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ABSTRACT

Rapid urbanization significantly alters land use and land cover (LULC), leading to notable changes
in land surface temperatu@ST) and the formation of urban heat islands (UHIs) in Adama City,
Ethiopia. This study, spanning from 1991 to 2022, utilized Landsat satellite imagery and Support
Vector Machine supervised classification to analyze LULC changes, showing a substdhtrahshi
agricultural and bare lands to urban expansion. Landscape metrics indicated increased urban
complexity and larger, less fragmented agricultural plots .LST data derived from thermal bands
using an emissivitgorrected inverted Planck equation revegldynamic seasonal variations. The
Kiremete season saw a general decrease in mean LST across all land covers, whereas the Belge and
Bega seasons an increase in LST for all LULC. These shifts highlight the sensitivity of LST to
seasonal changes and urbaatibn. Normalized Difference Vegetation Index (NDVI) and
Normalized Difference Builip Index (NDBI) analyses were used to quantify the extent of vegetation
and builtup areas. Surface Urban Heat Island Intensity (SUHII) calculations, performed through a
Pythonrautomated process, revealed a pronounced urban heat island effect-ingbaias during
Kiremete, driven by the higher LSTs in these densely built environments. In contrast, the rural areas
during this season maintained cooler temperatures dgeitonoisture presence in bare lands and
agricultural fields. However, the trends reversed during the Belge and Bega seasons. In these
periods, agricultural and bare lands exhibited higher LSTs, leading to rural areas becoming hotter
than urban areas. Thishift resulted in a negative correlation between urban areas and LST,
indicating an urban cool island effect. These findings illustrate the intricate relationship between
land cover types and LST, varying by season due to differences in land coveressparisnatic
conditions. Regression analysis of vegetation metrics Edge Density, Patch Density and FRAC_AM
demonstrated significant cooling effects, particularly the vegetation fraction (FRAC_AM), which
was consistently negatively correlated with LSTis Tinderscores the importance of urban greenery

in reducing temperature and enhancing climate resilience. The study emphasizes the urgent need for
integrated urban planning and sustainable development that harmonizes growth with environmental
conservationparticularly in managing urban thermal environments. These insights are critical for
planners, stakeholders, and policymakers in developing strategies to mitigate the adverse effects of
rising temperatures and urban expansion, highlighting the compleandga of SUHII across

different seasons.

Keywords: Land use and land cover change, Land surface temperature, Urban heat island; Landscape

metrics; Seasonal variation; Adama City; Ethiopia
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CHAPTER 1.INTRODUCTION
1.1Background of the study

More than half of the world's population lives in cities today, and this figure is anticipated
to rise to 66% by 2050. (Desa, U.N., 2014). This figure shows a fluctuating rise in the number
of urban residents. African and Asian developing nationgarticular, are more responsible

for this rapid rise in urbanization (UNABITAT, 2010, 2013). Specifically, urbanization

in Africa is anticipated to grow by 1.1% year from 2010 to 2015, reaching a predicted 56%
urbanization rate. In the same way thati&pia is a country in Africa, there were 19% urban
people in 2014 and 38% were projected in 2050. The UN study from 2014 states that
Ethiopia's urban growth rate between 2010 and 2015 was 2.3%. (Desa, U.N., T2@&14).
need for and accessibility to housjnmgads, transportation, energy, sttion, and other
social facilities are all impacted by population growth. Additionally, urbanization
significantly increases market inflation and real estate values. Urbanization's rapid growth

has also resulted inrmimber of environmental issues (Bonan, 2002; Wu, 2008a, 2008b).

As a result the urban and rural landscapes are both changed by the rapid growth of the urban
population. Extreme LULC change primarily affects the surface temperature of the urban
and the suounding area by replacing natural vegetation and greenery areas with impervious
surfaces (concrete, asphalt, parking lots, rooftops, and building wBdgw & Korme,

202Q Feyisa et al., 2018ham et al., 2011; Gluch et al., 20@haka & Oda, 2021Zhao

et al., 201%. One of the key factors influencing the surface temperature is the albedo effect.
Albedo refers to the reflectivity of a surface, which determines the amount of solar radiation
that is reflected back into the atmosphere. Urban surfaceh, as concrete and asphalt,
typically have lower albedo values compared to natural surfaces like vegetation. This means
that urban areas absorb more solar radiation, leading to higher surface temperatures and
contributing to the Urban Heat Island (UHifect (Taha, 1997; Akbari et al., 200Bs a

result, LULC alterations alter neaurface energy by raising solar energy absorption
surfaces, increasing evapotranspiration, and producing high surfaceBheatise these
biophysical materials have a highpacity to reflect heat back into the environment and
contribute to warming the surrounding area, a hasty change in urban morphology, in
particular the expansion of IS, continuously produced excessive heat and emitied to t
atmosphere and increased LSudies demonstrate that LULC change is the major cause

for the fluctuations in LST (Balew & Korme, 202Djssanayake et al., 2018iu etal.,
1



2015a;Priyankara et al., 2019 Ranagalage etl., 2018a, b2019a; Rousta etl., 2018;
Simwanda & Murayama, 201&imwanda et al., 201Thaka & Oda, 2021)mpervious
surfaces in metropolitan areas will also absorb and store more solar radiation and heat while
also preventing longvave sky radiation loss (Oke, 1988; RIZWAN et al., 20083ulting

in the phenomena known as the Urban Heat Island (UHI) effect, in which air and land surface
temperatures (LST) in urban areas are higher than in adjacent rural areas. Urban heat islands
are caused by a variety of urban features, including ibg#d concrete, asphalt, and
industrial activities (Dousset & Gourmelon, 2003;L. Liu & Zhang, 2011). Most of the earth's
surface has already been altered, according to several earlier studies, with the exception of
those regions that are remote or difftdl access.

1.2 Statement of the Problem

Landuse and landover (LULC) changes caused by fast urban expansion generate
variations in land surface temperature (LST) which can substantially alter the quality of the
environment. In an urban setting, high temaperes or heat waves may have an impact on

both the environment and people's health. As the surface air warms, the air quality
deteriorates. Heat waves can have a negative impact such as increased energy demand,
higher air pollution and greenhouse gasssioins, deteriorated human health and comfort,

and poor water qualityRising Surface Temperature can also have a significant impact on

increment of Albedo values as they contribute to higher LST and UHI formations.

As a Result The environmental impactusbanizatiorinduced LULC alterations has been

the principal focus of a corpus of Research studies in recent decades .The ecology of both
urban and rural areas is changing as natural vegetation and green areas are replaced by
impermeable surfaces, and tbemposition and geometry of land cover is changing as a
result of urban growth, which has also been connected to a rise in the temperature of the
earthés surface in urban areas. Studies <co
observed the relatiohg and characteristics of Land surface Temperature with respect to
LULC classes Chaka & Oda, 2021Nega et al., 2019 Land scape structure and its
relationship wih Land surface Temperaturéeffa et al., 202)) spatiotemporal pattern of

Land surfaceTemperature Asfaw, 2017 Moisa et al.,2022 Tafesse & Suryabhagavan,

2019, Behavior of land surface temperatures along the wna@h gradient Balew &

Semaw, 2022Dissanayake et al ., 20)%nd Relationship between LST and waibwn

indices like NDM and NDBI that had a more significant effect on the temperature of the

2



land Warkaye et al., 2018Tafesse & Suryabhagavan, 20leave undergone analysis.

These investigations, however, mainly focused on the situation during the dry season; little
effort has been made to investigate seasonal fluctuations in the link between urbanized
induced LULC changes and land surface temperature. This resulted in a limited
understanding of how geographical and temporal environmental elements interact to

influence the reation of UHIs, particularly in Adama City.

