structure  
comprises of different development zones /pattern evident in the type of building and infrastructure. 
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Ajadi and Tunde (2012) have classified Ilorin urban structure and pattern into four different 

zones. Emir's palace, Central mosque and Emir's market have been identified as the central part 

of the city. This is followed by the zone of transition, which contain deteriorating houses. The 

third and fourth zones are concentrically organized around the second zone and are for the 

working-class residents and second-generation immigrants into the city respectively. The rural 

area comprises an admixture of modern and ancient building typically separated from one 

another. The rural areas (see plate 2) have lower population density and a few modern 

infrastructures. Road density is low in the rural areas and there are fewer economic activities 

going on. As the rural areas surround the city, they serve as commuters’ zone for especially those 

who work within the urban periphery who find life lin the rural setting ess expensive than the 

urban core. 

 
Plate 2: Rural setting in Ilorin Area. This comprises of typically spatially separated 

 buildings surrounded with natural vegetation and typically low grade access roads 
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3.4.4 Population Growth Trend: 
For a long time, the city’s population did not show any appreciable growth, as it grew by 

only 4,000 inhabitants in 42 years, i.e. from 1911 - 1953 (see Figure 4). However, Ilorin has 

witnessed a significant growth, both in areal extent and in human population since 1967, when 

Kwara State was created, and Ilorin was designated as the administrative capital. Ilorin is  

currently an administrative and commercial hub of Kwara State and some settlements in 

surrounding states (Ibrahim et al., 2014). Mainly owing to this scenario, the city has become 

larger and more complex both in form and function, and consequently generates diverse 

environmental, social and economic impacts within and beyond its boundaries.  

Figure 4: Population Growth Trend in Ilorin. (Adapted from Ibrahim et al, 2014) (*projected) 
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CHAPTER FOUR 

4.0 Result and Discussion: 
4.1 Spatial Distribution of Land Cover 

Land Use/Land Cover: The results of the land cover classification and analysis for April 

2002 and April 2016 are shown in Figure 5 and summarized in Table 2.  Dense vegetation/forest 

and grassland/sparse vegetation were the dominant land cover types, and these accounted for 

64% and 41%, and 26% and 46% of all the land cover types in 2002 and 2016, respectively. Built-

up/bare ground had aerial extents of 73km2 and 96km2, representing 9.6% and 12.6% of the 

area in 2002 and 2016, respectively. The area of water bodies (notably the Assa River and Assa 

dam reservoir) remained relatively constant in area cover within the time period under study. 

 

Table 2: Descriptive Statistics of Land cover classification of the Study Area for 2000 and 2016 

 

 

 Area (km2) Percentage (%) Cover Area (km2) Percentage (%) Cover 
Built-Up/Bare Soil 73 9.6 95 12.6 
Dense Vegetation/Trees 491 64 316 41 
Grass/Farmland 196 26 349 46 
Water Bodies 2.7 0.4 2.7 0.4 
Total 762.7 100 762.7 100 
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 2000 2016 

 Area Percentage (%) Cover Area Percentage (%) Cover 

 (km2)  (km2)  

Built-Up/Bare Soil 73 9.6 95 12.6 

Dense Vegetation/Trees 491 64 316 41 

Grass/Farmland 196 26 349 46 

Water Bodies 2.7 0.4 2.7 0.4 

Total 762.7 100 762.7 100 

Figure 5: Land cover classification for April 2002 and April 2016 
showing various land cover classes and urban expansion within the period 

Legend

BUILT-UP/BARE SURFACES

GRASS/SPARSE VEGETATION

BUSH/FOREST

WATER BODY

April 2002 

April 2016 
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4.2 Spatial Pattern of Land Surface Temperature 
Generally, the LST values varied in both space and time (seasons and years), with a high 

temperature region noticeable, especially, in the built-up areas and decreasing towards the 

urban periphery (see Figure 6). The urban core is dominated by high values of LST irrespective 

of the season. For the period under study and across the study area, minimum and maximum 

LST values of 19oC and 38oC were recorded in April 2002 and November 2002, respectively. The 

difference between the minimum and maximum temperature across the study area were 16oC, 

13oC, 12oC and 13oC for April, 2002 (wet season), November, 2000 (dry season), April, 2016 (wet 

season), and December, 2016 (dry season), respectively. The highest and lowest surface 

temperature variability across the study area were recorded in November 2000 and April 2016 

with a standard deviation of 1.50C and 0.90C respectively.  
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Figure 6: Spatial Pattern of estimated LST for November 2000, April 2002, April 2016 and December 2016. The rings 
show the boundary of the urbanized/built up portions of the study area within the period under consideration. 
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The spatial pattern of LST in the study was further quantitatively investigated using 

Global Moran’s I statistic for spatial autocorrelation. The spatial autocorrelation analysis 

parameters / conceptualization used here are a fixed distance conceptualization, with a distance 

threshold / bandwidth of 500 meters, and the Euclidean distance method was applied.  

