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ABSTRACT 

The Hawassa Town was experienced a rapid urban expansion over the past two decades because 

of accelerated economic growth and increase in population which resulted in unplanned 

urbanization. Due to this, land use land cover change has been formed and will result 

environmental problems and challenges. To notice the above-mentioned problems, exploring the 

land use land cover dynamics which will finally resulted in the emergency of Urban Heat Island 

(UHI) will be assessed that will value` both the communities and local government in the cities. 

This research work was conducted on the relationship between land use transformation and its 

implication on land surface temperature change at the heart of rift valley, Hawassa Town, 

Ethiopia. Remote sensing, GIS techniques and statistical methods were mainly employed for data 

analysis.  A series of Landsat data was used to assess and analyze urban landscape dynamics and 

land surface temperature. It does so by generating land use land cover maps derived from 

Landsat 5 TM for 1986, 1998 and 2010, and Landsat 8 OLI for 2017, using supervise 

classification techniques. Spatial pattern analysis of LST was performed using thermal band of 

landsat images. Cross tabulation methods, regression analysis and hotspot analysis was 

employed to study to urban landscape dynamics and land surface temperature. Based on the 

analysis done, it was obtained that the areal extant of urban (built-up) area has increased 

considerably by 121.68%.The increasing difference of Surface Heat Intensity (SHIn) between 

urban area and non-urban area was distinguished. For instance, non-urban area was cooler than 

the urban area except the agriculture sector. As per calculation performed, the difference of the 

mean of hotspot and mean of cold spot areas ranged from 8.8 °C to 14.37 °C. Therefore, 

increasing surface heat intensity was observed between 1986 and 2017. The surface temperature 

was found to be greater for agriculture and urban (built-up) land use land cover types. Finally, it 

has been concluded that, with rapid urbanization, surface thermal intensity increased but 

relationships with vegetation, water bodies and swampy area suggest that optional for mitigating 

urban warming in tropical climate may be available. The use of hotspot analysis and the 

investigations of the Urban Heat Island (UHI) will fill the research gaps for the rest of Ethiopian 

city for studies of urban thermal variations.   

Key Word: Land use land cover, Land surface temperature, Urban Heat Intensity, Regression 

analysis, Cross Tabulation, Urban Heat Island. 
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CHAPTER ONE 

1. Introduction 

1.1 Background of the study 

 

Urbanization is a process whereby population move from rural to urban area and also from 

urban to urban area, enabling cities and towns to grow. It can also be termed as the 

progressive increase of the number of people living in towns and cities. It is highly influenced 

by the notion that cities and towns have achieved better economic, political and social 

mileages compared to the rural areas. Because of this cities and town are among the most 

complex land use structure crated by human societies. This complex system is characterized 

by the complex patterns of land use. In 2014 the world’s urban population amounted to 54% 

of its total population. In the developed countries 78% of the population lived in urban areas, 

and in the developing countries, this figure was around 52%.this indicates that currently more 

than half of the world’s population is urbanized (United Nations, 2014)1. 

Hawassa town was the most populated urban region in the country, which has been facing 

rapid urbanization over the decades. Factors  responsible  for  rapid urban  growth  in  the  

Hawassa town  are  physical  conditions  of  the  town,  public  service accessibility,  

employment  opportunities,  population  growth, government  plans  and  policies.  By 

physical conditions, it means that the Hawassa town has topography suitable for the residence 

and the town near to Hawassa Lake. 

Urban development usually gives to a dramatic change of the earth’s surface as natural 

vegetation is removed and replaced by non-evaporating and non-transpiring surfaces such as 

metal, asphalt and concrete. This alteration will inevitably result in the redistribution of 

incoming solar radiation and induce the urban rural contrast in surface radiance and air 

temperature. Today, two-thirds of all impervious area is in the form of parking lots, 

driveways, roads, and Highways (Getter and Rowe, 2006). Therefore, high rate of urban 

landscape dynamics have resulted in radical demographic, economic, land use/land cover and 

climate changes. Climate changes are accompanying by the modern urbanization, especially 

in the case of rapid changes, where man has created his habitat (Kim, 1992). 

Land Surface Temperature (LST) is an important parameter in the UHI phenomenon, which 

manifests high spatial and temporal in homogeneity especially in urban areas (Zaksek and 

Ostir, 2011). LST  is  actually  the  skin  temperature  of  the  land  surface which differs from 

the land surface air temperature (Srivanit et al., 2012). 

                                                           
1 (http://esa.un.org/unpd/wup/puplications/files/wup2004-report ) 

http://esa.un.org/unpd/wup/puplications/files/wup2004-report
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An Urban Heat Island (UHI) is an urban area which, significantly, warmer than its 

surrounding rural areas. The higher the urbanization, the larger temperature differences 

between urban and rural areas (S. Ahmed, 2017). Tall buildings and narrow streets can heat 

the air trapped between them, meanwhile, replacing natural land cover with concrete, 

infrastructure, and industrial activities take away the natural cooling effects (Weng and 

Larson, 2005). Increasing LST in urban areas leads to the formation of Urban Heat Islands 

(UHIs), where urban areas show higher LST than the surrounding rural areas (Buyantuyev 

and Wu, 2009).  

So this research aims to investigate urban landscape dynamic and its impact on land surface 

temperature change in the study area. In this connection, satellite remote sensing provides a 

straight forward way to investigate the thermal differences between urban and rural areas, 

land use land cover change and retrieve land surface temperatures (LST). Land use/land 

cover change is strongly related to the urban growth, the study of the relationship between 

LST and land use/land cover is fundamental to explore the impact of urban growth on land 

surface temperature, including the UHI effect. The study  of  the  relationship  between  LST  

and  land use/land cover  change  helps  researchers  to understand  the  causes,  spatial-

temporal  distributions,  consequences  and  possible measures to mitigate the UHI effect. 

The study on the UHI incident by satellite image derived by LST measurements is carried out 

by Landsat Thematic Mapper Sensor (TMs) and Enhanced Thematic Mapper Sensor Plus 

(ETMs+), particularly, have been utilized for local scale mapping studies of UHI (Weng and 

Qihao, 2012; Chen et al., 2002).The regression analysis and statistical measures are indeed 

useful to determine the influence degrees of LST within various land use/land cover types 

(Zhu and Zhang, 2011).  

There are various types of land use/land cover indices proposed to investigate the correlations 

between land use/land cover and LST. Among several indices, Normalized Difference  

Vegetation  Index(NDVI), Normalized Difference Built  up  Index  (NDBI)  and  Normalized  

Difference  Water  Index(NDWI)  strongly correlate  with LST (Chen et al., 2006). These 

indices are extracted using band ratios of different bands of satellite images. Each of these 

indices has a unique spectral response to specific land use/land cover types (Guo et al., 2015).  

The output of this research is assumed to fill this research gap through local scale analysis of 

landscape change detection and its influence on urban climate at a micro level and the 

existence of UHI phenomenon in the town.  Exploring  the  impact  of  urban  growth  on  

LST  can  be  useful  for  the  urban planners and decision makers for sustainable urban 

planning and  to  discover ways to solve  the  urban environment problems. 
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1.2 Statement of the problem 

 

Urban landscape dynamics mainly depends upon the city requirement, facilities available and 

industrialization. Due to this, accelerated economic development and population of the town 

increase over the years. The major causes of migration of the people from rural to urban 

areas, putting huge pressure on infrastructure, nature resource and lead to formation of slums 

or uncontrolled urban expansion. Because of the increasing of population, industrialization 

and other natural and human activities, its land use land cover patterns are changing. This 

numerous changes in the land use land cover patterns increment in urban expansion. Finally, 

increases level of urban expansion which in turn increases the pressure on environment 

change.  

In the recent time, global warming and environmental problems are a headache for both 

developing and developed countries. Global climate appears to be changing at an alarming 

rate (Naissan and Lily, 2016). Both urban and rural areas are experiencing warm temperature 

condition and it is increasing from time to time. The earth’s environment is a dynamic 

system, including many interacting components (physical, chemical, biological and human) 

that are continuously varying (Emilio, 2008). Therefore, the climate change was one of the 

most influential physical factors that not only impact individual’s psychology and physiology 

but also control the life of behavioral and economical activates. The climate still affects the 

comfort of the personal indoors and outdoors (Anbar, 2012). 

Practices such as changing the land use land cover of agriculture land and vegetation cover 

changed into industry, residence and unplanned settlement and other activities lead our 

environment changed into warming the temperature. Accordingly, one of the main factors, 

that is responsible for the increment of environmental change especially land surface 

temperature change is land use land cover change. As surfaces throughout the entire city 

become hotter, overall ambient air temperature increases. There is a rise in air pollution and 

heat, which has various level of harmful on the population. 

This study tries to show a wide array of applications that gives information about the 

correlation between LST and land use land cover dynamics process of the area as an input for 

planning and decision-making.  
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1.3 Objective of the study 

 

1.3.1 General objective 

 

 The general objective of this study was to assess urban landscape dynamics and 

its implication on land surface temperature change through GIS and remote 

sensing techniques in Hawassa Town and its surroundings area. 

 

1.3.2 Specific objective 

 

 To quantifying the magnitude of urban landscape dynamics since 1986. 

 Investigate the relationships between land surface temperature and land use land 

cover indices and land use land cover types; and 

 Analyze Surface Heat Intensities (SHIn) and examine its temporal and spatial 

variation across Hawassa Town and its surroundings. 

 

1.4  Research questions 

 

The study will address the following research questions. 

For Objective 1  

 What are the spatiotemporal patterns of land use land cover changes of the study 

area? 

 How accurate the land use land cover map as derived from image classification? 

 What are the major land use land cover classes of the study area? 

For Objective 2 

 What is the role of NDVI, NDBI and NDWI for land surface temperature 

analysis? 

 What is the correlation between land use land cover indices and LST in the study 

area? 

 What is the impact of each land use land cover types on LST change in the study 

area? 

For objective 3 

 How is the spatial-temporal pattern, trends and distributions of land surface 

temperature in the study area? 

 What are the surface heat intensity and its spatio-temporal pattern? 
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1.5 Scope of the study 

 

The present study was conducted in and around Hawassa Town in SNNP Region; Ethiopia. 

The study areas have different land use land cover patterns and the different land use land 

covers have been changing from time to time. Because of the land use land cover change, the 

LST of Hawassa Town and its surroundings has been rising from time to time. Increasing 

LST leads to environmental problem such as climate change and seasonal fluctuation. 

However, the increase of LST is not supported by research rather than the perception of local 

communities.  

In order to know and compute the implication of the urban landscape dynamics on land 

surface temperature change, correlation analysis between the land use/land cover and LST 

was done. For each land use/land cover classes the LST values assessed by zonal statistic tool 

and land use/land cover classification should be supported by field verification and high 

resolution image. Unless land for settlements and farm land properly managed, it can affect 

and have a negative impact on the environment. Therefore, to overcome this problem, the 

present study would contribute for decision makers as information and identifying different 

land use/land cover classes and changes. 

 

1.6 Significance of the study 

 

The significance of the study could be, 1) give information about the trend of land use/land 

cover and LST Change of the area; 2) give the information about the Surface Heat Intensity 

in the temporal resolution in the study area; 3) It could be used as an input for government 

policy makers, urban and rural land management, natural resources managers, environmental 

experts and other concerned bodies for their decision making processes related to how land 

use/land cover and LST changes through time. In addition to this, it can be a reference or 

initial step and use as input for coming researchers based on the analysis of the study. In 

addition, it helps to quantify the relationship between land use/land cover types and land 

use/land cover indices with LST, and can be an important input to predict future land surface 

warming. 

The output of the study would provide better information about the changes in urban areas 

and surrounding area by using the application of GIS and remote sensing techniques or 

geospatial tools and its applicability, which is time and cost effective for analysis and impact 

of land use land cover dynamics on LST. It also provides the opportunity to understand the 

trends of changes and its driving factors. 
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1.7. Limitations of the study 

 

Despite the fact that Hawassa Town is one of the fastest growing town in Ethiopia but its 

implication on surface urban heat island it is rather less studied in comprehensive analyze 

urban landscape dynamics and its effect on urban heat island and the published literature not 

obtained from the international published site and in addition to this for urban researcher 

those important document like aerial photo and other reference data for accuracy assessment 

in digital format are inaccessible both in the regional as well as in the federal urban 

development office. And also, not obtain the complete monthly record temperature data from 

1986 to 2017 and the meteorological station data not cover the whole study area because of 

this not validate of land surface temperature obtained from Landsat thermal bands. During the 

processing and analyzing of an overall input dataset there have been some limitations 

encountered by the researcher. That includes: Time was a very critical problem to cover all 

the activities. Financial resources limitations to cover all the necessary required expense for 

technical assistant and material supply.   

 

1.8 Thesis structure  

 

The present work has been organized in six chapter and the outline of each chapter is 

mentioned below. Chapter one presents the introduction and explains background of the 

study and justification of the study, research problem, significance, scope of the study, 

research objective and research questions. Chapter two is the Literature review part reviews 

the concepts that are related to the land use/land cover and urban climate change. And also, 

Describe about GIS and Remote sensing techniques, the role of GIS and remote sensing for 

LULC and LST change analysis and the parameter for calculate land surface temperature.  

And finally, describe the land use land cover indices and impact of LULC on LST change. 

Chapter three presents the study area description such as location and accessibility, climate, 

physiographic population and wind of the study area. Chapter four describes data source and 

research methods that were applied and developed. Chapter five presents result and 

discussion of the thesis. It starts spatial distribution of land use land cover, change detection 

of the land use/land cover and the relationship between LST and land use land cover. Chapter 

six summarizing and concludes the finding in the thesis and gives an outlook on future 

research in the field. 
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CHAPTER TWO  

2. Literature review 

2.1 The concept of land use land cover 

 

Every parcel of land on the Earth’s surface was unique in the cover it possesses. The earth’s 

surface has been changed considerably in the past decades by human’s as a result human 

induced factors of deforestation, agricultural activities and urbanization. Land is the ultimate 

resource of the biosphere. Land use and land cover are distinct yet closely linked 

characteristics of the Earth’s surface. The definition land use and land cover has been used as 

one in different research. However, these two terms explain two different issues and have 

different meanings.  

Land-cover refers to the observed biophysical cover on the earth’s surface, including water 

bodies, vegetation, soil and hard surfaces (FAO, 2000).Land-use is the 

exploitation/utilization of the land by human activities for the purpose of settlements, 

agriculture, forestry, and by pasture altering land surface processes including bio 

geochemistry, hydrology and biodiversity (Di Gregorio and Jansen, 2000). In this context, as 

variation in the surface component of the landscape and is only considered to occur if the 

surface has a different appearance when viewed on at least two successive occasions 

(Lemlem, 2007). 