As adama City, a fast expanding regional center in the Great Rift Valley distinguished by its
hot climate.lt must meet the cooling requirements of urban growth, and the impacts of the
various seasons as theg aery diverse. By addressing this issue, planners and stakeholders
will be able to create evident®msed planning, building, and management solutions to
handle the problems associated with a changing urban thermal environment. It is also useful
for agricdturalists and crop breeders to understand the impact of rising land surface
temperatures on different seasons, particularly the winter season, as this poses a serious
danger to winter agricultural productivity. Additionally, it deepens our understantlihg o

phenomenon and influences our future policy goals.

1.3General Objective

To analyzethe impacts ofland use and land covehangeson the gatiotemporal and

seasonal variatiorsf land surface teperature of Adama city from 1994 2022.

1.4 SpecificObjectives

The specific objectives of this proposal is to:

1 To assess the spatiotemporal dynamics of land use and land cover changes in Adama
City from 1991to 2022.

1 To determine the temporal trends and seasonal variations of land surface temperature
in Adama City over the study period using satelliezived data.

1 To investigatethe relationships between changes in land use/land cover and
variations in land surface temperature in Adama.City

1 To evaluate the implications of land use/land cover dynamidemformation of
urban heat isinds and the development of heslated urban microclimates in
Adama City

1 To analyzethe link between land surface temperature (LST) and the spatial pattern

of vegetatiorof the study area.



1.5Research Questions

1. What are thepatiotemporal dynamics of land use and land cover changes in Adama
city from 1991 to 2022, as determined by remote sensing and GIS teclhiques

2. How do the temporal trends and seasonal variations of land surface temperature in
Adama City evolve over thewsdy period (1991 2022), as observed from satelite
derived data?

3. What are the relationships between changes in land use/land cover and variations in
land surface temperature in Adama City?

4. What are thémplications of land use/land cover dynamics onftiimation of urban
heat islands and the development of heldted urban microclimates in Adama
City?

5. How did the spatial arrangement vegetation impact the temperature of the land in
Adama City?

1.6 Scope of the study

The Geographic emphasis of thisdgtuwill be the Oromia Regional State's Adama city
Administrative Boundary. The contextual Scope, on the other hand will investigate how
LULC composition and configuration patterns haveles® over the study period (199d

2022), and will examine the impact of land use land cover change on multitemporal and
seasonal LST profile or urban and rural area of Adama city , assess the impact of vegetation
land cover configuration and builip dynamics on Land surface tempearatin, will give an

insight between the relationship of Land use Land cover classes and Land surface
temperatur@nd the effect of SUHII on LST and Land Use Land Cover.

1.7 Significance of the study

Adama City is a regional center in the Great Rift Valley that is expanding quickly and is
renowned for its hot climate. It is necessary to address the cooling requirements of urban
growth as well as the diverséfectsof the numerous seasons. By addrag#iis problem,
planners and stakeholders will be able to create evides®ed planning, building, and

management solutions to deal with the problems caused by a changing urban thermal



environment. For agriculturalists and crop breeders in particulaerstatiding how rising
land surface temperatures affect various sedésgpasticularly the winter season, when they
pose a serious danger to agricultural productivity beneficial. Additionally, it helps us

better understand the issue and refines our goafsture legislation.



CHAPTER 2. LITERATURE REVIEW

2.1Urbanization

Urbanization is defined as "the progressive increase in the number of people living in urban
areas" and "the methods in which each culture adjusts to the change." the method by which
acommunity transitions from a country to an urban way of existence (RRDW4). By 2050,

it is anticipated that 64% of Africa and Asia and 86% of the developed world would have
urbanized populations (The Economist, 2012). Notably, the United Nations tiascaatly
predicted that cities will absorb almost all of the increase in the world population between
2017 and 2030, or around 1.1 billion new urban residents over the next 13 years. (Barney,
2015)

According to a recent report by the Organization for rieeoic Coeoperation and
Development, Africa's rate of urbanization and urban population growth has significantly
varied across the entire continent as well as within its various regions (OECD, 2020).
According to the research (OECD, 2020), Africa is onthefworld's least urbanized areas,
and its urbanization rate will continue to be among the fastest in the coming years. In fact,
only 27 million people lived in Africa's cities in 1950, compared to the region's current urban
population of 567 million. Notaly, the (OECD) report asserts that high population growth
and the reclassification of rural settlements have been the main drivers of Africa's rapid
urbanization since 1990. It also predicts that between now and 2050, Africa's population will

double, withurban areas absorbing twhirds of the increase.

2.1.1Urbanization in Ethiopia

Ethiopia's urbanization has been increasing at a rate of 4.5%, higher than the 4% of Sub
Saharan Africa, and is projected to increase at a rate of 5.4% (World Bank Group, 2015).
Urban population grew by 414% between 1984 and 2021, from 4.45 million to 22.88 million.
In 2018, natural growth (40%), migration from rural to urban (33%), and reclassification of
rural settlements (24%) were the key forces behind the rapid urbanization

expansion(Mezgebo, n.d.)

There are already 159 cities with a population of more over 20,000 people, up from 85 in
2007; by 2037, there are projected to be over 440. Rapid urbanization and structural change

have occurred simultaneously in Ethiopia. Over 69% of the workforceliersgiloyed in



agriculture, making it the major sector (Mezgebo, 2021) The low level of employment in
industry (approximately 10%) demonstrates that urbanization is likely tied to the rise of
consuming cities and has little positive externalities in ternjsbocreation and productive

investments, notwithstanding its falling contribution to Gross domestic product (GDP).

2.2Land use Land cover change

Land cover modifications involve changing the circumstances within a category as well as
changing the type o&hd cover. While landise change happens when experts conclude that

a transition to a different category of land use is desi@bdzgebo, n.d.; Patel et al., 2019)

Over the past few decades, the understanding ofuaelandcover change has progressed

from simplification to realism and complexity. Early studies focused mostly on the physical
side of the change, but later research agendas focused on global environmental change.
Because of the alteration in land use and cover, scientists discoverednihegulface
processes affect climate. It was established in thel®irds that land cover change impacts
surface albedo and thus surface atmosphere energy exchanges, wharh dffect on
regional climat(Otterman, 1974) (Charney et al., 1977§Sagaret al., 1979)Additional

effects of changing land use and cover on ecosystems, products, and services were
discovered. Impacts on biotic diversity globally (Sala et al., 2001), soil degradation (Stanley
et al., 2015), and the capacity of biological syst¢o meet human requiremeats the main

causes for concer(Vitousek et al., 1997)

Human populations and land usage have changed the vast majority of the terrestrial
biosphere into anthropogenic biomes. A number of novel ecological patterns andgwocess
have emerged as a result of this transition, which has been significant for more than 8000
years(Ellis, 2011) Researchers from a wide range of disciplines, from those who advocate
modeling spatiotemporal patterns of land conversion to those who atteomqerstand the
causes, impacts, and consequences, have recently been more interested in topics related to
LULC transformation. Changes in the land cover have an impact on land use, and the reverse
is also true. However, a change in either is not advilag effect of the other. The degradation

of the land is not always implied by changes in land cover due to land use. Land cover
changes, however, are a result of numerous shifting land use patterns that are motivated by
numerous socioeconomic factors.€ble modifications have an impact on processes such as
biodiversity, water and radiation budgets, and others that affect the climate and biosphere
(Riebsame et al., 1994)



Recent shifts in land use have been characterized by agricultural land lossesriEast Af
like the rest of the world, is not exempt from these changes in land use and cover. In
particular, very quick changes are evident in Ethi¢Ragasa et al., 202H8s a result of
population pressure, resettlement initiatives, climate change, and otheantanature
induced driving forces. The primary causes of the Ethiopian landscape's decline in natural
status, as in other nations, are anthropogenic act{Rggasa et al., 202Bthiopian lands
underwent a transformation from natural to agricultural land use, waterbody, commercial
agriculture, and buHtip/settlement over the last ten years. Some areas of the forest land,
pasture land, swamp/wetland, shrublanahgeland, and bare/rock out cropland cover
classes were converted to other LULC class types, owing to rising anthropogenic pressure.