The result of the Moran’s I spatial autocorrelation analysis is shown in Table 3. The result 

of spatial autocorrelation analysis for all the seasons show positive Moran’s I index values of 

greater than 0.6, z-scores of greater than 220 at p < 0.001. This suggests that there is a significant 

clustering of LST values in the study area. The observed positive spatial autocorrelation is for all 

the years and seasons in the study area. The result of the spatial autocorrelation analysis 

suggests that LST in the area may be driven by a certain underlying geographic process such as 

land cover type, etc.  

Table 3: Spatial Autocorrelation Moran’s I Result 

 

 

 

 

 

Year/Season Moran’s Index z-score p-value 

November 2000/ (Dry Season) 0.6 226.8 0.0000 
April 2002/(Wet Season) 0.7 277.0 0.0000 
April 2016/(Wet Season) 0.8 284.4 0.0000 
December 2016/(Dry Season) 0.7 276.4 0.0000 
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4.3 Urban Heat Island Intensity 
Figure 7 captures the trend of mean LST difference between the urban and rural pixels in the 

study area for all the considered epochs. In all cases, the mean temperature of urban pixels is 

higher than the non-urban areas. Mean urban LST varied over the years with an overall range of 

3.90C, with the highest and lowest mean values recorded in 2002 and 2016. The wet seasons 

had the highest urban mean LST values across the study area. Mean urban LST fluctuated 

between 340C in 2002 and 30.10C in 2016 with a low-high, low-low trend within the four-time 

steps considered.  The relatively higher range in the mean LST for urban pixels than the non-

urban pixels signifies greater fluctuation in mean temperatures in the urban than the non-urban 

areas between the periods considered. 
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Figure 7: Showing Mean of Urban – Rural LST in November 2000, April 2002, April 2016 and December 2016. 
The difference between the two lines of graph represents the magnitude of UHI within the 
investigated period. 
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The difference between mean urban LST and the mean non-urban LST, that is, the UHI intensity, 

within the period varied between 0.20C to 4.60C.  The highest magnitude of 4.60C was recorded 

in the wet seasons of April 2002 and April 2016. The dry season UHI intensity ranged from 0.2 

to 1.0 in November 2000 and December 2016 respectively. The observed seasonal character of 

the UHI intensity where relatively higher UHI is observed in the wet than in the dry season may 

be linked to harmattan phenomenon. The harmattan is characterized by cold dry and dusty 

northeasterly trade wind that sweeps the West African subcontinent typically between the end 

of November and the middle of March. Harmattan phenomenon dominates the country 

including Ilorin around this period. Urban surface temperature can be moderated by the cold 

harmattan wind which keeps surfaces essentially cold and dry thereby lowering long wave 

radiation (sensible heat) from the LCLU surfaces that reaches the sensors onboard Landsat 

satellite.  

 

4.4 Relationship between LST and NDVI 
The relationship between LST and NDVI was investigated using an ordinary least square 

regression (OLS) model. Regression models were fit for the 2 different seasons (wet and dry) 

and for the 2 years to determine the influence of NDVI on LST. Two percent (16,922) of the total 

pixel counts of the image were randomly sampled from across the entire study area to run the 

analysis. For consistency purposes, and to allow for reasonable comparison, the same number 

and sample locations (pixels) were used for the analysis for all years and seasons. NDVI is the 

independent variable, while LST is the dependent variable. Table 7 shows the regression analysis  
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result  for the study area, and for all the years and seasons. The coefficient for each independent 

variable reflects both the strength and type of relationship the independent variable has with 

 

Table 4: Regression Analysis Result for LST and NDVI (* are significant at P < 0.001) 

 

the dependent variable. When the sign associated with the coefficient is negative, the 

relationship is negative (ArcGIS Help, ESRI 2017). 