 

2.2 Drivers of land use land cover change 

 

Many researchers agrees that the main cause of land use land cover change and related 

impacts in Ethiopia are anthropogenic in origin even though natural processes may also 

contribute to change (Agarwal et al., 2002;Ali, 2009 and Birhan and Assefa, 2017). Changes 

in the land use land cover reflect the history and, perhaps, the future of humankind. Such 

changes are influenced by a variety of factors related to human population growth, economic 

development, technology and environmental changes (Houghton, 1994). Population growth is 

one of the major factors for land use land cover change. People are the most important natural 

resources, which is mutually inter-related and interdependent for their sustainable 

development (Santa, 2011).  

Land-cover changes, which is conversion of the land-cover from one type of to another and 

modification of the conditions within a category and land-use change occurs initially at the 

level of land parcels when land managers decide that a change towards another land 

utilization type is desirable (Meyer and Turner, 1992).  
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United States Environmental Protection Agency (USEPA, 2004), identified that the major 

drivers of Land-use/Land-cover change are: 

 Natural process such as climate and atmospheric changes, wildfire and past 

infestation. 

 Direct effect of human activity such as road and illegal house constructions and 

deforestations (Clearance of trees). 

 Indirect effects of human activity is such as, water diversion leading to lowering of 

the water table. 

The other factors that contributed to the Land-use/Land-cover change are property rights. 

Private ownership protected forests to some extent during the imperial reign (Adugna et al., 

1996). Land degradation is the most series impact of land-use/land-cover changes happened 

in Ethiopia. land degradation, which is decreasing of potential of productivity of land is 

caused by different processes including soil erosion and nutrient depletion and so on These 

processes are interrelated and could occur due to natural drivers but they are invariably 

accelerated by human intervention in the natural environment(Agray-Menash,(1985). 

 

2.3 The concept of urban climate change 

 

Climate change, broadly speaking, refers to any significant change in measures of climate 

such as temperature, precipitation, or wind lasting for an extended period decade or longer. 

And also climate change refers to long term or permanent shift in climate of the urban area. 

Some of the evidence for climate change includes increased frequency of the occurrence of 

drought, global temperature rise, tropical cyclones, flood, and reduced annual rainfall 

reduction in glacial cover over mountain and rising sea levels (Alemayehu, 2008). The term 

climate change is often used interchangeably with the global warming, but according to the 

National Academy of Sciences (2008 Edition), the phrase climate change ‘is growing in 

prefer used to ‘global warming’ because it helps convey that there are changes in addition to 

rising temperature. 

The climate in urban areas differs from that in neighboring rural areas, as a result of urban 

development. Urbanization greatly changes the form of landscape, and also produces changes 

in an area’s air. Urban climate, any set of climatic conditions that prevails in large 

metropolitan area and that differs from the climate of its rural surroundings. Urban climates 

are distinguished from those of less built-up areas by differences of air temperature, 

humidity, wind speed and direction, and amount of precipitation. These differences are 

attributable in large part to the altering of the natural terrain through the construction of 
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artificial structures and surfaces. For example, tall buildings, paved streets, and parking lots 

affect wind flow, precipitation runoff, and the energy balance of a locale. 

 

2.4 Remote sensing 

 

Remote Sensing is the science and art of acquiring information about material objects, area, 

or phenomenon, without any physical contact between the object and sensors. In remote 

sensing, information transfer is accomplished by use of electromagnetic radiation (Lillesand 

and Kiefer, 2004).  

Image processing and analysis can be defined as the “act of examining images for the 

purpose of identifying objects and judging their significance”. Image analyst study the 

remotely sensed data and attempt through logical process in detecting, identifying, 

classifying, measuring and evaluating the significance of physical and cultural objects, their 

patterns and spatial relationships12. 

Digital image consists of discrete picture elements called pixels. Associated with each pixel is 

a number represented as DN (Digital Number) that depicts the average radiance relatively 

small area with in a scene. The range of DN values being normally 0 to 255. The size of this 

area affects the reproduction of details within the scene. As the pixel size is reduced more 

scene detail is preserved in digital representation (Lillesand and Kiefer, 2004). Digital image 

analysis is usually conducted using raster data structure-each image is treated as an array of 

values. It offers advantages for manipulation of pixel values by image processing system, as 

it is easy to find and locate pixels and their values.  

 

2.4.1 Resolution 

 

Resolution is an important term commonly used to describe remotely sensed imagery. There 

are four distinct types of resolution. These are spatial, spectral, radiometric, and temporal. 

These resolution characteristics help to describe the functionality of both remote sensing 

sensors and remotely sensed data (ERDAS Field Guide, 2002). 

Spatial resolution is the measure of the smallest object that can be resolved by the sensor or 

the smallest area on the ground represented by each pixel. It tells the degree of detail of the 

earth surface feature recorded by the sensor. The finer the spatial resolution in remote sensing 

refers to imagery in which each pixel represents a small area on the ground and the detail the 

recorder. Small scale refers to imagery in which each pixel represents a large area on the 

ground.  

                                                           
2(http://www.ida.liu.se>Literature>image processing and analysis)  
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Spectral resolution refers to the specific wave length intervals in EM spectrum sensor can 

record. Wide intervals in the electromagnetic spectrum are referred to as coarse spectral 

resolution, and narrow intervals are referred to as fine spectral resolution.  

Radiometric resolution refers to the dynamic range, or number of possible data files value 

in each band. This is referred to by the number of bits into which the recorded energy is 

divided. The total intensity of the energy, from 0 to the maximum amount, the sensor 

measures is broken down, for example, into 256 brightness values for 8-bit data. The data file 

values range from 0, for no energy return, to 255, for maximum return, for each pixel.  

Temporal resolution is a measure of how often a given sensor system obtains imagery of a 

particular area, or how often an area can be revisited or the frequency at which satellite data 

is recorded about an earth surface feature. Temporal resolution is an important factor to 

consider in change detection studies. 

 

2.4.2 Image processing 

 

Image processing is a mathematical manipulation and interpretation applied on the pixel 

value and/or its geometry. Is broadly classified in to preprocessing and post-processing. Pre-

processing operations, which are also called image restoration and rectification, are essential 

for prior to image classification and change detection analysis. It involves correction of 

sensor- and platform-specific radiometric and geometric distortions of data.  

Radiometric corrections removes errors related with variation of illumination and viewing 

geometry, atmospheric conditions, and sensor noise and response. Radiometric preprocessing 

influences the brightness values of an image to correct for sensor malfunction or to adjust the 

value to compensate for atmospheric degradation. Absolute radiometric calibration 

techniques require ground reflectance data and information about the sensor and atmosphere 

for the date of image acquisition, which are often difficult or impossible to obtain. William et 

al. (1997) the atmosphere degrades the true DN value of earth feature by introducing 

additional brightness from its components by scattering. The preprocessing operation to 

correct atmospheric degradation; haze correction or dark subtract, is used to compensate this 

error.  

Geometric distortions can be caused by several factors, including: the perspective of the 

sensor optics; the motion of the scanning system; the motion of the platform; the platform 

altitude and velocity; the terrain relief; and, the curvature and rotation of the Earth. The 

sources of geometric distortions are classified in two categories: Observer and Observed. 

Geometric corrections are intended to compensate for these distortions so that the geometric 
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representation of the imagery will be as close as possible to the real world (Chintan P. Dave, 

2015).   

Image enhancement: is basically improving the interpretability or perception of information 

in images for human viewers and providing `better' input for other automated image 

processing techniques. The principal objective of image enhancement is to modify attributes 

of an image to make it more suitable for a given task and a specific observer. During this 

process, one or more attributes of the image are modified. The choice of attributes and the 

way they are modified are specific to a given task. Moreover, observer-specific factors, such 

as the human visual system and the observer's experience, will introduce a great deal of 

subjectivity into the choice of image enhancement methods. There exist many techniques that 

can enhance a digital image without spoiling it. The enhancement methods can broadly be 

divided in to two such as spatial domain methods and frequency domain methods (Raman 

Maini and Himanshu Aggarwal, 2010).  

 

2.5 Geographical Information System (GIS) 

 

Geographic Information Systems is a computer based system that provides four sets of 

capabilities to geo-referenced data: data input, data management (storage and retrieval), 

manipulation and analysis, and finally data output (Arnoff, 1989).GIS is a set of tools for 

collecting, storing, retrieving at will, transforming and displaying spatial data from the real 

world for a particular set of purposes (Burrough, 1986). Furthermore, a Geographic 

Information Systems is a computer based system which is used to digitally reproduce and 

analyze the future at present on earth surface and the events that take place on it.  

In order to utilize the land resources in sustainable way, a land use plan that incorporates the 

different land characteristics has a paramount importance. To incorporate the different land 

attributes that differ spatially and to identify the best suitable land use, GIS is a vital tool. 

Geographic Information Systems (GIS) incorporates database systems for spatial data. 

Moreover, the surface and overlay analysis capabilities in GIS can effectively facilitate in 

handling vast amount of spatial information (Dayawansa, 2003).  

It is estimated that 80% of data used by managers and decision makers is related 

geographically. Data are of little value in and of themselves. To be useful, they must be 

transformed in to information. When data are organized, presented, analyzed, interpreted, and 

considered useful for the decision problem, they become information. Accordingly, 

geographical information can be defined as georeferenced data that has been processed in to a 

form that is meaningful to the recipient (decision makers) and it is of real or perceived value 
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in the decision-making process. Information is used by the decision maker and is derived 

from data (Malczewski 1999).  

 

2.6 The role of remote sensing and GIS for LULC and LST change analysis 

 

Remote sensing and geographic information system techniques have been widely used over 

the world for the study of historical changes in land use and land cover and Land surface 

temperature analysis. Remote sensing has been used to identify vegetation cover, air 

pollution, LST and other surface characteristics (Zha, 2012; Weng, 2004). Furthermore, 

understanding the correlation between land surface temperature and land use land cover is 

important to manage the land. It provides a large variety and amount of data about the earth’s 

surface for detailed analysis as well as change detection quantification using ground borne, 

airborne and space borne derived datasets with the availability of historical remote sensing 

data, the reduction in data cost and increased resolution from satellite platforms, remote 

sensing technology appears ready to make an even greater impact on monitoring land-cover 

change. Land-use/land-cover changes can be analyzed over a period using Landsat sensors 

such as Landsat Multi Scanner (MSS) data and Landsat Thematic Mapper (TM) data by 

image classification techniques (Gumindoga, 2010). 

Since 1972, Landsat satellites have provided repetitive, synoptic, global coverage of high-

resolution multispectral imageries. Their long history and reliability have made them a 

popular source for documenting changes in land use/land cover over time(Turner et al., 2003) 

and their evolution is further marked by the launch of Landsat7 (Enhanced Thematic Mapper 

Plus sensors) by the United State in 1999. 

According to Macleod and Congation (1998), the following are four land use land cover 

change detection (aspects of change detection) are distinguishing the nature of the change; 

detection/finding of the changes that have occurred; measuring the area extent of the change 

and assessing and investigating spatial pattern of the change. 

Remote Sensing and geospatial tools play crucial role in quantifying and estimating LST. 

Land surface temperature is derived from geometrically and radiometric corrected Landsat 

Thermal Infrared (TIR) band 6 and Landsat 8 thermal infrared (TIR) band 10 and 11(Khin et 

al., 2012). 
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2.7 Land surface temperature driving from remotely sensed data 

 

2.7.1 Sensor brightness temperature 

 

The brightness temperature is a measurement of the radiance of the microwave radiation 

traveling upward from the top of the atmosphere to the satellite, expressed in units of the 

temperature of an equivalent black body. The brightness temperatures, measured at different 

microwave frequencies, are used at remote sensing systems to derive wind, vapor, cloud, rain, 

and sea surface temperature products. Despite differences in sensor frequencies, channel 

resolutions, instrument operation and other radiometer characteristics, RSS produces high-

quality, carefully inter calibrated data, using uniform processing techniques, with a brightness 

temperature data record spanning multiple instruments over several decades. 

 

2.7.2 Land surface emissivity 

 

Surface emissivity (ε) is a measure of the inherent efficiency of the surface in converting heat 

energy into radiant energy above the surface. It depends on the composition, roughness, and 

moisture content of the surface and on the observation condition (i.e. wavelength, pixel 

resolution and observation angle(J.A. Sobrino, Raissouni and Zhao-Liang Li, 2001).Accurate 

surface emissivity is desired in land surface models for better simulations of surface energy 

budgets from which surface temperature in the model is calculated (Jin et al. 

1997).Emissivity (ε) is defined as the “emitting ability” of a natural material, compared to 

that of an ideal blackbody at the same temperature. The emissivity of natural land surface is 

determined by soil structure, soil composition, organic matter, moisture content, and 

vegetation-cover characteristics (Van de Griend and Owe, 1993) the value of the emissivity 

always lies between 0 and (Jin and Liang, 2006) .     

The value of emissivity always lies between 0 and 1 (Jin and Liang, 2006). The knowledge of 

surface emissivity is important for estimating the land surface temperature. It  can  reduce  

the  error  on  estimating  the  surface  temperature  from  thermal  satellite  data.  Current 

emissivity databases consists MODIS, ASTER and Landsat products. 

Emissivity has strong seasonality and land use/land cover dependence.  Specifically,  

emissivity  depends  on  surface-cover type,  soil  moisture  content,  soil  organic  content,  

vegetation  density. For example, broadband emissivity is  usually  around  0.96–0.98  for 

densely  vegetated  areas,  but  it  can  be  lower  than  0.90  for  bare  soils (Jin  and  Liang,  

2006).  
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Land Surface Emissivity (LSE), as an intrinsic property of natural materials, is often regarded 

as an indicator of material composition, especially for the silicate minerals, although it varies 

with viewing angle and surface roughness (Sobrino, Raissouni and Li 2001; Sobrino, 

Jimenez-Munoz and Verhoef, 2005).  

Generally speaking, the retrieval of LSE from space is not easy. The direct estimation of LSE 

from passive satellite measurements is impossible due to the combined effects of the land 

surface temperature (LST) and LSE or the atmospheric contamination (Li, Petitcolin, and 

Zhang 2000; Jiang, Li, and Nerry 2006). 