The study by{Abdul Athick & Shankar, 2019) the Adama woreda revealed an intriguing
aspect: construction build up, dengegetation, and sparse vegetation all increased in area
by roughly 160%, 30%, and 78%, respectively, at the expense of barren land, which

decreased by 8.5%. Water bodies, however, did not experience much change.

One land use change may have an impacamother. The majority of land use change
ecological effects are interacting under various land use modifications. For instance,
deforestation has impacted freshwater quality and changed the energy balance of the planet,
which has resulted in the siltatiaf A challenge to a better understanding of the land use
change issue is global warming, which results from the interaction of various land uses along
their change trajectories. The human environmental sciences face a research challenge
related to changda the land and ecosystems and their effects on sustainability and global

environmental change

2.3 Supervised Image classification

Supervised image classification is a classification technique in which the user chooses
representative sample pixels from an gmand instructs the image processing software to
use these training sites as models for classifying the rest of the pixels in the image. It is
commonly known that choosing an appropriate classifier is crucial for increasing
classification accuracflL.u & Weng, 2007)Several supervised classification classifiers and
algorithms, including the parallelepiped, minimum distance, maximum likelihood, non

parametric classifiers, and machine learning techniques like the support vector machine,



decision treanethod, and artificial neural networks, have been developed over the past few
decades.

Parallelepiped classifiers algorithm

To determine if a particular pixel belongs to the designated class or not, a standard threshold
is provided. The parallelepipedbased on the threshold of the standard deviation from the
mean of each class (a class limit dimension). The pixels are categorised if the threshold range
falls between the defined low and high. Unclassified areas are those that do not fall inside

the giventhreshold range.

This supervised classifier is fairly straightforward. Here, based on maximum and minimum
pixel values, two image bands are employed to estimate the training area of the pixels in
each band. Although the parallelepiped classification ndeththe most precise, it is not the

most popular. Additionally, training pixels may overlap, leaving many pixels unlabeled. The
candidate pixel's data values are contrasted with the upper and lower bounds. (Perumal &
Bhaskaran, 2010)

Minimum distance classifiers algorithm

It is based on the minimal distance decision rule, which determines the spectral separation
between the mean vector for each sample and the measurement vector for the candidate
pixel. The candidate pixel is then assigned to the classtiatishortest spectral distance.
(Perumal & Bhaskaran , 2010)

As a distinctive prototype, classes that are near one another are grouped. It is used to

determine each class's mean vector and asagnpxel to the nearest group.
Maximum Likelihood classifiers algorithm

The vector of a class with the highest probability is assigned among all the probabilities of
vectors allotted to various classes. Based on thepueerded threshold value, the pixels are
assigned to each class. The pixels are unclassifibd class probability value is less than

the userset threshold value (Ahmad et al., 2012). It is a parametric approach in decision
making where the model parameters need to be estimated before they are applied for

classification

MLC is a process foretermination of known class distribution as the maximum for a given

statistic (Scott & Symons, 1971). This method has been used most widely and frequently in



remote sensing where a pixel is assigned to the corresponding class with the maximum
likelihood. If there has been m predefined classes, in that case the class posteriori probability

is expressed

This Classification use the training data by estimating the means and variances of the classes,
which are then utilized to estimate probabilities while &&ing into account the variety of
brightness values in each class. This classifier is Based on Bayesian probability theory.
When accurate training data is made available, it is one of the most effective classification

methods and algorithms. (Perumal &&karan, 2010)

The measurement vector with the highest likelihood of belonging to a certain class is given
that classification. The MLC has an advantage over other known parametric classifiers in
that it considers the variancevariance within class digtutions, and it outperforms them

for normally distributed data (Erdas, 1999). However, the outcomes might not be adequate
for data with a nomormal distribution.(Otukei & Blaschke, 2010)

Spectral Angle Mapper

An n-dimensional angle is used by the Spdoagle Mapper, a physically based spectral
classification, to match pixels to reference spectra. By calculating the angle between the
spectra and treating them as vectors in a space with dimensionality equal to the number of
bands, this technique calcwdatthe degree of spectral similarity between two spectra.
(Perumal & Bhaskaran, 2010)

Decision Tree classifiers algorithm

A decision tree classifier is a n@arametric classifier, meaning that no previous statistical
assumptions about the distributiontbé data are necessary. However, the decision tree's
fundamental structure consists of a root node, a number of internal nodes, and then a set of
terminal nodes. Recursively, the input is dispersed along the decision tree in accordance with
the establishedlassification scheme. Each node needs to have a decision rule, which may

be achieved using a splitting test.(Otukei & Blaschke, 2010)

There are no complex design or training requirements for this method. Although
computational efficiency is strong, it cessitates sophisticated calculations, and accuracy
may entirely depend on feature design and selection.
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Support Vector Machines classifiers algorithm

This classification is applied for a complex dataset where the input numeric attributes are
normalized ad preprocessed before classifying. It is a fparametric statistical learning

method (Ustuner et al., 2015). Various kernel types such as, linear, polynomial, sigmoid,
radial basis function can be set.SVM is a nonparametric approach, where the theoretic

background is supervised machine learning

This classification involves consideration of the training and testing sets from separate data.
Each training set has separate target value and several attributes. Main function of the SVM
is to predicts the targjevalues of the given test data.The original goal of SVM, a non
parametric supervised machine learning technique, was to address binary classification
issues [41(Implementation of Machihearning Classification in Remote Sensing: An
Applied Review | Semdic Scholar, n.d.), (Huang et al., 2002)]. Based on the idea of
structural risk minimization (SRM), it optimizes and isolates the hptare and the data
points closest to the hypspectral plane's angle mapper (SAM). It uses a hypectral

plane to dvide data points into several classes. The vectors used in this technique guarantee
that the margin's width will be maximized [(Bouaziz et al., 2017)]. Multiple continuous and
categorical variables, as well as linear and-lear samples with varying lels of class
membership, can all be supported by SVM. Support vectors are the training samples or
bordering samples that define the SVM's hypl@ane @ margin [(Shih et al., 2019)].

Artificial Neural Network classifiers algorithm

In order to apply meanirgl labels to images, algorithms using an artificial neural network

method imitate the learning process used by humans. ANN mimics a select few mental
processes (Mahmon & YabAcob, 2014) |t cons
contains a group ofaurons, connected by weighted connections between the layers above

and below. The network structure has a significant impact on the artificial neural network's
accuracy and performance (Kaur & Jyoti, 2014) ANN networks are-adafftive and data

driven gproach. The processing speed is fast and can accommodate erratic input. However,

ANN training takes time, and selecting the right network design can be challenging.
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WHY SVM IS BETTER

Results obtained from analysis of the hyperspectral data suggesa#isaication accuracy

using SVM increases almost continuously as a function of the number of features, with the
size of the training data set held constant, whereas the overall classification accuracies
produced by the ML, DT and NN classifiers declsightly once the number of bands
exceeds 50 or SO. Thus, suggesting that
decreasing classifier performance as the dimensionality of the feature space increases

beyond a threshold is not supported by the experimusmg the support vector classifiers.