For all the seasons and years, the coefficients of the regression analysis results in the 

study area are negative indicating that NDVI is inversely related to LST. This suggests that the 

LST decreases with an increase in vegetation abundance. Regression coefficients were stronger 

in November 2000 and April 2002 with coefficients of -21 and -13 respectively. The predictive 

power of the models as indicated by the adjusted R is highest in November 2000 and April 2002, 

with adjusted R values of 0.7 and 0.4 respectively. The impact of NDVI on LST, as shown in the 

regression model, suggests that a change in NDVI or vegetation abundance of a given amount 

in November 2000 and April 2002 resulted in a more significant change in LST than on other 

dates. The year 2016 (April and December 2016) showed modest coefficients of -8.9 and -6.9, 

with adjusted R values of 0.49 and 0.29 respectively. All the coefficients are significant at p < 

0.001.  

 

 Month/Year (Season) Coefficient Adjusted R-Squared 

LST/NDVI November /2000 (Dry Season) 

April /2002 (Wet Season) 

April /2016 (Wet Season) 

-21.1* 

-13.5* 

-6.9* 

0.7 

0.4 

0.5 

December /2016 (Dry Season) -8.9* 0.3 
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4.5 Relationship between Elevation and LST 
The spatiotemporal variation of LST as a function of elevation was also investigated using 

an ordinary least squares (OLS) regression model. A digital Elevation Model (DEM) with 12.5-

meter spatial resolution with a vertical accuracy of 4.85 meters was used in analyzing the 

relationship between terrain elevation and LST in the study area (Figure 8). Detail of the DEM is 

found in the data and methodology session of this paper. The elevation of the study area ranges  

 

from 198 meters to 483 meters. The DEM was resampled to a spatial resolution of 30 meters to 

match LST raster layers using the nearest neighbor algorithm in ArcGIS. Nearest neighbor is a 

local interpolation method using only a subset of samples that surround a query point and 

interpolated values are guaranteed to be within the range of the samples used. It does not infer 

trends and will not produce peaks, pits, ridges, or valleys that are not already represented by 

Figure 8:  Digital Elevation Model of Ilorin 
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the input samples (ArcGIS 10.5 Help). Two percent (16,922) of the total pixel counts (same 

sample location as was used in NDVI-LST regression model) were sampled and analyzed, where 

LST is the dependent variable and the elevation was the independent variable. Table 5 shows 

the results of the regression model between elevation and the LST in the study area.  

Table 5: Regression Analysis Result for LST and NDVI (* are significant at P < 0.001) 
 

                   Month/Year (Season)      Coefficient      Adjusted R Squared  

  
 

The correlation between elevation and LST in the study area is described by the coefficient of 

the independent (elevation) variable. The regression coefficients for elevation for the November 

2002, April 2002, April 2016 and December 2016 models are 0.0015, -0.0016, -0.0035 and -

0.0013, respectively. A negative coefficient indicates an inverse relationship between elevation 

and LST dates during the period under study. 

 Apart from the November 200, all the coefficients are significant at P < 0.01 with adjusted R 

values varying from 0% to 4%.   

 

The current study also sought to examine if there is a significant difference between the 

LST values in the 16-year interval (2000-2016) and between the seasons (wet and dry) in the 

study area. To this end, using 2% (16,922) of the total pixel counts for each of the LST data sets 

 

 

LST/ELEVATION 

November 2000 (Dry Season)  0.002 0.004 

April 2002 (Wet Season) -0.000* 0.000 

April 2016 (Wet Season) -0.004* 0.043 

December 2016 (Dry Season) -0.001* 0.006 



 37

and the Statistical Package for Social Sciences (SPSS 2017) software, a paired t-test was 

conducted to examine if there is a statistically significant mean differences between the 4 

different sample epochs. Samples were paired between seasons (wet and dry) and between 

years (2000 and 2016). The results of the paired t-tests are summarized in Table 6 

The results show that the differences in the means of the LST for the different seasons 

and years are statistically significantly (p<0.001, t= 170). April 2016 has the highest mean of 

32.33 and April 2002 recorded the lowest mean of 24.83. Based on the analysis, it could be 

concluded that the LST in Ilorin during the period under review has shown a significant change. 