 

2.7.3 Land surface temperature 

 

Land surface temperature denotes the temperature on the surface of the earth or it is the skin 

temperature of the earth surface phenomena (Kayet et al., 2016).Land Surface Temperature 

(LST) is the radiative skin temperature of the land derived from solar radiation that is a 

measurement of how hot the land is to the touch. Skin temperature refers to the temperature 

of the top surface in bare soil conditions and to the effective emitting temperature of 

vegetation "canopies" as determined from a view of the top of a canopy (esa, sentinel 

online)3.A simplified definition would be how hot the "surface" of the Earth would feel in a 

particular location. From a satellite's point of view, the "surface" is whatever it sees when it 

looks through the atmosphere to the ground. It could be snow and ice, the grass on a lawn, the 

roof of a building or the leaves in the canopy of a forest. Land surface temperature is not the 

same as the air temperature that is included in the daily weather report because land heats and 

cools more quickly than air. But average monthly land surface temperature in degrees Celsius 

as measured by the Moderate Resolution Imaging Spectro Radiometer (MODIS) on NASA’s 

terra satellite. LST is the brightness temperature of land surface; it’s not the real temperature 

on the surface but has strong relationship with air temperature4. Thus, LST could be an 

indicator for UHI. Land surface temperature is important for evaluating land surface and land 

atmosphere interaction, constraining surface energy budgets and model parameters and 

providing observation of surface temperature change both globally and key regions.   

LST is a basic determinant of the terrestrial thermal behavior, as it controls the effective 

radiating temperature of the Earth's surface. However, because of the extreme heterogeneity 

of most natural land surface, this parameter is difficult to estimate and validate. Several 

factors can fundamentally influence the derivation of LST including temperature variations 

                                                           
3https://sentinel.esa.int/web/sentinel/user-guides/sentinel-3-slstr/overview/geophysical-measurements/land-

surface-temperature) 
4https://www.researchgate.net/post/What_is_the_difference_between_Land_Surface_Temperature_LST_and_U

rban_Heat_Island_UHI) 

https://sentinel.esa.int/web/sentinel/user-guides/sentinel-3-slstr/overview/geophysical-measurements/land-surface-temperature
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-3-slstr/overview/geophysical-measurements/land-surface-temperature
https://www.researchgate.net/post/What_is_the_difference_between_Land_Surface_Temperature_LST_and_Urban_Heat_Island_UHI
https://www.researchgate.net/post/What_is_the_difference_between_Land_Surface_Temperature_LST_and_Urban_Heat_Island_UHI
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with angles sub-pixel in-homogeneities in temperature and cover, surface spectral emissivity 

at the channel wavelengths, atmospheric temperature and humidity variations and clouds and 

large aerosol particles such as dust. 

Land surface temperature of a given area can be determined based on its brightness 

temperature and the land surface emissivity, which is calculated through applying the split 

window algorithm (Rajeshwari and Mani, 2014, MdShahid, 2014). According to Kerr et 

al. (2004) land surface temperature gives information about the difference of the surface 

equilibrium state and vigorous/vital for many applications. LST also defined as, the 

monitoring of surface temperature based on pixel derived observation through remote sensing 

(Paramasivam, 2016). The characteristics of urban land surface temperature is depending up 

on its surface energy balance, which is governed by its properties such as orientation, sky and 

wind, openness to the sun and radiative ability to reflect solar and infrared and also ability to 

emit infrared availability of surface moisture to evaporate and roughness of the surface 

(Voogt,2000). Land-use/land-cover changes due to changes in surface temperature (ST) 

which makes both urban and rural managers to estimate the urban surface temperature and its 

surrounding rural area for urban planning as well land management in general (Becker et al., 

1990).The LSI of a place is the indicator of its climate change and radiation exchange with 

atmosphere. It is important for meteorology, soil moisture and environmental studies. 

 

2.8 Urban Heat Island (UHI) 

 

Urban Heat Island (UHI) is an urban or metropolitan area that is significantly warmer than its 

surrounding rural areas due to human activities. The term heat island describes built up areas 

that are hotter than nearby rural areas (Sobrino et al., 2012). Generally, Urban Heat Island 

(UHI) is a specific area, generally in urban regions where the environment is much hotter 

than the nearby rural areas because of human activities. The heat is most prominent in night 

times and during cloudy conditions. It affects the local climate and public health and 

consumes more energy for air-conditioning or refrigeration. It is not a direct indication of 

global warming. Urban development reduces vegetative cover and adds heat absorbing 

surface such as a roof tops, building and paving. Heat is also added from other source in 

cities such as fuel combustion and air conditioning unites. The results are an urban heat 

island. Experts often divide the urban heat island into three types: atmospheric (surface), 

canopy, and boundary layer Surface heat islands.  

Atmospheric heat islands- Warmer air in urban areas compared with rural areas, illustrated 

with isotherm maps or graphs. 
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Canopy layer heat islands are present in the air layer where we live-from ground level to the 

tops of tree or buildings. 

Boundary layer urban heat islands-start from the rooftop and treetop level and extend up to 

the point where urban landscapes no longer influence the atmosphere. This region typically 

extends no more than one mile (1.5 km) from the surface. 

 

2.9 Land use land cover indices 

 

2.9.1 Normalized Difference Vegetation Index (NDVI) 

 

Normalized Difference Vegetation Index is the difference of near infrared and visible red 

reflectance values normalized over reflectance and calculated from reflectance measurements 

in the near infrared (NIR) and red portion of the spectrum (Burgan and Hartford, 1993). To 

calculate the Normalized Difference Vegetation Index, subtracting the red band from near 

infrared band and then dividing to near infrared band plus red band. The value is ranging 

from -1 to1, the negative values are indicative of water, snow, clouds, non-reflective surface 

and other non-vegetated, while the positive value expresses reflective surfaces such as 

vegetated area (Burgan and Hartford 1993). Vegetation has a direct match/correspondence 

with thermal, moisture and radiative properties of the earth’s surface that determine LST 

(Weng, 2004). In addition to NDVI, Normalized Difference Moisture Index (NDMI) also 

used as an alternative indicator of surface urban heat island effects in Landsat imagery by 

investigating the relationships between land surface temperature and NDVI. The index is 

expressed as NDMI= (NIR-IR)/ (NIR+IR), it evaluates the different content of humidity from 

the landscape elements, especially in soils, rocks and vegetation and it is an excellent 

indicator of dryness. Values greater than 0.1 are symbolized light colors and they signal high 

humidity level. Whereas, values close to -1 symbolized by dark colors represents low-level 

humidity level (Mihai, 2012). 

According to streutker (2003), one of the promising of studying urban surface temperature is 

using remote sensing or air born technology. Evaluation of land surface temperature from 

remotely sensed data is common and typically used in studies of evapotranspiration and 

desertification processes. 

Further, (Walsh et al., 2011) stated that urban area such as buildings and roads and 

infrastructures or anthropogenic factors contribute to increase atmospheric temperature. The 

wide use of land surface temperature for environmental studies, have made remote sensing of 

land surface temperature important academic issue during the last decades. Indeed, one of the 

most important parameters in all surface atmosphere interactions and fluxes between the land 
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and the atmospheric island surface temperature (Buyadi et al, 2013).NDVI use Landsat 5 TM 

the reflectance in the Near-infrared band (0.76-0.9µm) and red band (0.63-0.69µm) and for 

Landsat 8 OLI Near-infrared band (0.85-0.88µm) and red band (0.64-0.67µm). 

Mathematically, NDVI were calculated using the following formula: 

NDVI =
NIR − R

NIR + R
                                                                 (2.1) 

Where: NDVI-Normalized Difference Vegetation Index,  

            NIR-Near-Infrared and, 

            R- Red Band 

 

2.9.2 Normalized Difference Built-up Index (NDBI) 

 

NDBI was first developed by (Zha, Y., Gao, J. and Ni, S., 2003) to investigate the extent and 

density of imperviousness surface and built-up area sand map these areas, as it can highlight 

the urban distribution with a typically higher reflectance in the short-wave infrared region 

band than that of the near-infrared one (Alhawiti, R.H. and Mitsova, D., 2016).The NDBI 

separates Built-up from other ground cover. Its ratio was calculated through the difference of 

Short-wave Infrared Band (SWIR) and near infra-red (NIR) which was normalized by 

summing up these two bands. NDBI use NIR and SWIR are the reflectance in the Near-

Infrared band (0.76 -0.9 µm) and Short-wave Infrared band (1.55 - 1.75 µm), respectively, for 

Landsat 5 TM. However, for Landsat 8 OLI these differed slightly: Near-Infrared band (0.85 

- 0.88 µm) and Short-wave Infrared band (1.57 - 1.65 µm) 

Mathematically NDBI were calculated using the following formula: 

NDBI =
SWIR−NIR 

SWIR+NIR
                                                                                    (2.2) 

Where: NDBI-Normalized Difference Built-up Index 

             SWIR-Short-wave Infrared Band 

             NIR- Near-Infrared Band 

 

2.9.3 Normalized Difference Water Index (NDWI) 

 

NDWI is an index to extract water bodies from satellite imagery. The value is same here for 

the reason of being NDWI indices value from -1 to 1. NDWI has been developed to delineate 

open water and enhanced their presence in remote sensed imagery based on reflected near 

infrared radiation and visible green light. NDWI may allow turbidity of water bodies to be 

estimated from remote sensed data (McFeeter, 1996). NDWI is sensitive to change in liquid 

water content of vegetation canopies. Water has a high reflectance in the Short Wave Infrared 
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Red (SWIR) and Green band bands of a sensor system. The NDWI separates water from 

other water cover. Its ratio was calculated through the difference of Green (G) and Short- 

wave Infrared Red (SWIR) which was normalized by summing up these two bands. NDWI 

use Green and SWIR are the reflectance in the Green band (0.52 - 0.60 µm) and Short-wave 

Infrared band (1.55 - 1.75 µm), respectively, for Landsat 5 TM. However, for Landsat 8 OLI 

these differed slightly: Near-Infrared band (0.85 - 0.88 µm) and Short-wave Infrared band 

(1.57 - 1.65 µm). 

NDWI =
G−MIR

G+MIR
                                                               (2.3) 

Where: NDWI-Normalized Difference Water Index,  

             G-Green and,  

             SWIR-Short-wave Infrared Band 

 

2.10 Impact of LULC change on land surface temperature change 

 

One of the major factors that are responsible for the increase of land surface temperature is 

land use/land cover and different researchers agree with that land-use change and unplanned 

use of land resources lead to increasing land surface temperature. (Oluseyi et al., 2011) have 

studied that spatially there are correlations with changes as reflected in the characteristics of 

individual land-use classes or categories. The influence of land use/land cover changes on 

LST is different at different latitude, for example in South Asia and East Asia tropical 

temperate regions (Shukla, 1990).  

According to Yue et al. (2007), the relationship between NDVI and LST with integrated 

remote sensing application to quantify Shanghai Landsat7 ETM+ data was used. The result 

shows that different land use/land cover classes have significantly different impacts on land 

surface temperature and normalized difference vegetation index calculated by the Enhanced 

Thematic Mapper Plus sensor in the Shanghai urban environment. 
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CHAPTER THREE  

3. Description of the study area 

3.1 Location and accessibility 

 

This study area was carried out in Hawassa town and surrounding area. It is located in the 

southern Nations, Nationalities and peoples (SNNP) regional state. It is a city in Ethiopia, on 

the shores of lack Hawassa in Great Rift Valley. It is found at the distance of 273 km south of 

Addis Ababa via Bishoftu, 130km east of Sodo and 75km north of Dilla. One of the most 

rapidly expand city in the country. It is located a latitude and longitude of 6096’N 38021’E 

and 7.14096’N 38036’E in geographical coordinate Systems. The city administration has an 

area of 157.2 Square km, but the overall study area has an area of 560 square Km.  

 

Figure 3.1: Location map of the study area. 
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3.2 Climate 

 

Hawassa has a tropical savanna climate though it boarder on a subtropical highland climate. 

There are two seasons: a length thought not intense wet season from March to October and a 

short dry season from November to February. The extra cloudiness of the wet season was 

sufficient to make it substantially cooler than the dry season despite a higher sun angle. 

However, the coolest morning temperatures, often close to freezing, occur during the dry 

season. 

 

3.2.1 Rainfall 

 

Ethiopia is located in the region where June through September the main rainy season. The 

moisture for precipitation in the area originates from southwest equatorial air stream, which 

moves northwards with inter-tropical convergence zone (ITCZ), (W.W.D.S.E 2001). The 

mean annual rainfall computed from the long-term (1985 to 2017) on the bases of 32 years of 

the record of one rainfall stations in Hawassa meteorological station that contribute to the 

study area was estimated to be 973mm. Kiremet (June to September) rainfall contribute 48%, 

Baga (October to February) rainfall contribute 20% and Belg season (March to May) rainfall 

contribute 32% to the mean annual precipitation in the Hawassa town (Figure 3.2). shows  the  

long-term  average  monthly  distribution  of  rainfall at Hawassa meteorological station and 

the an average of 973mm rain fall par year. 

 

 

 

Figure 3.2: Monthly average rainfall for Hawassa and surrounding area at Hawassa 

meteorological station (1985 - 2017). 
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3.2.2  Temperature 

 

The mean annual temperature computed from the long-term (1985 to 2017) on the bases of 

32 years of the record of one temperature stations in Hawassa meteorological station that 

contribute to the study area was estimated to be 27.450C in maximum temperature,13.040C in 

minimum temperature and 20.250C the mean temperature. The monthly average maximum 

temperature of the area varies from 24.570C to 29.990C, the monthly average minimum 

temperature of the area varies from 10.360C to 14.580C and the monthly average mean 

temperature of the area varies from 19.320C to 21.570C.The absolute maximum temperature 

occurs in mid-March and is 29.990C and the absolute minimum temperature occurs in 

December and is 10.360C(Figure 3.3).Variation of monthly average temperature in Hawassa 

(1985-2017) adapted from National Meteorological Agency (NMA) of Ethiopia, 2017. 

 

 

 

Figure 3.3: Monthly average temperature for Hawassa and surrounding area at Hawassa 

meteorological station (1985 - 2017). 
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is muggy, oppressive, or miserable, does not vary significantly over the course of the year. At 

a station in Hawassa town RH has been measured three times a day, since 1985. The Relative 

humidity records show the mean monthly value of 66.48% with mean minimum monthly of 

57.15% in February and reaches maximum 76.13% in September. Long-term mean monthly 

values of climatic variables are presented in the following (Figure 3.4). 

 

 
 

Figure 3.4: Monthly average relative humidity for Hawassa and surrounding area at Hawassa 

meteorological station (1985 - 2017). 