Further, the training time taken by support vector classifier is 0.30 minutes in comparison of
58 minutes by the NN classifier on a dual processor sun machine. Results suggest that
support vector classifier performanis statistically significant in comparison with NN and

ML classifiers. To study the behavior of support vector classifier with DAIS Hyperspectral
data a total of sixty five features (bands) was used, a total of 65 features (spectral bands)
were availableas seven features with severe striping were discarded, as explained above.
The initial number of features used was five, and the expetimas repeated with 10, 15,

65 features, giving a total of 13 experimenritse studysuggests that, in comparistmthe

other classifiers, the performance of the support vector classifier is quite good with small

training data set irrespective of the number of features used.
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Methods

Assumptions

Advantages

Limitations and

Disadvantages

Parallelepiped classifiers

algorithm

Minimum and Maximum value of pixel for

the selection of training area

Very precise and straight forward

training pixels may overlap

and leave unlabeled pixelg

Minimum distance

classifiers algorithm

Minimum distance rule to separate spectr
difference

fast in execution, computation time is minimut
as it depends mainly on the training dataset a|
all pixels will be classified

Prone to errors resulting in
misclassificatio of pixels
as it will classify a pixel.
Spectral distance is
calculated for all values of
a class mean; the
unclassified pixel is
assigned to the class with
the lowest spectral distanc
resulting in classification o

all pixels.

Maximum Likelihood

classifiers algorithm

estimating the means and variances of th
classes, which are then utilized to estimalt
probabilities Based on Bayesian probabili

theory

considers the varianagmvariance within class
distributions, and it outperforms other

classifiations them for normally distributed dg

outcomes might not be
adequate for data with a

nonnormal distribution

Spectral Angle Mapper

match pixels to reference spectra and
calculates the degree of spectral similarity

between two spectra

Decision Treelassifiers

algorithm

Consists of a root node, a number of

internal nodes, and then a set of terminal

nodes. Recursively, the input is dispersed

no complex design or trainirrgquirements and

efficient

Accuracy may depend on
feature design and

selection.
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along the decision tree in accordance witl

the established classification scheme

Support Vector Machiney Optimizes isolates the hypptane and the | applied for a complex dataset and used for | dependent on use&efined
classifiers algorithm data points closest to the hygsrectral mixed data computational complexity is parameters

plane's angle mapper (SAM). It uses a reduced

hyperspectral plane to divide data points | also can be used with small training datasets

into several classes.

Artificial Neural Network | imitate the learning process used by hum| processing speed is fast and can accommodg ANN training takes time,
classifier algorithm erratic input and selecting the right
network design can be

challenging.

Table 2.1 Classification Methods, assuraop$i, Advantages and Disadvantages of LULC
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2.4 Retrieving Land surface Temperature

Inversion of Planck Function.

The Planck function is used to calculate the thermal radiation's intensity. It is a function that
displays how much thermalectromagnetic radiation a blackbody can produce at a given
temperature while in thermal equilibrium. Through the inversion of the Planck function, the
LST of an area may be calculated if the LSE of the area is known. The ground surface is
regarded aslalack body, or an entity with an emissivity of 1, when calculating the brightness
temperature measured by a sensor in space. The emissivity correction of brightness
temperature is made possible by the Planck function. LST has been estimated using the
Pland function(Ndossi & Avdan, 2016)

The results show that the Planck function can produce the best results in comparison to the
other algorithms, while the SWA algorithm has a moderate accuracy and the SCA algorithm
has the lowest accura@ydossi & Avdar2016)

Radiative transfer equation

Radiative transfer calculations are used to determine how electromagnetic waves from the
sun travel through the atmosphere to the Earth's surface as well as how scattered light and
radiation from the earth's surface aathosphere go into space. This radiative transfer
equation allows for the conversion of satellteasured radiation intensity into data about

the Earth's surface and atmosph@®w&mote Sensing and Radiative TransfdhXA EartGraphy

/ Space Technolodyirectorate | n.d.)

The RTE is a direct technique for retrieving LSTs that uses a single TIR band. Also referred
to as the atmospheric correction method, this technique works on the idea of obtaining the
intensity of the surface thermal radiation bytsacting the atmospheric influence from the
total amount of thermal radiation detected by the satellite sensors, then converting it to the
corresponding LST.

Difficulties and problems in the retrieval of LST from space measurements included
measurementsiTIR region are highly correlated resulting in instrumental noise and errors
in atmospheric corrections, difficulty in implementing atmospheric correcti@hd.. Li et

al., 2013)
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Mono window algorithm

The monewindow approach described by Qin et{&b] requires three important factors for

LST extraction from Landsat TM/ETM+ TIR band data: ground emissivity, atmospheric
transmittance, and effective mean atmospheric temperature. Qin et al. [16] described how to
calculate atmospheric transmittance biynulating atmospheric conditions using the
LOWTRAN 7 program. Qin et al. proposed the Manindow Algorithm (MWA) based on

the radiative transfer equation for the Landsat TM band 6 data, which can avdithesal
dependence data. The method requires ttm@e parameters, i.e., emissivity, atmospheric

transmittance, and effective mean atmospheric temperature.

Single channel Algorithm

The singlechannel (SC) algorithm was developed by JimeWlenoz and Sobrino it has

been widely used to retrieve land sudaemperature from Landsat series data for its
simplicity and requirement of only one thermal infrared channel. It uses estimated
atmospheric parameters (or atmospheric functions, i.e., combination of atmospheric
parameters) to correct the atmosphericaffa a single channel toward retrieving LST
(Cristobal et al., 2009; Jimend&unoz et al., 2009; Jiménddunoz & Sobrino, 2003; Qin

et al., 2010) the final retrieval error due to effective mean atmospheric temperature can be
reduced because it requires/feeattime atmospheric parameters and only the LSE and the

atmospheric water vapor contents.

The model emissivity method (Hook et al., 1992), also known as the single TIR channel
method, utilizes the radiance measured by the satellite sensor in a siaghelcselected

within an atmospheric window and corrects the radiance for residual atmospheric attenuation
and emission using atmospheric transmittance/radiance code, which requires input data on
the atmospheric profiles. Then, by flipping the RTE, LS&x#racted from the brightness
observed in this channel provided that the LSE is well known or estimated in advance.

Accurate determination of the LST using this method requires-dughty atmospheric
transmittance/radiance coding to estimate the atnssgphuantites involved inadequate
knowledge of the channel LSE, an accurate atmospheric profile, and proper consideration of

topographic impacts (Sobrino et al., 2004b).

The radiative transfer model (RTM) employed in the code, as agethe errors in the
atmospheric molecular absorption coefficients and aerosol absorption/scattering
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coefficients, are typically the main factors limiting the accuracy of atmospheric
transmittance/radiance codes (Wan, 1999).

Split-Window Algorithm

A linear SW algorithm can be built by using differential absorption in two adjacent TIR
channels | j in the :22.5 m range to linearize the RTE with regard to temperature or
wavelength. The two brightness temperatures Ti and Tj recorded in the two TiRekha

are combined simply linearly in this technique to represent the LST (McMillin, 1975).
Rozenstein et al., (2014) and Qin et al., (2001) improved the SWA based on the work of
previous scholars. SWA was developed to enabling the extraction of LSTristmanents

that are equipped with more than one TIR channel. The algorithm takes advantage of the
differences in absorption between two thermal infrared channels in the atmospheric window
between 10.5 and 12.5 um. (Weng et al., 2019). Many SWA equatisadbban derived by
numerous researchers for LST estimation (BECKER & LI, 1990; Price, 1984).