 

Table 6: Result of the Paired t-Test 

 LST PAIRS 95% 
Confidence 
Interval Of 

Upper 

t df Sig. (2-
tailed) 

Pair 1 APRIL2016- APRIL 2002  7.468 481.1 16921 .000 

Pair 2 NOV2000 - DEC2016 2.708 170.7 16921 .000 

Pair 3 APRIL2002 - NOV2000 7.360 509.4 16921 .000 

Pair 4 APRI2016 - DEC2016 2.766 269.5 16921 .000 

 

 

4.6 Discussion 
The land cover / land use pattern of Ilorin city was analyzed and several possible factors 

capable of affecting the LST of the study area were considered. The relationships between LST 

and NDVI and elevation were investigated. Also, the study attempted to understand if there is 

any significant difference between the LST values of the different years and seasons within the 

temporal design of the study. As a significant factor affecting LST, and urban environment 
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temperature generally, the current study shows that land use land cover pattern has 

significantly changed during the period of 2000 to 2016. The urban proportion of the landscape 

has notably shown a significant increase, and the vegetation land cover, especially the forest 

component, has diminished within the period. 

This pattern of land use land cover dynamics has implications for LST. Several studies 

have established the inverse relationship existing between vegetation cover- frequently proxied 

by NDVI- and LST. Expectedly, the Ilorin urban core, with its high density of built infrastructure, 

recorded the highest mean temperature, and the LST decreases towards the urban periphery, 

reflecting the land cover land use pattern.  While the maximum and the minimum values of LST 

did not significantly change in the study area within the period under study, the portion of the 

city with increased LST values has increased. This shows that, as urbanization increases, the 

portion of the city and population experiencing rising LST will increase, as the LST follows the 

land cover pattern in all the years and seasons investigated.  

The spatial and temporal pattern of LST in the area showed a presence of UHI with an 

intensity ranging between 0.2OC to 4.6OC, with peaks in the wet seasons. The observed 

magnitude of UHI in Ilorin can have multiple economic, health and environmental implications 

for the urban dwellers. For instance, UHI can worsen air quality conditions and stimulate extra 

demand for energy for cooling.  Given a poverty level of more than 80% in the city (Kwara State 

Ministry of Planning and Economic Development (2012) and paucity of quality health infrastructure, 

high magnitudes of UHI can potentially worsen the economic status and public health of the 

urban dwellers.  
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However, since a greater number of persons is increasingly living in the urban area, the 

city provides a potential geographic unit for intervention targeted at reducing the total 

population potentially facing high temperatures. 

A Spatial autocorrelation analysis shows that the LST pattern is clustered. The Global 

Moran’s I index for all the scenarios showed high values, greater than 0.6 with z-scores greater 

than 220 in all cases at p < 0.001, which signifies a statistically significant clustering of LST values 

in all the investigated epochs. Historically, such clustering of high values of LST are precursors of 

persisting enclaves or pockets of high LSTs that may qualify as Surface Urban Heat Islands. Again, 

the observed clustering pattern also provides a suitable geographic unit for urban planning 

interventions aimed at managing LST in the city.  

The relationship between NDVI and LST confirms a typical inverse relationship as found 

in related studies. The literature is replete with studies confirming an inverse relationship 

between NDVI and LST. The intent of this study was not to reconfirm the relationship between 

NDVI and LST, as this has been sufficiently documented in the existing literature (Farina, 2012; 

Feng and Myint, 2015; Ching et al., 2016; Pal and Ziaul, 2016), but rather to investigate how 

much of the explanation for LST pattern is provided by NDVI, and whether there is a trend to 

this explanation. 

To this end, it was noted that NDVI explained between 50% - 71% of the variation in LST 

between 2000 to 2002, and NDVI increasingly diminished in importance as an explanatory 

variable for LST in 2016, where only 29% - 49% explanation was provided by this variable. This 

is suggestive of a decreasing function of NDVI as an explanatory variable for LST. Several reasons 

can be postulated for the variation in the strength of the observed relationship between NDVI 
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as an independent variable for LST over the years considered. For instance, several authors have 

shown that not only the presence but also the spatial arrangement of vegetation has impact on 

the cooling effect of vegetation land cover on the urban climate (Zhibin et al. 2014). As 

urbanization increases in Ilorin, the spatial configuration and partitioning of existing vegetation 

will dynamically change and will potentially impact on the LST character. Also, city size has been 

linked to the degree of UHI (Rybski and Kropp, 2017, Oke, 1972), and as such, as the size of the 

city increases, the relationship between LST and vegetation is expected to change. Local climatic 

factors such as exposure to insolation, wind pattern and time of day can as well account for the 

observed pattern.  Similarly, although a regression analysis between elevation and LST in the 

study area showed a statistically significant negative relationship in 3 out of the 4 scenarios, the 

strength of the elevation as an explanatory variable of LST was very weak, varying from 0% to 

4%. At the very best, this shows that elevation is not a significant factor influencing LST in the 

study area.  