 

3.3 Physiographic and drainage 

 

The study area, Hawassa town and its surrounding is situated in a large volcano-tectonic 

collapse (Hawassa caldera) at the eastern margin of the MER, having a diameter of 40-50Km, 

(Woldegabriel et al., 1986). The study area was characterized by flat lying topography with 

some scattered hills, like Mount Tabor (1800m), Mount Alamura (2019m).Therefore, the 

average altitude of the city is 1708m (5604 ft.).The depression is bounded by remnants of the 

caldera wall and some regional and local faults. The eastern scarp forms the edge of the rift 

whose average throw is about 500 m, whereas the southern and western scarps of the caldera 

which roughly form an arc of a circle are relatively lower with a 250 m elevation difference 

from the floor. Lake Hawassa was a closed catchment with no surface water out flow. It is 

fed by some ephemeral streams from the west and North West and by Tikurwuha River from 

the east, which is the only perennial river that flows to the lake. The former Lake Cheleleka is 

converted to swamp since sediments that are coming from the eastern side of the scarp are 

partly deposited in this area. 
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3.4  Population 

 

Based on the 2007 census conducted by the Central Statistical Agency of Ethiopia this town 

has total population of 157,139 out of this 81,020 are men and 76,119 women are living in 

the city (CSA, 2007). Based on the result of housing and population census of from May, 

2007 to 2016 the projected population of Hawassa city administration to be 371,826 people 

out of this 191,352 was male and 180,474 are females. Based on CSA report total number of 

the population of the city administration 242,489 peoples live in urban area while the 

reaming129, 337 peoples live in rural areas of the administration. Annual population growth 

rate 4.02% from this 4.8% growth rate in Urban and 2.8% growth rate in rural areas of the 

city. Much of the population growth in Hawassa has been the result of internal migration and 

expansion of Educational and other facilities, also widening of the city boundary has caused 

some the increased. Hawassa has a young population around 65% of the peoples are under 25 

years of age and only about 5.5% of the population is over 50 years of age.(source 2008E.C 

socio economic profile city administration). 

 

3.5 Wind 

 

This section discusses the wide-area hourly average wind vector (speed and direction) at 10 

meters above the ground. The wind experienced at any given location is highly dependent on 

local topography and other factors, and instantaneous wind speed and direction vary more 

widely than hourly averages. The average hourly wind speed in Hawassa experiences mild 

seasonal variation over the course of the year. The winder part of the years for 2.4months, 

from June 20 to September 1, with average wind speeds of more than 5.0 miles per hour. The 

windiness day of the year is July 25, with an average hourly wind speed of 6.1 miles per 

hour. The calmer time of year lasts for 9.6 months, from September 1 to June 20.the calmest 

day of the year is September 30, with an average hourly wind speed of 3.8 miles per hour. 

The predominant average hourly wind direction in Hawassa varies throughout the year. 
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CHAPTER FOUR 

4. Data sources and research methods 

 

The analysis including image preprocessing, image classification, land use/land cover 

indices, the evaluation of LST using thermal bands dataset and the analysis of the relationship 

between land use/land cover and LST. A flowchart of the research process is described and 

summarized in (Figure 3.1). 

 

4.1 Data acquisition and materials 

 

In this study, use a series of multi-temporal Landsat imageries such as Landsat 5 Thematic 

Mapper(TM) and Landsat 8 OLI image were used. These imageries were acquired freely 

from archive of United States Geological Survey (USGS)5. 

Images were selected at interval of approximately 10 years between 1986 and 2017 for 

monitoring land use/land cover changes and land surface temperature. All images were 

acquired during the dry season due to the good availability of cloud free images, but more 

importantly due to the high relevance of dry season conditions for UHI studies in tropical 

cities where the highest intensity of UHI commonly occurs during dry or cool seasons 

(Mcgregor and Nieuwolt, 1998; Roth, 2007).To ensure better comparison of surface 

temperature and UHI effect all images were acquired in the same month (December) in the 

winter season. The specific acquisition data of the image was 24, December 1986, 08, 

December 1998, 09, December 2010 and 28, December 2017 with scenes along the same 

path. The details of the Landsat data used in the current study are furnished in (Table 4.1). 

Image processing, such as image extraction, rectification, atmospheric correction for Landsat 

data, restoration and classification, and GIS analysis, interpretation and retrieve LST were 

performed using a set of software to assure higher accuracy: Earth Resources Data Analysis 

Systems (ERDAS) Imagine 2014, the Environment for Visualizing Images (ENVI 5.1), 

ArcGIS 10.4.1 (ESRI) software, and IBM SPSS software. 

 

 

 

 

 
 

                                                           
5(http://earthexplorer.usgs.gov/). 

http://earthexplorer.usgs.gov/
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Table 4.1: Satellite data used in the study. 

 

Sensor Date of Acquisition Path/Row Bands Resolution Source 

Landsat 5 TM Dec_24_1986 168/055 1_7 30*30 USGS Earth Explorer 

Website 

Landsat 5 TM Dec_08_1998 168/055 1_7 30*30 USGS Earth Explorer 

Website 

Landsat 5 TM Dec_09_2010 168/055 1_7 30*30 USGS Earth Explorer 

Website 

Landsat 8 OLI Dec_28_2017 168/055 1_7and 

10 &11 

30*30 USGS Earth Explorer 

Website 

 

4.2 Image pre-processing  

 

Image pre-processing helps to enhance and improve the quality of images. Therefore, sub-

section of 20Km by 28Km, covering the entire city of Hawassa and its surrounding rural 

landscape, were processed to retrieve reflectance from reflective bands of the images and 

surface temperature from thermal infrared bands. Both Landsat TM and Landsat OLI data are 

composed of independent single-band images. Therefore, it is necessary to combine these 

single-band images to a multiband image of TM and OLI using a layer stacking tool. 

Atmospheric correction were applied to all image using the Quick Atmospheric Correction 

(QUAC) algorithm in the ENVI image processing program version 5.1. QUAC is a visible-

near infrared through shortwave infrared (VNIR-SWIR) relative atmospheric correction 

method for multispectral and hyper-spectral imagery. It estimates atmospheric compensation 

parameters directly from the information contained within the scene (observed pixel spectra) 

without ancillary information (Bernstein et al., 2005).The raw digital numbers of the thermal 

bands were converted to Top of Atmosphere (TOA) brightness temperatures using Planck's 

equation. When data on atmospheric conditions are available, a number of radiative transfer 

codes (RTCs), such as LOWTRAN and MODTRAN can be used to correct for atmospheric 

effects and retrieve surface radiance, which can then be converted to Land Surface 

Temperature (LST) by applying emissivity corrections. The spatial reference system used for 

all the datasets were WGS 1984 UTM Zone 37N.Therefore, data which were not in this 

system such as digital aerial photograph, digital topographic maps and other layer of the 

study area were projected to WGS 1984 UTM Zone 37N. 
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4.3 Auxiliary Data 

 

Reference data were compiled for each of the four years and use in either classifier training or 

for accuracy assessment. These data were used to collect sufficient information for image 

preprocessing, evaluate the ground truth of a certain type of land use/land cover with its 

imagining characteristics (Omran, 2012), and to determine the major types of land use land 

cover in the study area. The generated reference data include Hawassa and Shashemena 

digital topographic maps with a large scale (1:50,000) prepared by National Mapping Agency 

(EMA), aerial photograph from Hawassa Landholding Registration and Information Office 

(HLRIO) and Google earth. The spectral signatures of pure pixels of the major urban land 

use/land cover types are extracted based on the level-I classification scheme of (Anderson, et 

al., 1976) such as urban (built up), agriculture land, water bodies, vegetation cover and 

swampy area. The ground truth data and high resolution imagery were in the form of 

reference data used for assessing accuracy of the classification in addition to points collected 

during a field survey using Global Positioning System (GPS) receivers. 
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Figure 4.1: Data processing flow chart showing the general methodology.  
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4.4 Land use/land cover classification and accuracy assessment 

 

4.4.1 Classification and accuracy assessment  

 

A classification scheme had to be established before image classification. By computing 

average spectra of each class, a spectral characteristic of each land use/land cover class in 

each of the acquired data had been recognized, resulting in a classification schema comprised 

of five land use/land cover level of classes described in (Table 4.2). For this study, supervise 

classification was used to create land use/land cover maps, which is considered most common 

technique of classification approaches (Gillespie, A., 2014). 

In this method, the spectral characteristics of the class were defined by identifying training 

samples. Defined area of interest (AOI) which is called training sample classes and 

knowledge about the area of interest (AOI) played a vital role in classification process. More 

than one training samples area was used for a particular land use/land cover class. The 

training sites were selected from Landsat image with the reference of Google Earth, ground 

truth data, digital aerial photo and digital topographic maps (Figure 4.2).After the collection 

of the training samples area, image classification was carried out by using the maximum 

likelihood classification algorithm. The maximum likelihood classification algorithm assigns 

a cell to class of the highest probability, where by the probability value was the statistical 

distance based on the mean values and the covariance and variance of the spectral response 

patterns of a pixel is the parametric rule used during classification. The basic steps operation 

followed on supervised classification was: 

 Defining the training site: 

The first step in undertaking a supervised classification was to define the areas that will be 

used as training sites for each land use/land cover class. This is usually done by using the on-

screen digitized features. The created features are called Area of Interest (AOI).The selection 

of the training sites was based on those areas clearly identified in all sources of images. 

 Extraction of signatures: 

After the training site (AOI) was being digitized, the next step was to create statistical 

characterizations of each information are called Signatures editors in ERDAS Imagine 2014. 

In this step, the goal was to create a signal (SIG) file for every informational class. The SIG 

files contain a variety of information about the land use/land cover classes described. After 

the entire signature has been created then the SIG file saved as dialog box.  

 Classification of the image 
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The supervised classification has been applied after defined training classes. One or more 

than one training area was used to represent a particular class. During the supervised 

classification process, the entire signature editor was selected in order to be used on the 

classification process. Then, the classified was selected from the Editor Menu bar, 

classify/supervised. Non Parametric rule was used in this classification.  

 

Table 4.2: Classification schema of land use/land cover in the study area. 

 

S.no LULC types Description 

1 Urban(built-up) Land covered by buildings and other man-made structures such as 

residential, commercial services, industrial area,  

2 Agriculture Land covered with temporary crops such as perennial crop, annual 

crop followed by harvest period, crop fields and pastures 

3 Vegetation  Land cover by shrubs, tree and grassland  

4 Swampy Land use by wetland, grass land 

5 Water Land use by lack, river and spring water  

 

Therefore, by the classification processes produce land use/land cover map for the years 

1986, 1998, 2010 and 2018. This map showing change for types of land use/land cover 

classes within the study area and enabled spatio-temporal analysis. 

 

 

 

Figure 4.2: Identification of training sites using Landsat Image, aerial photo and Google 

Earth. 

 

One of the most important final and mandatory steps of image classification process was 

accuracy assessment. The purpose of accuracy assessment was to quantitatively assess how 

effectively the pixels were sampled into the correct land use/land cover classes. Moreover, 

the key emphasis for accuracy assessment pixel selection was on areas that could be clearly 

identified on both Google earth and aerial photographs.  
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Reference sample data extraction depends upon two types of sampling units, i.e., pixels 

(points) and polygons (patches). In this study, the land use/land cover maps were derived by 

pixel-based image classification so that pixel level sampling units were adopted. Aerial 

photographs and Google earth were used as sample reference data source for the 1986, 1998 

and 2010 land use/land cover classification accuracy assessment. On the other hand, field 

survey samples were used as reference data for the 2017 land use/land cover classification 

accuracy assessment. Reference sample size should be kept as small as possible, but still be 

capable of meeting requirements to assess the accuracy of the classified maps (Gao, 2009). 

Although various mathematical theories were developed to determine adequate sample sizes 

for study area (Jensen, 2005; Gao, 2009), no standardized consent has been reached yet 

regarding the adequate sample size determination. However, a general “rule of thumb” 

approach is recommended by researchers. According Gao, 2009 proposed that the minimum 

sample size for each land use/land cover class, necessary for 85% and 90% accuracy 

interpretation is to be set to 20 and 30, respectively. On the other hand, (Jensen, 2005, 

Lillesand et al., 2008 and Congalton and Green, 2009) argue that any sample size of less than 

50 will be unsatisfactory for error estimations and in most cases a minimum of 50 samples for 

each map class should be collected for maps of <4,000 km2 in size and fewer than 12 classes. 

According to Congalton, 1991 states that 250 reference pixels (±5%) are needed to construct 

the confusion matrix and to estimate the actual mean of accuracy assessment. Therefore, by 

considering the size of the study area (560km2), the identified five land use/land cover classes 

and to construct the confusion matrix an economical and satisfactory sample size i.e., a 

minimum of 50 samples per land use/land class was used. The values of the sample points 

were 482,432,523 and 417 randomly selected reference pixels selected for 1986, 1998, 2010 

and 2017 respectively placed on the classified images were generated, representing a specific 

coordinate of the image. Among other sampling techniques, a stratified random sampling 

scheme was used to generate reference sample datasets. The main advantage of this type of 

sampling scheme for this study is that no matter how small a land use/land cover class is in 

size or limited in its spatial extent, smaller areas can be adequately represented (Gao, 2009).  

Therefore, the accuracy of classification was verified by the filed checking and comparing 

with the existing land use/land cover. The most common method generally used for the 

accuracy assessment was the error matrix (Confusion Matrix). Confusion matrices were 

computed to evaluate the relationship between the reference data used and the resulting 

classified land use/land cover maps. The arrangement of the error matrix was numbers 

representing number of samples assigned to a specific category relative to the ground truth, in 
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rows and columns. The rows in the matrix represents classification derived land use/land 

cover maps while columns represent reference data collected from the field data, Google 

earth and aerial photograph. This matrix enables computations of several statistical measures 

such as overall accuracy like producer’s and user’s accuracy and kappa coefficient 

(Congaltion and Green, 2009). 

The overall accuracy is defined as the ratio of the number of correctly classified pixels (i.e. 

the sum of the diagonal elements) to the total number of pixels checked, expressed in 

percentage. 

The overall classification accuracy =
Number of Correct Points

Total Number of Points
                (4.1) 

However, the overall accuracy is an average, so it does not expose how error was distributed 

between the classes. Therefore, in this research consider other metrics derived from the error 

matrix to further describe accuracy assessments including; Commission and omission error, 

sensitivity and specificity and kappa statistics. This statistical related classification accuracy 

was computed based on the following formula. 

Sensitivity =
a

a+b 
(Equivalent to Producer′s)                                      (4.2) 

Specificity =
d

b+c
                                                                                                 (4.3) 

Where: a=Number of times a classification agreed with the observed value. 

             b=Number of times a point was classified as X when it was observed to not be X. 

 c=Number of times a point was not classified as X when it was not observes to be X. 

Error Commission were the percentage of pixels placed in a given category when they 

actually belong to the other category. 

Commision Error = 1 − Specificity                                                        (4.4) 

Errors of omission were the percentage of pixels that should have been put into a given 

category but were not. 

Ommision error = 1 − Sensitivity                                                               (4.5) 

The Kappa statistics reflects the difference between actual agreements expected by chance. It 

incorporates the off diagonal of the error matrix (Foody, 2002; Lillesand et al., 2007; 

Tempfli, 2009) or KAPPA analysis is a discrete multivariate technique used in accuracy 

assessments (Jensen, J.R., 1996). Kappa analysis yields a Khat statistics (an estimate of 

KAPPA) that is a measure of agreement or accuracy (Congalton, R.G., 1991).the Khat 

statistics is computed as; 
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𝐾 =
N ∑ xii−∑ (xi+Xx+1)r

i=1
r
i=

N2−∑ (xii
r
i=1 Xx+1 )

                                                                 (4.6) 

Where: r=Number of rows and columns in the error matrix, 

             N=total number of observation (pixels). 