It should be noted that the accuracy of this LST retrieval method depends on the appropriate
selection of the coefficients ak, which are beforehand determinieer dity empirically
comparing the satellite data with in situ LST measurements or by regressing the simulated
satellite data with a set of atmospheres and surface parameters. A representative in situ LST
at satellite pixel scale (a few km2) that is alsocgghwith the satellite's observations over a
diverse range of surface types and atmospheric conditions is extremely challenging to
acquire(Z. L. Li et al., 2013)

With an exception of the way these algorithms calculate their parameters, they opbrte in t
same manner (Jin et al., 2015) With the exception of the Split Window Algorithm, all of the
aforementioned LST inversion techniques are used to estimate land surface temperature for
Landsat sensors that have one or more thermal infrared bands, whiles®WAapplicable

to Landsat 8 and 9 due to its requirement of at least two thermal infrared(Bahd&i et

al., 2013)
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Multi -angle method

Similar to the rationale behind the SW approach, the ranljie method is based on
differential airabsorption caused by variable route lengths when the same object is observed
in a particular channel from several viewing angles. (Chédin et al., 1982; Li et al., 2001;
Prata, 1993, 1994a,b; Sobrino et al., 1996, 2004c). This technique was primarilg create
based on the Along Track Scanning Radiometer (ATSR) onboard the first European Remote
Sensing Satellite, which was the first sensor to operate in biangular modelYERghin

around 2 minutes, ATSR may complete a eragle observation of the same acéadhe

Earth's surface. The forward view has a zenithal angle between 52° and 55°, whereas the
nadir has a zenithal angle between 0° and 21.6°. Prata (1993, 1994a) developauhgldual
approach to extract the SST and the LST from ATSR data under thesgign that the

LST and SST are independent on the VZA and that the atmosphere is horizontally
homogeneous and stable across the observation duration. Later, Sobrino et al. (1996)
introduced an enhanced dwaaigle algorithm that takes into account bdth émissivity at

the forward view and the emissivity at the nadir.

Although the multiangle (dualngle) approach performs better than the SW technique,
there are a number of practical issues with using theahgié algorithm with satellite data
(Sobrino& JiménezMuoz, 2005). Because the angular behavior of natural surfaces like soils
and rocks is poorly understood at scales of satellite's spatial resolution, the angular
dependence of the emissivity is a crucial phenomenon in theangle technique (brino

& Cuenca, 1999)
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Methods Assumptions Advantages Limitations and Disadvantages
Inverted ground surface is regarded as a | Simplicity and great fothe | Determing surface emissivity for each and every surface is
plank black body, or and LST determine general representation of | difficult
equation by inverting plank equation LST
Radiative obtaining the intensity of the Simplicity and a direct measurements in TIR region are highly correlated resulting
transfer surface thermal radiation by technique for retrieving instrumental noise and errors in atmospheric corrections,
eguation subtracting the atmospheric LSTs that uses a single TIF

influence from the total amount of| band

thermal radiation detected by the

satellite sensors,
Mono Uses emissivity, atmospheric avoid realtime dependence 1) Require a priori knowledge of the pixel emissivity in the T
window transmittance, and effective mean data channel 2) Require accurate aspheric profiles and a good
algorithm atmospheric temperature. To RTM to estimate atmospheric quantities

determine LST
Single radiance measured by the satellit¢ 1) Simplicity 2) Applicable | ) The uncertainty of atmospheric profiles may have strong
channel sensor in a single channel within § to sensors with only one | effects on the accuracy of LST retrieval. 4) Forward
Algorithm selected atmospheric window TIR channé calculations of atmospheric quantities using an RTM are-tin

consuming 5) Use of empirical relationships provides poor

results at high atmosphe water vapor contents
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Split- using differential absorption in twq the differences in absorptig Only applicabldor satellite data with two thermal bands
Window adjacent TIR channels to determir between two thermal available
Algorithm Land surface Temperature infrared channels in the

atmospheric window
Multi-angle | differential air absorption caused | Simplicity and high 1) Require a priori knowledge of the angular variation of the
method variable route lengths when the | efficiency 2) Accuate emissivity at satellite pixel st&2) Require a significant

same object is observed in a
particular channel from several

viewing angles

atmospheric profiles are ng
required 3) LST retrieval
accuracy is insensitive to th
uncertainties in the optical
properties of the

atmospheric absorbents

difference in the slant palengths 3) Require accurate
geometric registration
4) Applicable only to the homogeneous surfaces.

Table 2.2 LST retrieval Methods, Assumptions, Advantages and Disadvantages
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2.5Urban Rural Gradient Analysis

The use of urbanural gradient analysis to illustrate the spatial distribution and variation of
SUHI along urbasrural zones is a highly important meth@alew & Semaw, 2022Y here

are two primarymethods for performing urbamiral gradient analysis(1) Directional
transects connecting the city's urban core to its rural regions (Zhahg2204; Zhou &
Wang, 2011) and2) Concentric rings around the city, with conventional distance intervals
extendng to its outskirts. (Balew & Korme, 2020; Estoqueatt, 2017; Simwanda eal.,

2019; Zhou & Wang, 2011). However, cities with a singdee urban growth pattern benefit
more from the concentric ring urbaaral gradient analysis technique. (Estoqual e 2017,
Ranagalage etl., 2017; Simwanda el., 2019).

2.6 Grid Based Analysis

In order to define the association between IS, CL, FL, VC, and GL density with mean LST,
210 m x 210 m grids (a window of 7 x 7 pixels) were used. According to Dissanetyalke
(2019a, b), Estoque et al. (2017), and Ranagalage et al. (2018b, 2019b), this grid size
produces superior density findings and has a strong correlation with mean LST.

2.7 Landscape Metrics

The landscape metrics are quantitative indexes created tibeemed evaluate the patterns

of the landscape in a particular geographic area. They are also known as landscape indices,
spatial indices, and spatial metr{@&ulti, 2022) Although the term "landscape metrics" has
traditionally been used to describeetmcs for quantifying patterns in categorical maps
(Mcgarigal K. FRAGSTATS HELP. 2015.)n recent decades, the application of these
indices has provided a new means of defining the spatial heterogeneity of urbanized land
and urban morphological trai(Bulti, n.d.) Patches are used as the primary building
component in the computation of landscape indices. A patch is a geographically

homogeneous area with recurring themes that is unique from its surroundings.

The most often used indices in quantifyimdpan expansion patterns in urban studies are
broken down into three categories based on the possibility for metric computations-at patch

level, clasdevel, and landscagevels(Bulti, 2022)
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Patch Level Indices- Patch level indices are generated for each patch to indicate its spatial
properties and context. The average patch characteristics across all patches in a class or
landscape are only one example of the many landscape metrics that are typically computed
using these indices. Patch area (PA) and Perimeter (PERIM) are one of the most useful
characteristics of a given patch. However, calculated values of each patch have minimal
significance in terms of interpretation and are very important as serving as dobpdke
computation other various landscape metrics such as average patch characteristics over all

patches in a class or landsc#Baelti, 2022.)

Class Level Indices The class level indices rely on data from patches with the same land
use type. By eparately calculating the number and geographical layout of each patch type,
class indices provide a way to gauge how fragmented the landscape is of each patch type.
The most popular class level indices in urban studies include the number of patches, mean
patch size, largest path index, landscape shape index, area weighted mean patch fractal

dimension, and patch cohesion indBxilti, 2022.)

Landscape Level Indiceg The landscape indices incorporate all of the patches of all class
in the given landscap Landscape metrics can be divided into two main categories: those
that quantify the composition of the map without using spatial attributes and those that
measure the spatial arrangement of the map using spatial inforrf@tistafson, 1998;
McGarigal &Marks, 1995) Indicators like Patch Density (PD), Edge Density, and Mean
Euclidean Distance Neighbor are often utilized at the landscape level in urban @utties.
2022.)

Landscape metrics are also classified by landscape pattern aspect. Thie faa and
Edge metrics, Shape metrics, core area metrics, aggregation metrics and Diversity metrics.

Area and Edge Metrics handle patch size and the amount of edge these patches produce.
This metrics are useful in describing the complexity and aggoegat fragmentation of

patches and can be a useful metrics in determining configuration of patches.