A paired t-test between the LST means of each of the 4 time periods was conducted to 

establish if there is any statistically significant difference between the LST means. The results of 

the paired t-tests (the details of which are found above in Table 6) show that the LST for each of 

the periods is statistically significantly different from each of the others. That means that each 

of the seasons and years exhibited significantly different central tendencies in LST. Pairs 1 and 2 

and pairs 3 and 4 (as defined in Table 8) were used to test mean difference between years, and 

mean difference between seasons, respectively. So, apart from the spatial variation of LST across 

the study area, there was also a variation in the mean LST across time during the period under 

study. 
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CHAPTER 5 

5.0 Conclusion: 
The current research sought to investigate the possible impacts of urban vegetation and 

elevation on the LST of Ilorin. Also, an attempt was made to describe and understand the spatial 

and temporal characteristics of LST in the study area. Based on the analyses undertaken, it could 

be concluded that the LST of the area is clustered in space and varied in time within the temporal 

extent of this research. High LST values are found clustered around the built-up urban region, 

and then LST diminishes towards the urban periphery. A clustering of high LST values in urban 

areas versus relatively lower mean LST in the rural areas is indicative of UHI in the study area. 

LST in the study area closely followed the pattern of land use land cover, thereby reinforcing 

earlier results and confirming the relationship between urban LST with LULC.  

The relationship between vegetation (measured via NDVI) and LST showed varying 

significance over time. The degree of explanation of LST provided by NDVI waned with time, 

varying from about 70% in 2000 to about 40% in 2016. The reasons for this have been 

hypothesized. Nevertheless, the observed relationship between NDVI and LST in the study area 

confirms that while NDVI has been shown in the literature to be a significant factor in driving 

LST (Quattrochi and Ridd, 1994), its level of importance may vary given other intervening factors 

such as city size, season, elevation, and other local factors. This is insightful when considering 

the possible use of urban vegetation to lower LST or manipulate the UHI phenomenon. 

Although, the study found elevation to be statistically significant as an independent 

variable for LST, it could be concluded that, given the value of the regression coefficients 

recorded for elevation and their corresponding R2, elevation cannot be regarded as an important 
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variable in explaining the LST pattern in the area. The paired t-test results show that the mean 

LST for the dry season (November/December) are lower than those for the wet season (April), 

indicating a relatively warmer surface temperature in the wet season. This aligns with the 

measured annual mean temperatures for Ilorin as shown in Figure 2.   

The UHI intensity in Ilorin shows appreciable change over time, tending towards a 

decreasing trend. However, further studies with higher temporal resolution and longer temporal 

extent may be needed to validate the observed trend. Nevertheless, it is obvious that the urban 

landscape in the study area is averagely significantly warmer by more than 20C than the rural 

space. When coupled with the overall relative high temperature of the city especially during the 

wet seasons (averagely above 330C), it calls for a conscious plan to manage a potentially rising 

temperature and its potential impacts on health, economy and human comfort generally. The 

overall nature and configuration of future development and urbanization of the city coupled 

with its local climatic variables will determine the exact character of the future UHI in the city.  

It is worthy of note, that while the current study has investigated the temporal and 

spatial pattern of LST in Ilorin as well as the relationship between NDVI, elevation and LST, the 

LST data used in the study represents only a snap shot of the scenario. Therefore, conclusions 

drawn on this study should be interpreted accordingly. To get a better picture of the spatial 

pattern and trend of the LST within the period of interest, the temporal resolution of the LST 

data could be further increased to fill data gaps, subject to the availability of suitable, cloud free 

imagery for the study area. 
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Appendix 

 
 
Appendix 1: Estimation of NDVI from Landsat 7 and 8  
 
Bands 3 and 4, and bands 4 and 5 are used for NDVI estimation for Landsats 7 and 8 
respectively. 
 
Step 2: 

Appendix 2: NDVI Computation: 
The equation for computing NDVI for both sensors is:  

NDVI = (ρ nir - ρred)/ (ρnir + ρred) (Equation 8)  

Where:  ρ nir is the Near infrared band and  

ρred is the Red band.  

 

 Appendix 3: Computation of Land Surface Emissivity (LSE) 
e = 0.004Pv + 0.986, (Equation 9) 

Where: e = emissivity, and 

 Pv = Proportional Vegetation.  

However, Pv = (NDVI - NDVImin) / (NDVImax - NDVImin)2  (Equation 9) 
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