             Xii = observation in row i and column i 

            Xi+ = marginal total of row i, and X+i = marginal total of column i 

A Kappa coefficient equal to 1 means perfect agreement where as a value close to zero means 

that the agreement is no better than would be expected by chance.  

According to Landis, J.R. and Koch, G.G., 1977 categorization of Kappa statistic divide into 

six range.  

 

Table 4.3: Category of Kappa Statistics. 

 

S.no Kappa statistics  Strength of agreement 

1 <0.00 Poor 

2 0.00-0.20 Slight 

3 0.21-0.40 Fair 

4 0.41-0.60 Moderate 

5 0.61-0.80 Substantial 

6 0.81-1.00 Almost Perfect 

 

 

4.4.2 Estimation of percent LULC and change analysis 

 

A classification comparison change detection method was used to evaluate dynamics of land 

use/land cover in the area of interest (Ridd, and Liu, J., 1998).In order to analyses the nature, 

rate and location of urban land use/land cover change, an image of urban and rural land use 

land cover was extracted from each original land cover images. Therefore, four change 

detection statistics were obtained over time from the independent classified images for this 

research by conducting cross-tabulation analysis on a pixel-by-pixel basis, i.e. thematic 

overlay of the classified images (Al-Bakri, et al., 2013).Changes were detected for time 

intervals of roughly ten years: 1986–1998, 1998–2010, 2010–2017. In addition, the time 

range of 1986-2017 was included to examine the overall change over the past 30 years. To 

evaluate the matrix table of “from-to” change information that revealed the main gains and 

losses in each category to obtain an urban landscape expansion. 
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4.5  Land use land cover indices  

 

4.5.1 Normalized Difference Vegetation Index (NDVI) 

 

Normalized Difference Vegetation Index (NDVI)  is the most commonly used index to 

express information about the density of vegetation, predicate crop production, monitor 

drought, map desert encroachment (Xiong, et al., 2012) and measure surface radiant 

temperature (Omran, 2012). NDVI is the difference of near infrared and visible red 

reflectance values normalized over reflectance and calculated from reflectance measurements 

in the near infrared (NIR) and red portion of the spectrum (Burgan and Hartford, 1993). To 

calculate the Normalized Difference Vegetation Index (NDVI), subtracting the red band from 

near infrared band and then dividing to near infrared band plus red band (Eq., 4.7). The value 

is ranging from -1 to 1, the negative values are indicative of water, snow, clouds, non-

reflective surface and other non-vegetated, while the positive value expresses reflective 

surfaces such as vegetated area (Burgan and Hartford 1993). NDVI use Landsat 5 TM the 

reflectance in the Near-infrared band (0.76-0.9µm) and red band (0.63-0.69µm) and for 

Landsat 8 OLI Near-infrared band (0.85-0.88µm) and red band (0.64-0.67µm). 

Mathematically, NDVI were calculated using the following formula: 

NDVI =
NIR − R

NIR + R
                                                                                                    (4.7) 

Where: NDVI-Normalized Difference Vegetation Index 

              NIR-Near-Infrared Band 

              R- Red Band 

 

4.5.2 Normalized Difference Built-up Index (NDBI) 

 

NDBI was first developed by (Zha, Y., Gao, J. and Ni, S., 2003) to investigate the extent and 

density of imperviousness surface and built-up areas and map these areas, as it can highlight 

the urban distribution with a typically higher reflectance in the short-wave infrared region 

band than that of the near-infrared one (Alhawiti, R.H. and Mitsova, D., 2016).The NDBI 

separates built-up from other ground cover. Its ratio was calculated through the difference of 

Short-wave Infrared Band (SWIR) and Near Infra-red (NIR) which was normalized by 

summing up these two bands (eq., 4.8). NDBI use NIR and SWIR are the reflectance in the 

Near-Infrared band (0.76 -0.9 µm) and Short-wave Infrared band (1.55 - 1.75 µm), 

respectively, for Landsat 5 TM. However, for Landsat 8 OLI these differed slightly: Near-

Infrared band (0.85 - 0.88 µm) and Short-wave Infrared band (1.57 - 1.65 µm). 
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NDBI =
SWIR − NIR

SWIR + NIR
                                                                                                (4.8) 

Where: NDBI-Normalized Difference Built-up Index 

             SWIR-Short Wave Infrared Rad,       

             NIR-Near-Infrared Band 

 

4.5.3 Normalized Difference Water Index (NDWI) 

 

NDWI is an index to extract water bodies from satellite imagery. The NDWI indices value 

from -1 to 1. NDWI has been developed to delineate open water and enhanced their presence 

in remote sensed imagery based on reflected near infrared radiation and visible green light. 

NDWI may allow turbidity of water bodies to be estimated from remote sensed data 

(McFeeter, 1996). NDWI is sensitive to change in liquid water content of vegetation 

canopies.  

Water has a high reflectance in the Short Wave Infrared Red (SWIR) and Green band of a 

sensor system. The NDWI separates water from other water cover. Its ratio was calculated 

through the difference of Green (G) and Short Wave Infrared Red (SWIR) which was 

normalized by summing up these two bands using (Eq., 4.9).NDWI use Green and SWIR are 

the reflectance in the Green band (0.52 - 0.60 µm) and Short-wave Infrared band (1.55 - 1.75 

µm), respectively, for Landsat 5 TM. However, for Landsat 8 OLI these differed slightly: 

Near-Infrared band (0.85 - 0.88 µm) and Short-wave Infrared band (1.57 - 1.65 µm). 

NDWI =
G − SWIR

G + SWIR
                                                                                    (4.9) 

Where: NDWI-Normalized Difference Water Index 

             SWIR-Short Wave Infrared Rad, 

             G- Green Band 

 

4.6  Land surface temperature retrieval 

 

Table 4.4 present all the parameters introduced in this section. Land surface temperature was 

estimated from the thermal infrared bands of different types Landsat images such as band 6 

for Landsat 5 TM and band 10 and 11 for Landsat 8 OIL. The basic steps for the retrieval of 

land surface temperature given below are based on the guideline provided in Landsat data 

Handbook published by USGS6. 

 

                                                           
6 (https://landsat.usgs.gov) 
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Table 4.4: The parameters in land surface temperature. 

 

S.No Parameters Definition  

1 𝐿𝛌

𝐿𝑇𝑂𝐴
 

The spectral at-sensor radiance(top of the atmosphere) 

2 Gre_secaled The  rescaled  gain  (the  data  product  "gain"  contained  in  the  

Level 1 product header or ancillary data record) 

3 Bre_secaled The  rescaled  bias  (the  data  product  "offset"  contained  in  the  

Level  1  product header or ancillary data record ) 

4 Qcal The quantized calibrated pixel value 

5 LMin, λ The spectral radiance scaled to QCALMIN 

6 LMax, λ The spectral radiance scaled to QCALMAX 

7 Qcal,Min The minimum quantized calibrated pixel value (corresponding to 

LMin,λ) 

8 Qcal,Max The maximum quantized calibrated pixel value (corresponding to 

LMaxλ) 

9 ML the  radiance  multiplicative  scaling  factor  for  the  band  

(Radiance_multi_band  from the metadata 

10 ∆𝐿 The  radiance  additive  scaling  factor  for  the  band  

(Radiance_multi_band from the metadata) 

11 𝜏 The atmospheric transmission 

12 𝜀 The emissivity of the surface 

13 LT The radiance of a blackbody target of kinetic temperature T 

14 Lu The upwelling or atmospheric path radiance 

15 Ld The down welling or atmospheric path radiance 

16 T The apparent surface temperature in Kelvin 

17 K1,K2 The calibration constants 

 

Atmospheric correction was first required to eliminate the atmospheric effect from thermal 

bands, as the satellite imagery measures the radiance of surface features modified by the 

atmosphere (Li, et al., 2014). Therefore, the Top of Atmospheric (TOA) radiance correction 

model was applied on Landsat 5 TM imageries for both 1986, 1998 and 2010. TOA radiance 

is a simple model based on the scene calibration data available from the imagery header file. 
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1. Conversation pixel value to TOA radiance 

The pixel values were converted from the Digital Number (DN) units to radiation values for 

Landsat 5 and Landsat 8 OLI. 

For Landsat 5 TM: Based on (Chander, G. and Markham, B., 2003), brightness temperature 

from Landsat 5 can be obtained first by the conversion of the digital 

number of band 6 to Top of Atmospheric (TOA) radiance using the 

following equation. 

L𝛌 = Grescale ∗ Qcal + Brescale                                                                            (4.10) 

This can be expressed as: 

L𝛌 =
Lmax𝛌 − LMin𝛌

Qcalmax − Qcalmin
∗ (Qcal − Qcalmin) + Lmin𝛌                                       (4.11) 

Where: L𝛌 - TOA radiance  

MAX L𝛌 is highest radiance corresponding to MAX Cal Q (DN = 255),  

MIN L𝛌 is lowest radiance corresponding to MIN Cal Q (DN= 0), and  

Cal Q   is the quantized calibrated pixel value of band 6 in DNs. 

For Landsat 8 OLI: In the case of Landsat 8, TOA spectral radiance was computed using the 

radiance rescaling factors corresponding to each band provided in the 

metadata file using the following equation (Zanter, K, 2016). 

L λ = MLQcal + AL                                                                                                 (4.12)  

Where: L λ- TOA spectral radiance, (watts/ (m2*s rad*𝜇𝑚)) 

             ML-Band-Specific multiplicative rescaling factors from the metadata 

(Radiance_multi_Band x, where x is the band number)  

AL- Band-Specific Additive rescaling factors from the metadata 

(Radiance_multi_band x, where x is the band number) 

Qcal- Quantized and calibrated standard product pixel values (DN) 

2. Estimation of a sensor brightness temperature or conversion of spectral radiance to 

at sensor brightness temperature. 

 

Table 4.5: Landsat thermal band calibration constant. 

 

Satellite  Band 

number 

K1 

(W/m2*sr*μm) 

K2 

(Kelvin) 

Lλ MAX 

(W/m2*sr*μm) 

Lλ MIN 

(W/m2*sr*μm) 

Landsat 5 6 607.76   1260.56   1.2378   15.303 

Landsat 8 10 774.8853   1321.0789   

Landsat 8 11 480.8883   1201.1442   
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TIRS band data can be converted from radiance to brightness temperature using the thermal 

constants providing in the metadata file. The spectral radiance of thermal infrared bands was 

converted into active radiance at sensor brightness temperature (the temperature values of 

black body) using Planck’s function equation as follows: 

Ti =
C2

(λi ∗ ln( 1 +
C1

Liλi
5))

                                                                                        (4.13) 

Where: 𝑇𝑖-represents sensor brightness temperature in kelvin  

C1 and C2 are constants; C1=1.19104356*10-16W.m2, C2=1.4387685*104𝜇𝑚K. 

λi Emitted radiance wavelength for peak response and average limiting wavelengths.  

This equation was simplified to the following form and used to convert Landsat data 

(Al Kuwari et al., 2016, Chander and Markham, 2003 and Van and Bao, 2010). 

Ti =
K2

ln(
K1

Lλ
+ 1)

                                                                                              (4.14) 

        Where: 𝑇𝑖-At-satellite brightness temperature (K) 

 𝐿λ-TOA spectral radiance, (watts/ (m2*s rad*𝜇𝑚)) 

                         K1 - a calibration constant 1, and 

                         K2 - a calibration constant 2 in Kelvin (Table 3). 

3. Determination of land surface emissivity 

Land surface emissivity affects the satellite measurements by three categories: 

i) Emissivity causes a reduction of surface-emitted radiance; 

ii) Non-black surfaces reflect radiance; and 

iii) Anisotropy of reflectivity and emissivity might reduce or increase total surface 

radiance. 

Emissivity as a function of wavelength is controlled by several environmental factors such as 

surface water content, chemical composition, structure, and roughness. For vegetated areas, 

emissivity varies significantly with plant species, areal densities, and growth rates. In fact, 

land surface emissivity is closely related to NDVI (Weng and Larson, 2005; Van and Bao, 

2010). Therefore, the emissivity can be estimated from NDVI used. 

PV = (NDVI − NDVImin/NDVImax − NDVImin)2                                                                       (4.15) 

PV=Proportion of vegetation  

ε = 0.004PV + 0.986                                                                                                                            (4.16) 
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4. Land surface temperature estimation 

The emissivity-corrected land surface temperature was obtained using the following equation 

(Xiong et al., 2012; Yue et al., 2012): 

𝑇𝑆 =
𝑇𝑖

1 + (λ ∗
𝑇𝑖   

𝜌
) ∗ ln 𝜀

                                                                                             (4.17) 

Where: 𝑇𝑆 -represents land surface temperature,  

Ti -indicates sensor brightness temperature in Kelvin, 

λ -the wavelength of the emitted radiance (for peak response and average limiting 

wavelengths), 

 𝜀-land surface spectral emissivity. 

𝜌 =
ℎ𝑐

𝜎
= 1.438*10-2mk,  

Where: ℎ𝑐 is Plank’s constant (6.626*10-34Js),  

             C indicates light velocity (2.998*108m/s), and 

             𝜎 - The Boltzmann constant (5.67*10-8Wm-2k-4=1.38*10-23J/k). 

5. Convert land surface temperature value from kelvin unit to degree Celsius  

LST(0celsius) = LST(Kelvin) − 273.15                                                           (4.18) 

 

4.7 Relationship between LST and LULC  

 

A single liner regression analysis was the statistical process useful for estimating the 

relationship among single explanatory variables (Independent) and a predictor (Dependent 

variable) (Higgins, 2005). single liner regression analysis were initially applied to determine 

the correlation between land surface temperature and land use/land cover types and land 

use/land cover indices. Normalized Difference Vegetation Index (NDVI), Normalized 

Difference Built-up Index (NDBI) and Normalized Difference Water Index (NDBI and LST 

values were extracted from each pixel in the study area for each sampling point by the use of 

zonal statistics tools in ArcGIS software. These points were used as the input for the linear 

regression model. This model gives a general idea about the correlation/relationship between 

LST and land use/land cover types and indices.  
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It is the generalization of linear regression to multiples which can be expressed as: 

Yi = β0 + β1 ∗ Xi1 + β2 ∗ Xi2 + ⋯ + βr ∗ Xir + εi                                         (4.19) 

Where: we consider n number of observations of one predicator and r explanatory variables. 