Shape metric This metrics describe the patch shape complexity and degree of irregularity

of patches. Combined with other types of metrics determin&ets ¢an give a strong
indication of the type of distribution and configuration of patches at different levels such as
at single patch (e.g. fractal dimension or shape index) or at a landscape level (e.g. Landscape

shape index or area weighted mean paw@tidt dimension)
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2.8Land Surface Emissivity Detection Methods
Day/night temperature-independent spectralindices (TISI) based method

Becker and L{Becker & Li, 1990and Li and BeckegiBecker & Li, 199djrst proposed a TISI
based method assuming that the TISlIij (i is the MIR channel and j is the TIR channel) in the
daytime without the contribution of solar illumination is the same as the TISIij in the night

time, , Li and

Becker (1993) an¢Z. Li et al., 2000)further developed a day/night TIBhsed method to

first extract the bidirectional reflectivity in MIR channel i by eliminating the emitted
radiance during the day in this channel by comparing the TISIij in the daytime and the
nighttime. Oncehe bidirectional reflectivity in an MIR channel is retrieved, the directional
emissivity in that MIR channel can be estimated to be complementary to the hemispheric
directional reflectivity, which can be estimated from a bidirectional reflectivity datsse
Finally, based on the concept of the TISI, the LSEs in the TIR channels can be obtained from
the twochannel TISI and the emissivity in the MIR chan@@hng et al., 2006; Z. Li et al.,
2000)

Several requirements may limit the usage of this algyorin LST retrieval from space. First

of all, approximate atmospheric corrections and concurrence of both MIR and TIR data are
required(Jiang et al., 2006)rhen, accurate image-tegistration must be performed (Dash

et al., 2005). Additionally, theusfaces must be observed under similar observation

conditions, e.g., viewing angle, during both day and niDash et al., 2005)
Classification-based emissivity method (CBEM)

According to this methodology, land covers with similar classifications would have had
fairly similar LSEs. Based on information on conventional land cover classification, the LSE
can be determined using lcoip tables. By taking into account seasonal d@yrhmic state
changes(Snyder et al., 1998pund that the LSE values of 70% of land cover could be
predicted using this method with sufficient precision (around 0.01), theoretically fulfilling

the target of 1 K accuracy of LST retrieval.
NDVI-based enmssivity method (NBEM).

This method is based on a statistical relationship between the NDVI derived from the VNIR
bands and the LSE in the TIR channels. This method makes the following assumptions: 1)

that the surface is only made up of soil and vegetafipthat the surface reflectivity in the
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red channel can linearly represent the emissivity of the bare soil; and 3) that the LSE changes
linearly with respect to the percentage of vegetation in a pixel. As a result, three linear
functions that corresportd the situations when a pixel is composed of full vegetation, full
soil, or a mixed soil/vegetation content can be used to estimate the LSE of TIR cl{@nnel i.

L. Li et al., 2013)

Two-temperature method (TTM)

The TTM is based on the principle of rethgcunknowns through numerous observations.

If the land surface is viewed by N channels at two separate times, there are two N
measurements with N+ 2 unknowns (N channel LSEs and two LSTs), provided that precise
atmospheric corrections in the TIR chanrnieds’e been carried out and that the LSEs are
time-invariant. Therefore, if N >2, the 2 N equations can be used to simultaneously
determine the N LSEs and the two LWgatson, 1992)

The 2 N equations are highly linked, which makes their solutions pdignitestable and
extremely vulnerable to sensor noise and mistakes in the atmospheric corrections. As a
result, the retrieval accuracy is not always guarant€edelles et al., 1997; Gillespie et al.,
1999; Watson, 1992)

Physicsbased day/night operatimal method (D/N)

Wan and Li (1997) further developed a physiesed D/N approach to simultaneously
obtain LST and LSEs from a combined usage of the day/night pairs of MIR and TIR data,
which was inspired by the day/night TISI based method and TTM mdthodler to lower

the number of unknowns and increase the stability of the retrieval, this method makes the
assumption that the LSEs do not considerably change from day to night and that the angular
form factor only slightly varies (b2%) in the relevant®Alvavelength range. Two variables,

the air temperature at the surface level (Ta) and the atmospheric WV, are introduced to adjust
the initial atmospheric profiles in the retrieval in order to lessen the impact of the residual

error of atmospheric correctie on the retrieval.

The number of unknowns with two measurements (day and night) in N channels is N+7 (N
channel LSEs, 2 LSTs, 2 Ta, 2 WV, and 1 angular form factor in the MIR channels). N must

therefore be equal to or bigger than seven for the equatidresdeterministic.
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However, the D/N technique still experiences the crucial issues of geomeitrggisisation
and variations in the VZA, just like the other mué&mporal method&. L. Li et al., 2013)
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Methods

Assumptions

Advantages

Disadvantages and Limitations

Day/night temperature
independent spectral
indices

(TISI) based methods

Emissivity ratios are the same |
do

not change significantly betwee
two

times. i.e., day and night

1) Approximate atmospheric
corrections arsufficient
2) Physical basis and suitable for

various surfaces

1) Require approximate atmospheric corrections

2) At least two channels, one in MIR and another in
TIR atmospheric windows, are available

3) Require accurate geometric registration

4) Observdbns must be conducted at similar

Classificationbased
emissivity method
(CBEM)

Surface materials in the same

class have the same emissivity

1) Simplicity 2) Accurate

atmospheric correction is not requir

1) Require a priori knowledge of the emissivifyeach

class, as well as the corresponding classification map 2
Seasonal and dynamic states of surfaces may degrade
accuracy 3) Less accurate at coarse resolutions and leg

reliable for classes with contrast emissivities.

NDVI-based emissivity
method(NBEM).

1) Surface is composed of soil
and vegetation 2) Variation of
LSE is linearly dependent on tf

fraction of vegetation in a pixel

1) Simplicity 2) Suitable for various
sensors with red/near infrared band
and TIR band 3) Accurate

atmospheric correion is not required

1) Uncertainty of the soil and the vegetation emissivitieg
the NDVI thresholds for soil and vegetation, of the
vegetation fraction, and of cavity effects may degrade tf
accuracy 2) Less accurate for surfaces covered only by
3) Inapplicable on surfaces such as water, ice, snow,
and rocks and fails for surfaces containing sense recen

vegetation

Two-temperature method
(TTM)

Emissivity is invariant at two

times

1) More suitable for geostationary
satellite data

2) Simultaneouslyetrieve LST and
LSEs

1) Require accurate atmospheric corrections at
different times
2) Requires mulitemporal TIR data and large

temperature difference between different times

3) Require accurate geometric registration
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4) Solution more sensitive to ingtnent noise and
errors in atmospheric corrections
5) Observations must be conducted under similar

viewing angles

Physicsbased day/night
operational methods
(D/IN)

1) LSEs do not change
significantly at

day and night times

2) Angular form factor has very
small

variation in MIR channels

1) Does not require a prior accurate
atmospheric profiles
2) Solutions become more stable ar
accurate by introducing the MIR
channels

3) Accuracy of the LSTs and LSEs
greatly improved by modifying the
atmospheric profile in the retrieval
4) Accurately retrieve both LSTs an
LSEs on a physical basis

1) Require multtemporal data in several channels
in the MIR and TIR atmospheric windows

2) Require accurate geometric registration

3) Approximate shapes of the atmospherifiles
need to be given a priori

4) Retrieval process is complicated, and initial
guess values are required

5) Observations must be conducted at similar

viewing angles

Table 2.3 Land Surface Emissivity Methods, Assumptions, Advantages and Disadvantage
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2.9 Land cover spectral indices

A spectral index is a formula used in science that is applied to various spectral bands of an
image per pixel to produce significant evidence. Spectral indices support surface process
modeling, predigon, or inference. Spectral indices help in modeling, predicting, or infer
surface processes. Indices are derived for many different combinations of satellite spectral
bands. There are various applications of the satellite indices that are exploregastthe
studies includes agriculture, water resources, urban development, forest ecology, geology,

soil sciences, vegetation, and other applicat{®nasad et al., 2022)
Normalized difference vegetation index (NDVI)

NDVI is a dimensionless index that describes the difference between visible and nearinfrared
reflectance of vegetation cover and can be used to estimate the density of green on an area
of land (Weier & Herring, 2000)NDVI values vary from-1 to 1, regardless of whether
radiance, reflectance, or DN are used as input. In general, its values are near to zero for rocks,
sand, or concrete surfaces, negative for bodies of water, and positive for vegetation, such as
crops, shrubs, grasses, and wo@dses Vaughan, 2011)

Normalized difference Buikup index (NDBI)

Furthermore(Zha et al., 2003)nade a contribution in this field by creating the welbwn
Normalized Difference Buitp Area Index to aid in urban buip area extraction (NDBI).