𝑌𝑖=ith observation of the predictor 

𝑋𝑖𝑗=ith observation of the jth explanatory variable (j=1, 2, 3,.……, r) 

𝛽𝑗=Parameters to be estimated 

𝜀𝑖=ith independent identically distributed normal error 

For the regression analysis between the LST and land use land cover types and land use land 

cover indices use simple random sampling methods. 250 sample pointes use for each land use 

land cover types and 500 sample pointes use for land use land cover indices. 

 

4.8 Surface Heat Intensity (SHIn) and change analysis 

 

Two methods were used to estimate daytime surface thermal intensity and spatial/temporal 

variation using thermal bands of Landsat satellites: thermal gradient analysis and hotspot 

analysis. To analyze the thermal intensity of the study area by using multiple ring buffer tools 

in GIS environment. The study area was sub divided with regard to distance and direction 

like a spider-web pattern. The study area divides in 32 radial directions and with 30 circular 

zones arranged by the proximity to the central point of the city and then clip by the boundary 

of study area. The circular zones are designed in such a way that all radial sections are zonal 

areas. Surface Heat Intensity (SHIn) of each land use land cover types are calculated for each 

sub-section of the spider web pattern. The benefit of sub dividing the urban and surrounding 

rural areas into distance and direction categories into two reasons: first, it enables detailed 

analysis of spatial pattern of the surface heat intensity of the study area. And secondly, it 

calculates the temporal variation the Surface Heat Intensity (SHIn) of four years. 

In this research use the hot spot analysis to quantify Surface Heat Intensity (SHIn) and to 

examine its spatial pattern over 30 years. Hotspot analysis tool in the ArcGIS software, 

developed by Environmental System Research Institute (ESRI) was applied to explore 

thermal accumulation in different parts of the city, and to examine thermal variation among 

urban and rural landscapes. The spatial pattern and statistical significance of thermal 

clustering was evaluated through the Getis-Ord Gi*Zscore (Eq., 24). The hot spot analysis 

tools calculate the Getis-Ord Gi* statistic for each feature in a data base. The resultant Z-

score and P- Value tell you where feature with either high or low values cluster spatially. It 

was to identify statistically significant of the features with higher positive z-score shows 
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more intense or clustering of high values (hot spot) and smaller negative z-score represents 

more intense clusters of low values (cold value) and the feature with high value may not be 

statistically significant over an entire area by looking at each feature from our land surface 

temperature value within the context of its neighboring features (Ord and Getis, 1995). 

The Gi*Zscore the output feature class also contained p-value and confidence level bin 

(GI_Bin). A high z-score and small p-value for feature would indicate spatial clustering of 

high values. On the other hand, a low negative z-score and a small p-value would indicate 

spatial clustering of low values (ESRI, 2016).From the statistics results, we defined 

magnitude of intra_Urban thermal difference as surface Heat Intensity (SHIn) and we 

quantified SHIn as mean temperatures difference between hotspot and cold spot area. The 

surface heat intensity the pattern was divided into seven categories: very hot spot, hot spot, 

warm spot, not statistically significance, cool spot, cold spot and very cold spot. 

Gi*Zscore values of 2.58 and -2.58, which correspond to the 99% confidence level, were 

chosen to identify area characterized  by significant aggregation of high temperature that is 

hotspot and low temperature that is cold spot, respectively. This approach to quantifying 

thermal intensity not only account for differences in temperature but also for the statistical 

significant of aggregation at the chosen measure of connectivity. 

The Gi*Zscore is given by: 

Gi ∗=  
∑ Wi.j, Xj − X ∑ Wi,j

n
j=1

n
j=1

S√[n ∑ Wi,j
2− (∑ 𝑊𝑖,𝑗)𝑛

𝑗=1
2

] n
j=1

n−1

                                                                        (4.20) 

X =
∑ Xj

n
j=1

n
                                                                                                             (4.21) 

S = √
∑ xj

2n
j=1

n
− (X)2                                                                                            (4.22) 

Where: Wi,j is spatial weight based on Queen’s adjacency connectivity matrix’s between 

reference point i and n points within defined distance from point i, Xj is temperature value at 

point j and X is mean of temperature values. 

SHIn = TmeanGi∗Zscore>2.58 − TmeanGi∗Zscore<−2.58                             (4.23) 

Where: SHIn is surface heat intensity 

 TmeanGi∗Zscore>2.58 is the mean surface temperature of area with greater than 

2.58,and similarity TmeanGi∗Zscore<−2.58 is the mean surface temperature of area with 

less than -2.58. 
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CHAPTER FIVE 

5. Results and Discussion 

5.1 Spatial distribution pattern and accuracy assessment of LULC 

 

The land use/land cover classification of the area for 1986 from Landsat TM satellite image.   

The area of each class was calculated taking into account the pixel count and total area (study 

area). Thus allocations of each classified area and percentage are tabulated in (Table 5.1). The 

percentage of areas as classified are; urban (built-up) areas 5.95 %, agriculture land 33.36 % 

,vegetation cover 34.89 %, swampy 9.59 % and water bodies 16.21%. The spatial distribution 

patterns reveal that the area was dominated by agriculture land and vegetation cover, 

vegetation cover located in the north east and south east region and urban (built-up) area in 

the middle (Figure 5.1). 

 

Figure 5.1: Land use/land cover map produced by classification processes showing types of 

classes within the study area in 1986. 

 

The land use/land cover classification of the area for 1998 from Landsat TM satellite image.   

The allocations of each classified area, (percentage) are tabulated in (Table 5.1). The 

percentage of areas as classified are; urban (built-up) areas 6.16 %, agriculture land 38.19 % 
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,vegetation cover 27.32 %, swampy 12.65 % and water bodies 15.68 %. The spatial 

distribution patterns reveal that the area was dominated by agriculture land and vegetation 

cover, vegetation in the northeast and southwest region and urban (built-up) area in the 

middle (Figure 5.2). 

 

Figure 5.2: Land use/land cover map produced by classification processes showing types of 

classes within the study area in 1998. 

 

The land use/land cover classification of the area for 2010 from Landsat TM satellite image.   

The allocations of each classified area, (percentage) are tabulated in (Table 5.1). The 

percentage of areas as classified are; urban (built-up) areas 9.44 %, agriculture land 35.25 % 

,vegetation 28.79 %, swampy 11.15 % and water bodies 15.38 %. The spatial distribution 

patterns reveal that the area was dominated by agriculture land and vegetation cover, 

vegetation in the northeast and southwest region and urban (built-up) area in the middle 

(Figure 5.3). 
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Figure 5.3: Land use/land cover map produced by classification processes showing types of 

classes within the study area in 2010. 

 

The land use/land cover classification of the area for 2017 from Landsat TM satellite image.   

The allocations of each classified area, (percentage) are tabulated in (Table 5.1). The 

percentage of areas as classified are; urban (built-up) areas 13.2 %, agriculture land 31.53 % 

,vegetation 31.87 %, swampy 8.51 % and water bodies 14.89 %. The spatial distribution 

patterns reveal that the area was dominated by agriculture land and vegetation cover, 

vegetation in the northeast and southwest region and urban (built-up) area in the middle 

(Figure 5.4). 
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Figure 5.4: Land use/land cover map produced by classification processes showing types of 

classes within the study area in 2017. 

 

Table 5.1: Area statistics of land use land cover classes for 1986 to 2017. 

 

 

 

 

 

  1986 1998 2010 2017 

S.no LULC type Area(Km2) % Area(Km2) % Area(Km2) % Area(Km2) % 

1 

Urban(built-

up) 33.31 5.95 34.51 6.16 52.88 9.44 73.84 13.2 

2 Agriculture 186.87 33.36 213.08 38.19 197.44 35.25 176.56 31.53 

3 Vegetation 195.40 34.89 153.01 27.32 161.09 28.79 178.18 31.87 

4 Swampy 53.71 9.59 70.87 12.65 62.45 11.15 47.6 8.51 

5 Water 90.79 16.21 87.8 15.68 86.2 15.38 83.38 14.89 

Total 560 100 560 100 560 100 560 100 
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Generally, Table 5.1 presented the area estimates for the land use land cover class of the 

study area derived from the classification results. Among all land use land cover types, 

agriculture land constituted predominate types in all four years and vegetation land cover 

types was the second largest land use land cover class in all years. On the other hand, water 

bodies and swampy land cover types also constitute a significant portion of the land use land 

cover units of the study area. The smallest land use land cover class were urban (built-up) 

area but dramatic increase in area from 4.8 percent the total area in 1986 into 13.20 percent of 

the total area in 2017. 

Classification accuracy assessment: for this analysis, 482 and 548 reference samples, derived 

from aerial photo interpretation were used to validate 1986 and 2010 land use/land cover 

classifications, respectively (Tables 5.2 and 5.4), whereas the 1998 classification was tested 

using 565 sample points derived from Google earth and 2017 using field survey ground truth 

data (Table 5.3 and 5.5). 

Various accuracy assessment evaluating parameters were computed in the classified image 

such as user’s accuracy, procedural’s accuracy and overall accuracy. The user’s accuracy 

reflects the reliability of the classification to the user. User’s accuracy was the more relevant 

measure of the classification’s actual utility in the field. The measure of producer’s accuracy 

(Sensitivity) reflects the accuracy of prediction of the particular category. The commission 

error reflects the points which are included in the category while they really do not belong to 

the category. The omission error reflects the number of points which are not included in the 

category while they really belong to the category.    

Error matrices for year 1986 classification are presented in Tables 5.2. The results from error 

matrices showed overall accuracy obtained from the stratified random sampling process for 

the classified image of 1986 were 92.95 % (Eq., 4.1). The user’s and producer’s accuracies 

are ranging from 86.02 % to 100 % in 1986 and from 81.63% to 100%. Urban (built-up), 

swampy and water bodies had the highest producer’s and user’s accuracy greater than 

90%.The commission error in 1986 was highest (0.14) in the case of vegetation cover which 

mean that more number of points (13) which do not fall under this category are classified as 

vegetation land use/land cover. The omission error in the case of vegetation cover was 

highest (3.18) with 18 points which actually belong to this category not being categorized in 

this class (Table 5.2). 
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Table 5.2: Error matrix of the 1986 land use/land cover classification of the study area. 

 

Classified 

data 

Reference data  

Built-up Agriculture Vegetation  Swampy Water total UAcc. (%) Cerr. 

Built-up 92 3 3 0 0 98 93.88 
0.06 

Agriculture 0 97 15 0 0 112 86.61 
0.13 

Vegetation  0 2 80 10 1 93 86.02 
0.14 

Swampy 0 0 0 90 0 90 100.00 
0 

Water 0 0 0 0 89 89 100.00 
0 

Total 92 102 98 100 90 482 OAcc=92.95%  

PAcc. (%) 100 95.1 81.63 90 98.89 
 

(K^) =0.91  

Oerror 0 0.03 3.18 0.1 0.01 
  

 

 

Note: UAcc. =User’s Accuracies, PAcc. Producer’s Accuracies, OAcc. =Overall accuracy, 

K^ = Kappa Statistics, Cerr= Commission error and Oerror= Omission error 

 

Based on error matrix for 1998, the user’s and producer’s accuracies are ranging from 84.76 

% to 100 % in 1986 and from 90.48 % to 97.80 % respectively (Eq., 4.1). Urban (built-up), 

swampy, water bodies and agriculture land cover had the highest user’s accuracy greater than 

95 %. All land uses/land cover class had the highest producer’s accuracy (Table 5.3). The 

commission error in 1998 was highest (0.15) in the case of vegetation cover which mean that 

16 points do not fall under this category are classified as vegetation land use(Eq., 4.4). The 

omission error in the case of water bodies was highest (0.08) with 7 points which actually 

belong to this category not being categorized in this class (Eq., 4.5). 

   

Table 5.3: Error matrix of the 1998 land use/land cover classification of the study area. 

 

Classified 

data 

Reference data  

Built-up Agriculture Vegetation Swampy Water Total UAcc. (%) Cerr 

Built-up 66 2 0 0 0 68 97.06 0.09 

Agriculture 0 114 1 2 1 118 96.61 0.03 

Vegetation  2 2 89 5 7 105 84.76 0.15 

Swampy 1 0 1 87 0 89 97.75 0.02 

Water 0 0 0 0 76 76 100.00 0 

Total 69 118 91 94 84 456 OAcc=94.74%  

PAcc. (%) 95.65 96.61 97.80 92.55 90.48 

 

(K^) =0.93  

Oerror 0.04 0.03 0.02 0.08 0.10    
 

Note: UAcc. =User’s Accuracies, PAcc. Producer’s Accuracies, OAcc. =Overall accuracy,   K^ = 

Kappa Statistics, Cerr= Commission error and Oerror= Omission error 
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The overall accuracy for the 2010 was 95.44% with Kappa statistics agreement of 0.94, 

which is better than 1986 land use/land cover classification (Eq., 4.1 and Eq., 4.6). The user’s 

and producer’s accuracies are ranging from 87.39 % to 100 % and from 91.58 % to 97.44% 

respectively. Except vegetation land class (87.39%), all land use/land cover categories have 

high user’s accuracies of more than 90%. All land uses/land cover class had the highest 

producer’s accuracy greater than 90% (Table 5.4). The commission error in 1998 was highest 

(0.13) in the case of vegetation land cover type which mean that 14 points do not fall under 

this category are classified as vegetation land cover(Eq., 4.4). The omission error in the case 

of water bodies was highest (0.05) with 5 points which actually belong to this category not 

being categorized in this class (Eq., 4.5). 

   

Table 5.4: Error matrix of the 2010 land use/land cover classification of the study area. 

 

Classified 

data 

Reference data  

Built-up Agriculture Vegetation Swampy Water Total UAcc. (%) Cerr 

Built-up 129 1 2 0 0 132 97.73 0.03 

Agriculture 4 96 2 0 0 102 94.12 0.06 

Vegetation 0 3 97 3 8 111 87.39 0.13 

Swampy 0 1 1 114 0 116 98.28 0.02 

Water 

 

0 

 

0 

 

0 

 

0 

 

87 

87 

100.00 

 

0 

Total 133 101 102 117 95 548 OAcc=95.44%  

PAcc. (%) 96.99 95.05 95.10 97.44 91.58 

 

(K^) =0.94  

Oerror 0.03 0.04 0.05 0.03 0.084    
 

 

Note: UAcc. =User’s Accuracies, PAcc. Producer’s Accuracies, OAcc. =Overall accuracy, 

K^ = Kappa Statistics, Cerr= Commission error and Oerror= Omission error 

 

The computed user’s and producer’s accuracy values of year 2017 classification, range from 

89.74 % to 100 % and from 91.67 % to 100% respectively. Except vegetation land use class 

(87.39%), all land use/land cover categories have high user’s accuracies of more than 90%. 