The ceation of NDBI on the basis of previously developed NDVI allowed for the monitoring
and mapping of urban builtp areas. This widely used algorithm has been developed as an
automatic builup area recognition technique using Landsat TM data satellitegsctd
medium spatial and spectral resolution without the usage of training samples. Additionally,
this builtup area index is capable of identifying buift surfaces by using the reflecting
wavelengths of nedanfrared (NIR) and midnfrared (MIR) (i.e.,band 4 and band 5 of
Landsat TM satellite). The NDBI was derived based on the fact thatipusiirfaces reflect
more light in the MIR than the NIR. Additionally, this index is widely used because of how
quickly it processes data and how simple calonhestiare. The NDBI values typically range
from -1 to +1. The developed area is thought to be represented by the NDBI's favorable
result(Zha et al., 2003)
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Normalized difference Water Index (NDWI)

The normalized difference water index (NDWI) was creatd®96. It resembles the NDVI,

or normalized difference vegetation ind@oward et al., 1991; McFeeters, 1998plar
radiation interacts with liquid molecules in vegetation canopies as measured by NDWI. It
uses the green band and near infrared bahdradsat TM to create twband spectral water
indices. Water absorbs heavily in the NIR band and is significantly reflected in the green
band. As a result, NDWI took advantage of this, and the following equation is used to
calculate NDWI(McFeeters, 1996)

Normalized Difference Bareness Index (NDBAI)

Using Landsat datdChen et al., 20068uggested a normalized difference bareness index
(NDBAI) to identify bare land from other land use groups. This index is based on the fact
that bare soil radiates moneat on the thermal band. The value of NDBAI ranges between

1 and +1, and it can be used to monitor bare soil, land conversion, impervious surface, and
its relationship to surface temperatu#hao & Chen, 2005NDBAI's positive number

typically denotedare land. With an increase in the positive NDBAI, the bareness increases.
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2.10EMPERICAL REVIEW

Currently, more than 50% of the world's population lives in cities, and by 2050, that
percentage is projected to rise to 662014 | UN DESA | UniteBations Department of
Economic and Social Affgirsd.) This number shows a fluctuating rise in the number of urban
residents. African and Asian developing nations, in particular, are more responsible for this
rapid rise in urbanizationYN-HABITAT, 2010, 2013). As a result the urban and rural
landscapes are both changed by the rapid growth of the urban population. Extreme LULC
change will result in the replacement of natural vegetation and greenery areas with
impermeable surfaces which in turn panty influences surface temperature of the urban
and surrounding area. (Balew & Korme, 2020; Feyisa et al., 2016; Pham & Yamaguchi,
2011; Renee et al., 2006; Sisay & Korme, 2019; Zhao et al., Zb&6g et al., 2014

2.101 Global Perspective

Studies that sought to comprehend how changes in land use and cover affected the land
surface temperature in rural and urban areas (Urban Heat Island) useduabgnadient
analysis to establishing several buffer zones surrounding study @stague& Murayama,
2017)found in general, the pattern of mean LST throughout urbaal gradients represents

a typical profile of the UHPhenomenawith LST steadily dropping along the urbaural
gradient with some spikes, valleys, plateaus, and bgBasagalage et al., 201faund that

URZ1 near the city center has the highest mean LST value. The mean LST of URZ1 was
19.8 Cin 1996, 18.9 C in 2006, and 24.4 C in 2017. In 1996, the mean LST was 19.8 C. On
the other hand, from 1996 to 2017, the mean b&all other URZs grew. The findings
showed that between 1996 and 2017, the mean LST of the other URZs ranged from 18.9 C
to 21.2 C. The data also showed that URZ12 in 1996, URZ10 in 2006, and URZ19 in 2017

had the lowest recorded temperatures.

Regardinghe impact of vegetation in lowering land surface temperdfimeet al., 2022)
examinedhow UGS affected LST in various urban blocks. The findings revealed that UGS
acts as chilly islands between different urban blocks. The findings also indicdietthtte
composition and arrangement of UGS can influence LST among various urban blocks, and
that a logical distribution of UGS would be useful for reducing the effects of UHI. (Brown
et al. 2015; Shiflett et al. 2017) showed that Vegetation, particutedyg, helps to cool the
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surface of hot and arid cities by providing shade, evapotranspiration, intercepting solar
radiation, and establishing park cool islands.

Considering how water bodies acted as a cooling d@anita et al., 201%9howed thathe
presenceof surface water bodies in a region is what causes potential cooling through
evaporation, which lessens the heating effect. The result showed that Land surface
temperature of the surrounding increased as the distance from the surface water increased
and vce versa(Khan et al., 2019)also showed that According to their findings, Surface
water bodies decreased from 11,379 km2 in 2000 to 9657 km2 in 2015. According to the
trend study, the country's LST rise was accelerated by changes in Surface Weer bod
According to the spatial study conducted throughout the relevant years, there is a correlation
between a rise in LST and a fall in Surface water bodies showing the effect of water bodies

on Land surface Temperature.

(Adeyeri et al., 2019nd(Hellman & Ramsey, 2004)Jso showed that surface reflectance from
volcanic ash deposit on bare land and the presence of hot rocks located deeper in the crust

are the major cause for the observed cold and hot islands in the current study area.

Considering th@mpact of spatial arrangement and its connection to land sueiaperature
(Estoque et al., 2017pund that size, shape complexity and aggregation of the patches of
impervious surface and green space showed a noticeable relationship with Land surface
Temperature, while aggregation had a very strong correlation with land surface Temperature.
In this study Mean patch size and mean shape index of the patches of impervious showed
positive relationship with Land surface temperature while green space shegative
relationship with Land surface Temperature. Aggregation of patches of impervious and
green land use showed a very strong consistent relationship with Land surface temperature.
(Maimaitiyiming et al., 2014¥indings demonstrated that (1) both tbemposition and
configuration of green space contribute to urban heat island, (2) joint effects of any two
combinations of metrics were greater than the effect of a single metric, (3) ED and PD
combined was the most deterministic factor of LST than thqueneffects of a single
variable or the joint effects PLAND and PD or PLAND and ED, and (4) optimizing the
configuration of green space which increases the PD and ED should be prioritized in
planning To lessen the consequences of urban heat islands)ubelo be given priority in

urban planning and development.
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2.102 Local Perspective

Given the fact Land use Land cover plays a strong role in surface temperature it is important
to understand the role of Land use Land cover on Land sufemperature. (Balew &
Korme, 2020) found that Land surface Temperature was higher for Agricultural Land and
Paved surface while it was lower for Vegetation and Water body. similarly (Haylemariyam,
2018) found that Built up area and barren Land recordebddigand surface temperature
while shrub land and Dry river exhibited lower Land Surface Temperature.This findings
were constant with (Asfaw,2017) who also found that Urban, bare and cultivated land
exhibited higher Land surface temperature and had avgoggin relationship with Land
surface temperature whilst shrub and forest land showed Lower Land surface temperature
and showed a negative gain relationship with Land surface temperature. However, these
studies did not address the impact of newly addad Lise land cover classes such a built

up on Land surface temperature.