The user’s accuracy of vegetation land use types is the lowest (87.39%) (Table 5.5). The 

commission error in 2017 was highest (0.1) in the case of vegetation land cover types which 

mean that 8 points do not fall under this category are classified as vegetation land cover 

class(Eq., 4.4). The omission error in the case of agriculture land was highest (0.08) with 7 

points which actually belong to this category not being categorized in this class (Eq., 4.5).   
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Table 5.5: Error matrix of the 2017 land use/land cover classification of the study area. 

 

Classified 

data 

Reference data  

Built-up Agriculture Vegetation Swampy Water Total UAcc. (%) Cerr 

Built-up 84 4 0 0 0 88 95.45 0.05 

Agriculture 4 77 2 0 0 83 92.77 0.07 

Vegetation 1 2 70 5 0 78 89.74 0.10 

Swampy 0 1 0 83 0 84 98.81 0.01 

Water 0 0 0 0 84 84 100 0 

Total 89 84 72 88 84 417 
Over 

All=95.44% 

 

Pro Acc. 

(%) 94.38 91.67 97.22 94.32 100 94.38 (K^) =0.94 

 

Oerror 0.06 0.08 0.03 0.07 0  
 

 

 

Note: UAcc. =User’s Accuracies, PAcc. Producer’s Accuracies, OAcc. =Overall accuracy, 

K^ = Kappa Statistics, Cerr= Commission error and Oerror= Omission error 

 

Finally, urban (built-up), swampy and water land use/land cover types had the highest user’s 

accuracy in all classified images. For the 1986, 1998, 2010 and 2017 data, vegetation area 

had the lowest user’s accuracy that is 86.02%, 84.76, 87.39% and 89.74% respectively. For 

the 1986 classified image, agriculture land has the lower user’s accuracy that is 86.06%. All 

land uses/land cover were found to be more reliable with above 85% of user’s accuracy in all 

four years. For the 1986 classified image, vegetation land cover has the lowest producer’s 

accuracy that is 81.63%.Except vegetation (81.63%), all land use/land cover found to be 

reliable above 90% of producer’s accuracy in all classified images.  

In this study, overall kappa coefficients of these classified images of 1986, 1998, 2010 and 

2017 were 0.91, 0.93, 0.94 and 0.94, respectively (Eq., 4.6). Therefore, according to Landis, 

and Koch, 1997) the overall Kappa coefficients of all four years was obtained which was 

related to as almost perfect (Table 4.2).  

 

5.2 Land use/land cover change detection 

 

The land use/land cover change statistics were calculated from each consecutive pair of 

LULC maps (1986-1998, 1998-2010 and 2010-2017), and the results of these changes are 

presented in Table 5.5. This shows the nature of change with respect to each class obtained 

from a matrix algorithm. Change detection analysis results show a sharp growth of 121.68% 

in the urban (built-up) class during the 30-year period (1986-2017).Significant differences 

appear to be related to swampy, vegetation and agriculture land cover classes. Swampy, 

vegetation cover and agriculture was reduced by 11.38%, 8.81% and 5.52% respectively. 
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Table 5.6: “From-to” LULC change detection statistics for 1986-2017 for study area in Km2. 

 

1986-1998 1998-2010 2010-2017 1986-2017 

S.No LULC type 

Area 

(Km2) % 

Area 

(Km2) % 

Area 

(Km2) % 

Area 

(Km2) % 

1 Urban(built-up) 1.2 3.60 18.37 53.23 20.96 39.64 40.53 121.68 

2 Agriculture 26.21 13.91 -15.64 7.33 -20.88 -10.58 -10.31 -5.52 

3 Vegetation -42.39 -21.69 8.08 5.28 17.09 10.61 -17.22 -8.81 

4 Swampy 17.16 31.95 -8.42 -11.88 -14.85 -23.78 -6.11 -11.38 

5 Water -2.99 -3.29 -1.6 -1.82 -2.82 -3.27 -7.41 -8.16 
 

 

Land use land cover change between 1986 and 1998 

 

During the first period (1986-1998) the land use land cover change was characterized by 

abrupt rise in urban (built-up) area by approximately 3.60%, agriculture land increased by 

13.91% and swampy area by 31.95%. On the other hand, vegetation cover and water bodies 

decreased by 3.29% and 21.69% respectively (Figure 5.5).  

 

 
 

Figure 5.5: LULC change in the study area from 1986 to 1998 in percentage. 
 

Land use land cover change between 1998 and 2010 

 

In the second period (1998-2010), urban (built-up) increased sharply by approximately 

53.23%. Agriculture land decreased by 7.33% from the first period and vegetation cover 

showed  an  opposite  trend  in  this  period  as  compared  to  the  first  period which  

increased by 5.28%. For swampy area the declining trend reduced sharply decreasing from 

the first period by 11.88%. Whereas, water body slightly decreased from the first period by 

1.8 %( Figure 5.6).  
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Figure 5.6: LULC change in the study area from 1998 to 2010 in percentage. 
 

 

Land use land cover change between 2010 and 2017 

 

In the 3rd period (2010-2017), urban (built-up) increased by approximately 39.64% from the 

second period. But vegetation cover increased by 10.61% from the second period. swampy 

and water bodies  showed  an  opposite  trend  in  this  period  as  compared  to  the  first  

period with area declining by 23.78% and 3.27% respectively. Agriculture land decaling 

trend reduced by 8.86% from the second period (Figure 5.7). 

 

 
 

Figure 5.7: LULC change in the study area from 2010 to 2017 in percentage. 
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Land use land cover change between 1986 and 2017 

 

This period (1986-2017) was in fact the overall change from the first, second and third 

period. There was extreme increment in urban (built-up) land by approximately increased by 

121.68%. But vegetation, swampy, water body and agriculture land were reduced by 8.81%, 

11.38%, 8.16% and 5.52% respectively (Figure 5.8). 

 

 
 

Figure 5.8: LULC change in the study area from 1986 to 2017 in percentage. 
 

 

5.3 Land use land cover indices 
 

5.3.1 Normalization Difference Built-up Index (NDBI) 

 

NDBI maps (Figure 5.9) revealed an opposite pattern to the NDVI maps in the sense that 

vegetation cover, water bodies and other swampy area with high NDVI values and received 

low NDBI values. Likewise, urban (built-up) area with low NDVI received high NDBI value. 

The lowest NDBI was computed from water bodies while the highest values were possessed 

by agriculture land and urban (built-up) area. In general, urban(built-up) areas have higher 

reflectance  in relation  to SWIR band and it was thus expected to have higher NDBI but 

some studies show that reflectance for certain types  of  vegetation cover increases  as  water  

content  decreases  (Cibula  et  al.,  1992;  Gao, 1996).  The  drier  vegetation  can  even  have  

higher  reflectance  to  SWIR  resulting  in higher  NDBI  (Gao,  1996). It is observed that 

higher NDBI values correspond to urban (built-up) areas and agriculture area in the central 

and west part of the study area, while lower values were observed in water bodies, swampy 

and vegetation area. NDBI values are in the range of -0.72 to 0.5.52 in 1986,-0.88 to 0.32 in 

1998, -0.77 to 0.22 in 2010 and -0.86 to 0.47 in 2017(Eq.4.8).  
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Figure 5.9: Spatial distribution of NDBI for the years (a) 1986, (b) 1998, (C) 2010 and (d) 

2017. 

 

5.3.2 Normalization Difference Vegetation Index (NDVI) 

 

Figure 5.10 shows the spatial distribution of NDVI in the study area. It is observed that 

higher NDBI values correspond to vegetation cover and swampy areas in the northeast and 

north south part of the study area edges and also the edge of Hawassa Lake, which represent 

the vegetation cover and swampy area. Low NDVI  values  can  be  observed  concentrated  

primarily  in  the  urban (built-up) and agriculture region  which corresponds to the urban 

(built-up)  area.  
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Figure 5.10: Spatial distribution of NDVI for the years (a) 1986, (b) 1998, (c) 2010 and (d) 

2017. 

 

Figure  5.11 shows  the  bar  chart  of  mean  NDVI  values  for  each land use land cover 

class.  The land use land cover class with the highest mean NDVI value was vegetation cover 

and swampy area with NDVI value ranging from 0.30 to 0.51 for 1986 to 2017.The other 

land use land cover class with medium NDVI value was agriculture land from 0.11 to 0.25 

and NDVI value for the urban (built-up) area was ranges from 0.13 to 0.30.Urban (built-up) 

and agriculture land class showed medium NDVI values due to the dominance of vegetated 

cover. The lowest mean NDVI was for water ranged from -0.19 to -0.69(Eq., 4.7). 
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.  

Figure 5.11: Mean NDVI values for each land use land cover class in 1986, 1998, 2010 and 

2017. 

 

5.3.3 Normalized Difference Water Index (NDWI) 

 

Figure 5.12 shows the spatial distribution of NDWI in the study area.  Most of the land use 

land cover classes received low NDWI value. As expected, water body got the highest NDWI 

value in all four years whereas agriculture land got the lowest NDWI. Regarding swampy and 

vegetation land cover class, though the mean NDWI value is highly negative.  It  can  also  be  

observed  that  the  range  of  NDWI  value in 1986 the range from -0.77 to 0.77,in 1998 the 

range from -0.50 to 0.95,in 2010 the range from -0.58 to 0.44 and  in 2017 the range from -

0.67 to 0.90. 

Figure 5.13 was a bar chart showing mean NDWI value within each land use land cover class 

for the years 1986, 1998, 2010 and 2017. As observed, water body was the only land use land 

cover class with positive NDWI value ranging from 0.30 to 0.78. Urban (built-up), vegetation 

cover, swampy and agriculture land demonstrated highly negative NDWI value (-0.17 to -

0.66) (Eq., 4.9). 
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Figure 5.12: Spatial distribution of NDWI for the years (a) 1986, (b) 1998, (c) 2010 and (d) 

2017. 

 

 

 

 

Figure 5.13: Mean NDWI within each Land Use class in 1986, 1998, 2010 and 2017. 
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5.4 Spatial pattern of land surface temperature  

 

Land surface temperature maps of the study area in 1986, 1998, 2010 and 2017 are presented 

in Figure 5.14, 5.15, 5.16 and 5.17 respectively. The computed values of the land surface 

temperature are ranged from 10.92 0C to 36.83 0C, with the mean values of, 23.88 0C in 1986, 

from 12.83 0C to 36.04 0C, with the mean value of 24.44 0C in 1998, from 14.25 0C to 38.38 

0C, with the mean value of 26.32 0C in 2010 and from 15.39 0C to 39.67 0C, with the mean 

value of 27.53 0C in 2017.The mean temperature increased by 0.56 0C from 1986 to 1998, 

1.88 0C from 1998 to 2010, 1.21 0C from 2010 to 2017. Besides, the mean land surface 

temperature increased sharply by 3.65 0C from 1986 to 2017.However, there was a gradual 

increase in the minimum temperature in the subsequent years. The sudden increase  in  the  

maximum temperature  during  1986 to  2017  can  be  reasonable,  as  some days of the year 

in the past can be hotter despite of the influence of urban warming phenomenon caused by  

urban expansion over time. The LST pattern is strongly correlated with LULC distribution. A 

large proportion of very high LST value (dark red color) is mainly distributed on the bare soil 

and roof top of the building. Thus high LST represented by red patch for agriculture area and 

also high LST represented by heavy yellow and red color for urban (built-up) area. Therefore, 

the high LST area (heavy yellow and red color) appears as a big island surrounded by low 

LST regions (represented in blue). Therefore, low temperature represented by blue tone for 

water bodies, swampy and vegetation land use land cover types. 

 

Figure 5.14: Spatial pattern of land surface temperature map in 1986. 
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Figure 5.15: Spatial pattern land surface temperature map in 1998. 

 

Figure 5.16: Spatial pattern of land surface temperature map in 2010.  
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Figure 5.17: Spatial pattern of land surface temperature map in 2017. 

 
 

Figure 5.18: Mean land surface temperature for each LULC class in different years. 

 

Figure 5.18 shows the mean land surface temperature within each land use land cover class in 

the study area. Water bodies and swampy land cover types are characterized by the minimum 

mean land surface temperature values(for water body 18.06 0C in 1986, 18.010C in 

1998,18.510C in 2010 and 18.19 0C in 2017 and  for swampy 20.62 0C in  1986, 21.92 0C in 
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types, vegetation were the smallest mean land surface temperature compared with the three 

years period (23.52 0C in 1986, 21.11 0C in 1998,22.47 0C in 2010 and 25.55 0C in 

2017).Agriculture land got to the maximum mean land surface temperature values in all four 

years (27.11 0C in 1986, 28.4 0C in 1998, 30.17 0C in 2010 and 31.58 0C in 2017). After 

agriculture land, urban (built-up) area got the highest mean land surface temperature values 

(26.43 0C in 1986, 25.95 0C in 1998, and 27.89 0C in 2010 and 27.88 0C in 2017).  

In this way, water body and swampy areas received low mean land surface temperature 

values, vegetation area received medium mean land surface temperature, and urban (built-up) 

and agriculture received high values of mean land surface temperature. The comparison of 

mean land surface temperature for urban (built-up) land type from 1986 to 2017, the 

maximum temperature was observed in 2017 relative to 1986. This justifies the urban 

warming effect increasing in the study area due to urban explanation over time. 

5.5 Relationship between land surface temperature and LULC indices 

 

The land use/land cover indices, as mentioned in section 4.5, were derived to assess the 

relationship between LST and land use/land cover indices. LST and NDVI, NDBI and NDWI 

indices were used for this purpose. The result shows that decreasing surface transpiration 

through the reduction green cover and increasing impervious surfaces modified thermal 

behavior and was essential to the reduced value of NDVI and increased NDBI. This pattern 

can be clearly seen in Tables 5.7 and 5.8, showing the correlation between the land use land 

cover indices and LST. Therefore, the sign of the correlation coefficient determines whether 

the correlation positive or negative. The magnitude of the correlation determines the strength 

of the correlation. Correlation is an effect size and so we can verbally describe the strength of 

the correlation using the guide that (Evans, 1996) suggest for the absolute value of r: 0.00-

0.19: “very week”, 0.20-0.39:”weak”, 0.40-0.59:”moderate”, 0.60-0.79:”strong” and 0.80-

1.00:”very strong”. According to Evans (1996), the results revealed that the correlation 

between LST and NDBI was significantly strong positive correlation. The value of 

correlation between LST and NDBI was 0.89, 0.90, 0.86 and 0.85 in 1986, 1998, 2010 and 

2017 respectively. Therefore, urban (built-up) areas and agricultural land cover can reinforce 

urban heat effects and increase LST in and around Hawassa Town (Figure 5.19). Whereas, 

NDVI value was highly negatively correlated with LST, indicating the impact of green cover 

on LST is negative, in which the more green areas, the weaker LST (Figure 5.20).The value 

of the correlation between LST and NDVI was -0.86,-0.82,-0.74 and -0.76 in 1986, 1998, 

2010 and 2017, respectively. Thus, in 1986,1998, 2010 and 2017 the correlation between 
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LST and NDVI is strong correlation. The NDWI was negatively correlated with the LST for 

1986, 1998 and 2010 strong correlation with LST but in 2017 moderately correlated with 

LST. It was interesting to note that the high negative correlation between NDVI and NDBI in 

the four years could be explained by the action of establishing urban settlements planned with 

green space and agriculture area use agroforestry mechanize. 

 

Table 5.7: Correlations between LST, Land use/land cover indices in 1986 and 1998. 

 

December 24,1986 December 08,1998  

 LST NDBI NDVI NDWI LST NDBI NDVI NDWI 

LST 1 0.89 -0.86 -0.62 1 0.90 -0.82 -0.61 

NDBI 0.89 1 -0.94 -0.79 0.90 1 -0.90 -0.79 

NDVI -0.86 -0.94 1 -0.86 -0.82 -0.90 1 -0.85 

NDWI -0.62 -0.79 -0.85 1 -0.61 -0.79 -0.85 1 

 

 

Table 5.8: Correlations between LST, Land use/land cover indices in 2010 and 2017. 

 

December 09,2010 December 28,2017 

 LST NDBI NDVI NDWI LST NDBI NDVI NDWI 

LST 1 0.86 -0.74 -0.61 1 0.85 -0.76 -0.58 

NDBI 0.86 1 -0.87 -0.61 0.85 1 -0.92 -0.21 

NDVI -0.74 -0.87 1 -0.98 -0.76 -0.92 1 -0.99 

NDWI -0.61 -0.61 -0.98 1 -0.58 -0.21 -0.99 1 
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Figure 5.19: Correlation between NDBI and LST for the years (a) 1986, (b) 1998, (c) 2010 

and (d) 2017. 

 

  

Figure 5.20: Correlation between NDVI and LST for the years (a) 1986, (b) 1998, (c) 2010 and (d) 2017. 
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5.5.1 Linear Regression of LST and Land use/land cover class 

 

Regression models were further developed for each land use/land cover class to understand 

its relationship to land surface temperature systematically. Table 5.9 and 5.10 shows 

regression models for each land use/land cover class in the study area between the period in 

1986 and 2017. 

Table 5.9: Pearson’s correlation between LST and NDBI by each LULC class with confidence level 

95% 

 

LULC 

LST Vs. NDBI 1986 LST Vs. NDBI 2017 

R2 Regression Equation Cor. RMSE R2 Regression Equation  Cor. RMSE 

UB 0.74 LST=10*NDBI+20.88 0.86 0.70 0.44 LST=10.56*NDBI+27.01 0.66 1.47 

AL 0.50 LST=46.49*NDBI+0.70 0.71 1.70 0.28 LST=21.67*NDBI+29.78 0.53 1.80 

VC  0.04 LST=-4.31*NDBI+16.78 -0.21 1.47 0.11 LST=4.14*NDBI+21.13 0.33 2.09 

S 0.21 LST=13.96*NDBI+15.16 0.45 1.27 0.16 LST=7.71*NDBI+24.89 0.40 0.79 

WB 0.01 LST= -0.83*NDBI+18.37 -0.10 0.42 0.13 LST= -3.68*NDBI+17.17 -0.36 0.33 
 

Note: Cor. =Correlation UB=Urban (built-up), AL=Agriculture land, VC=Vegetation Cover, 

S=Swampy and WB=Water bodies 

 

Table 5.10: Pearson’s correlation between LST and NDVI by each LULC class with 

confidence level 95%. 

 

 

Note: Cor. =Correlation UB=Urban (built-up), AL=Agriculture land, VC=Vegetation Cover, 

S=Swampy and WB=Water bodies 

Results showed that the NDBI index showed a positive correlation with all land use/land 

cover types except for water bodies and vegetation cover in 1986 and 2017, which had 

negative or almost no correlation with LST.  

In 1986, the highest positive coefficient of the regression function was found in the urban 

(built-up) (0.66). Also, the correlation between urban (built-up) and land surface temperature 

is strong correlation (Table 5.9).  

LULC 

LST Vs. NDVI 1986 LST Vs. NDVI 2017 

R2 Regression Equation Cor. RMSE R2 Regression Equation Cor. RMSE 

UB 0.21 LST= -5.99*NDVI+26.57 -0.46 0.70 0.03 LST= -3.15*NDVI+28.13 -0.17 1.59 

AL 0.22 LST=-16.16*NDVI+28.86 -0.47 0.22 0.44 LST= -21.83*NDVI+34.93 -0.66 1.56 

VC  0.28 LST= -17.08*NDVI+26.65 -0.56 1.65 0.57 LST=-28.67*NDVI+39.18 -0.75 2.02 

S 0.29 LST= -9.04*NDVI+22.71 -0.55 0.10 0.27 LST= -13.04*NDVI+30.53 -0.52 1.18 

WB 0.10 LST= -5.73*NDVI+16.26 -0.32 0.40 0.10 LST= -4*NDVI+15.02 -0.32 0.34 
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In 2017, the highest positive coefficient of the regression function was found in the urban 

(built-up) (0.86). The strength of the correlation between urban (built-up) and land surface 

temperature is strong correlation (Table 5.9).  

However, the correlation between LST and NDVI were all negative in both 1986 and 2017.In 

1986, the lowest negative correlation was found on water body class due to the high coverage 

of the Lack of Hawassa in the study region. The highest negative coefficient of the regression 

function was found to be in vegetation cover (-0.56) and the second highest land use/land 

cover class is the swampy area (-0.55) (Table 5.10). 

 In 2017, the lowest negative correlation was found on urban (built-up) land use/land cover. 

The highest negative coefficient of the regression function was found to be in vegetation 

cover (-0.75) and the second highest land use land cover class is the agriculture land (-0.66) 

(Table 5.10).  

Results of this analysis are consistence with other studies discussing the relationship between 

LST and NDVI (Wilson et al., 2003 and Weng et al., 2004).This indicated that by increasing 

NDVI, the LST of both vegetation and agriculture land decreases more quickly than that of 

urban (built-up) and water land cover. 

In general, the correlation coefficient between LST and land surface indices for the whole 

study area showed a higher correlation than in the case of using indices as indicators for LST 

according to each land use/land cover types. However, moderate relationship obtained for 

each land use/land cover by surface indices and LST can provide important information for 

preliminary studies; for example, they can be simply used as proxies for temperature and for 

better planning by policy makers in large areas. 

 

5.6 Surface temperature intensity and its relation to LULC types 

 

To assess the impact of land use/land cover change on the UHI effect, the hotspot pattern 

change was linked to land use/land cover change through time. This method gives a better 

demonstration of the UHI effect, rather than focusing only on the high or low land surface 

temperature absolute values separately. 

According to Goswami et al., (2013) Getis-Ord Gi* statistics was applied to the LST dataset 

to detect the presence of hot or cold spots over the study area. This is considered to be an 

effective approach to visualize the effect of urban heat island. By this method, we are 

concerned with the thermal pattern rather than the absolute value of mean surface 

temperature. It should also be noted that the identification of hot or cold spots by this method 

does not necessarily imply the mean surface temperature being high or low. 
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Figure 5.21: Spatial pattern of surface heat intensity shown in terms of Gi*Zscore in 1986.  

 

Figure 5.22: Spatial pattern of surface heat intensity shown in terms of Gi*Zscore in 1998. 
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Figure 5.23: Spatial pattern of surface heat intensity shown in terms of Gi*Zscore in 2010. 

 

Figure 5.24: Spatial pattern of surface heat intensity shown in terms of Gi*Zscore in 2017. 



                                                                                                                                                                           66  
 

From the statistics results, the land surface temperature pattern was divided into seven 

categories: very hot spot, hot spot, warm spot, not statistically significance, cool spot, cold 

spot and very cold spot. In the final statistics of the hot spots and cold spots in our research, 

values at 95% confidence level were taken. 

The maps for the year from 1986 to 2017 the urban expansion was rapid the intensity of 

thermal aggregation expanded spatial with the city and primarily show heat island in the 

urban (built-up) area. High thermal aggregation outside urban (built-up) areas was due to 

predominance of agriculture land covered by bare soil. There was a formation of big heat 

island covering almost the whole urban (built-up) and agriculture land in the time periods 

1986, 1998, 2010 and 2017 are showed in Figure 5.21, 5.22, 5.23 and 5.24. In 1986, 1998 and 

2010 water bodies, swampy and vegetation land use land covers was covered by cold region 

but in 2017 the swampy area change into not statistically significance. The cold region was 

observed in the areas of high vegetation cover such as forest, grassland and shrubs. This 

justifies the importance of vegetation cover, swampy and water bodies in minimizing the 

urban heat island effect and urban (built-up) and agriculture maximize the urban heat island 

effect of the study area.  

 

Table 5.11: Summery of Surface Heat Intensity (SHIn) calculated using Hotspot analysis. 

 

Summary of Surface Heat Intensity(SHIn) calculated using hotspot analysis 

No Years Mean temperature in hotspot Area Mean temperature in coldspot Area SHIn 

1 1986 27.06 18.18 8.88 

2 1998 28.49 18.05 10.44 

3 2010 30.12 18.49 11.63 

4 2017 32.82 1844 14.38 
 

 

From 1986 to 2017, there was an increasing trend of spatial aggregation of high temperatures 

in the inner part of the urban zone and agriculture area (Figures 5.21, 5.22, 5.23 and 5.24). 

The Surface Heat Intensity (SHIn) estimated using hotspot analysis ranged between 8.8 °C 

and 14.38°C but exhibited clear trend between 1986 and 2017 (Table 5.11). Across all years, 

we did observed strong evidence of urban (built-up) area surface temperature being generally 

warmer than rural areas except agriculture land. 
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CHAPTER SIX 

6. Conclusions and Recommendations 

6.1 Conclusions 

 

Rapid urban expansion in Hawassa has resulted not only in vast land cover dynamics but also 

associated changes in Surface Heat Intensity (SHIn).This research used a comprehensive 

approach combining supervise classification methods using maximum likelihood algorithm, 

linear regression and hotspot analysis using Getis-Ord Gi* statistics to investigate the 

relationship between land use land cover change and UHI effects.  

The change detection method was working to quantify the spatial change of land use land 

cover units. In addition, statistical “from-to” information was applied to quantify the 

magnitude of change through the entire 30 year duration. Results confirmed that most distinct 

change was related to vegetation cover, swampy and agriculture land that decreased by an 

amount of 8.81%, 11.38% and 5.52% from 1986 to 2017 respectively. On the other hand, 

urban (built-up) areas, due to the construction of new industrial and commercial settlements, 

showed a considerable increase by 121.68%.These three land covers, agriculture lands, 

vegetation and swampy, were the main contributors to form new urban (built-up) areas. LST 

retrieve through Landsat satellite images is easily recognizable. Different algorithms were 

applied to the thermal infrared data of different Landsat images to accurately calculate LST 

of different land use land covers. Results showed that mean LST values were higher in 

agriculture lands and urban (built-up) areas than in the surroundings over the entire period. 

These anomalies were associated with settlements and industrial and commercial areas that 

experienced dense populations and the agricultural land cover by bare soils. Moreover, the 

most typical impact of rapid urbanization on LST was investigated within a single LULC. 

The change in LULC modified the radiant temperature of the surface. It was believed that the 

change in LST was strongly related to the removal of vegetation cover and swampy area their 

replacement with impressive surface. This can be concluded from the increase in the 

magnitude of LST by a rate of 3.65˚C in the entire period of study from 1986 to 2017. Based 

on the analysis of thermal pattern of the study area over the given period of time, the result of 

the study found gradual increase in temperature in urban (built-up) area. The study proved 

that the land surface temperature is influenced by the urbanization and agricultural land.  

Results from remote sensing studies show that LST and land use land cover indices NDBI, 

NDVI and NDWI together can identify the pattern of temporal variation and spatial 

distribution in urban thermal environments. The highest NDBI was found in urban (built-up) 
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areas and agriculture lands while the highest NDVI was found in vegetation area and 

swampy. Statistical analysis showed that, the correlation between LST and NDBI was 

significantly high positive correlation. Whereas, NDVI was highly negative correlation with 

LST and NDWI also negative correlation with LST. By way of conclusion, the study area 

reveals comparatively higher LST and NDBI, and lower NDVI and NDWI over the period of 

study. The results indicated strong correlation between land surface temperature and Land 

use land cover indices. Other methods that investigated a regression analysis between LST 

and Land use land cover indices for each Land use land cover class also employed. This 

exhibited variations in the relationship depending upon the land use land cover types. 

The study also revealed that hotspot analysis using Getis-Ord Gi* statistics was an 

appropriate method to examine changes in urban heat intensity patterns through time. In 

general, urban (built-up) area and agriculture lands of the study area found always warmer 

over a studied time table frame and water bodies, swampy and vegetation cover always 

revealed colder in the scope of the study time. Using Hotspots analysis calculate the surface 

heat intensity (SHIn) tends to increase through time  SHIn 8.8°C in 1986,10.44°C in 1998, 

11.63°C in 2010 and 14.38°C in 2017 and strongly correlated with urban expansion. 

Over all observation of the study also discovered and highlighted the importance of intra-

urban variation in thermal aggregation may also help in efficiently targeting area from the 

perspective of land use planning and urban management, it is recommend that the planners 

and policy makers should pay attention to the future land use policies and  special 

considerations in planning corrective measures such as urban greening, publics space and 

treating the lack of Hawassa in the city land use land cover structure and in environment 

conservation policy. 

 

6.2 Recommendations 

 

The analysis of this study confirmed that, urban  expansions  in  Hawassa town  is  in  critical 

condition  it  is  high  time  that  concerned  authorities  take  necessary  initiatives  and urban  

residents  develop  resilience  to  urban  growth  and  UHI  effect. However, it is suggested 

that the following limitations should be considered in future research. Use higher resolution 

imagery for land use land cover classification and it is better to take into account both day 

time and night time temperature data for more years, and need to assess other regression 

methods may give a better explanation of land use land cover composition-LST correlation as 

well as results that are more practical for urban planners. 
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On top of that, future studies need to explore detailed mechanisms for characterizing the 

relationship between surface temperature and land use land cover indices using different 

model and different factor like the direction and distance from the urban center and elevation. 

Understanding efficiency of various climate adaptation mechanisms and predicating the land 

surface temperature should also be the focus of future studies, and such knowledge may 

provide specific recommendations for urban planners and managers in relation to mitigation 

of urban heat intensity effects. The finding of the research are practical relevance for 

planning climate sensitive cities in Ethiopia. 

Generally, more attention need to be given to environmental consequences of rapid urban 

expansions in developing countries. So that, the tropical warm climate need to be thoroughly 

investigated using a multidisciplinary approach. 
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