Studies that attempted to understand Land use Land cover change and its effect on the LST
on Urban and rural areas (Urban Heat Island) applied tmyah gradient analysis by
creatingstudies (Abel Bal &Fisha Semaw, 2032ound that SUHI was higher in the urban

area and lower in the surrounding or rural area. (Balew & Korme, 2020) found that urban
city has lower Land surface temperature due to the cool air because the urban aesr was
Lake Tana while the sub urban area had higher Land surface temperature. However, these
studies did not show whether the landscape metrics of vegetation and built up played an

important in the urban and rural surface temperature variation.

With respecto vegetation role in reducing Land surface temperature (Samson et al.,2018)
found that public parks reach in vegetation in urban area compared to the surrounding area
showed a difference up to 5oc difference showing the role urban vegetation played in
reducing Land surface Temperature. (Amanuel, 2020) also found that the placement of
Green infrastructure played a major role in reducing lad surface temperature. The results
showed that distance from park was positively correlated with Land surface Temgeratu

As a distance increased by 500m the mean Land surface Temperature increased by 0.530c.
The study also found that increasing the Green infrastructure on hot spot area by 13 % the
mean Land surface temperature drops approximately by 0.790c cementimgpdinnce

role vegetation plays in reducing Land surface Temperature. Nega et al., (2019) also

signified the impact of vegetation. In his study in recorded that mean annual Land surface
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rainfall decrease as vegetation decreased as a result of decregstegion cover which in
turn resulted in the increment of Land surface Temperature of the study area. However, these
studies did not show whether the composition or pattern of vegetation had a stronger effect

on reducing land surface temperature.

Taking nto consideration how water bodies played a cooling role Balew & Korme, (2020)
showed that the land surface temperature in urban city was lower when compare to sub urban
land surface temperature because of the fact the urban area was near to Lake Tana.
Daghachew et al., (2019) also found that the minimum temperature was found in the lake
and surrounding areas of wet land. However, these studies did not show to what extent the
distance from water bodies affected the land surface temperature of the suga@uadiand

how land surface temperature of water bodies behaved on different seasons.

Dagnachew et al., (2019) also found that volcanic process in the city are one of the main
caused for the high land surface temperature in the city. The study showhdtthatks
located deep in the crust transferred heat into the earth surface resulting in higher land

surface temperature.

Taking into consideration the effect of spatial configuration and its relation with land surface
temperature (Ezra, 2022) tried to bza the relationship between vegetation cover spatial
pattern and Land surface Temperature. Among the four vegetation land cover configuration
used Edge Density, Patch Density and Fractional Dimension index related more closely than
Land surface Temperatu It also found that 57% of variation in Land surface Temperature
was jointly by the three configuration variables. The study showed that 10 % increase in
Patch Density and Edge Density of vegetation land cover approximately resulted in 0.91 oc
and 0.240 decrease in Land surface Temperature and 0.1 increase in Fractional Dimension
of vegetation configuration decreased Land surface Temperature by 2.58oc, therefore
cementing the Geographical distribution and arrangement of vegetation and land cover had
a recognizable effect on Land surface Temperature. However, these study did not the
correlation of land use land cover classes density and land surface temperature and whether
landscape pattern configuration or composition played a stronger role in landesurfa

temperature.
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2.103 Research and Knowledge Gap

The above studies effectively showed the importance of understanding effect of Land use
and Land cover and its change on Land surface Temperature and how it affected our
environment. However, givetne existing urbanizatiemduced increase in land surface

temperature and the possibility of a future increase due to urbanization and Land use Land

cover change, they fall short and raise a number of significant issues.

Furthermore, existing Ethiopianuslies concentrating on the above studies concluded their
result in studies conducted for dry season. This gap left it unclear how the aforementioned
data behaved over other seasons, as well as what the influence of land use and land cover
change on land siace temperature will be seasonally in a given research area. Moreover
the dry season and wet season will have different impact on the surface temperature of major
land use and land cover classes such as built up, vegetation, water bodies, agriaudtiral la
and bare | ands and understanding how these
affect the environment is relevant. For example water bodies may exhibit higher land surface
temperature during winter and lower land surface temperature oreasyprs whilst other

may exhibit vice versa .Therefore understanding how these phenomena affect the formation
of urban heat island seasonally will enhances our understanding for future mitigation. More
over the above researches focused on the effect oliendnd land cover on land surface
temperature on the current situation and did not predict or model what the future trend of
land surface temperature will be with respect to land use land cover change in the future.
Modelling and predicting future land eidand cover changes along with land surface
temperature will allow us how severe the increment of land surface temperature will be and

take the necessary steps needed to counteract it.

It is evident that Adama city urbanization rate is increasing atexr fiade from time to time

which has led to an increased urban heat island phenomena. As this increment is bound to
increase it is important to have a deeper understanding of the effect of land use land cover
change on land surface temperature in diffesesharios and one of these scenarios being
seasonal variation. It is evident Seasonal variation of land surface temperature as a result of
change in land use land cover will have adverse effect in construction, planning, agriculture,

climate and many moiénot addressed.
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CHAPTER 3. MATERIALS AND METHODS

3.1Description of Study Area

3.1.1Geographical Location

Adama is a city in Ethiopia's central Oronfit@gion (Figure ), located in the east Shewa
Zone 99 kilometers southeast of Addis Abeba. The city is situated between the base of an
escarpment to the west and the Great Rift Valley to the Easbmpassingn area of
roughly 313.04 km2 and falling within the latitudenge of 8° 26'35" to 8° 38'46"N and the
longitude range of 39° 9'20" to 39° 21'30"E. One of the railway urban centers, Adama city
was established in 1916 as a depot along the Addis Abplbauti railway line. The
development of the Addis Abatizjibouti ralway line was a key component in the

emergence.

Adama City
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Figure 3.1 Location Map of study Area
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3.1.2Demographic

Adama city is Ethiopia's fourth largest urban center in terms of population size (Central
Statistical Authority, 2021). Additionally, it isne of the few cities in the nation with a
threshold population of over 300,000 and the largest urban hub in the Oromia Region. Since
1965 G.C., when the first baseline urban demographic survey was carried out in the nation,
the city has experienced loigrm population survey trends that have been documented by
the majority of demographic and housing censuses and surveys (Socio Economic Profile of
Adama, 2018). According to the country's past three successive censuses, Adama city
showed a significant riga population in the first Ethiopian population and housing census,
which was held in May 1984. The population of Adama was 77,237. In the third base
Ethiopian population and housing census, which was held in 2007 (the most recent year for
which statisticsare available), 220,212 people were inhabited in Adama. The following
population and housing census, conducted in 1994, indicated that Adama had a total
population of 127,842. According to the Oromia Urban Planning Institution (OUPI), the
population of Adma City was 232,152 in 2007 due to the exclusion of four Gandas/kebeles,
namely Daka Adi, Dabe Soloke, Boku Shenen, and Melka Adama, with a combined
population of around 11,940. According to the revised structural plan, 11 new rural
Gandas/kebeles are defd within the city administrative limit based on the projected
population of 435,222 (Central Statistical Authority, 2021), with 212,991 men and 222,231

women.
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Figure 3.2 Population of Adama City from 199021
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3.1.3Urban Growth

In terms of pepulation, urban buiup area, and economic function, Adama is one of
Ethiopia's fastesgrowing cities. According to Tesema & Assefa (2019), the city's
population increased by 9% between 2004 and 2016; by 2021, the overall population is
expected to be cke to 435,222. (Central Statistical Authority,2021). Both naturally
occurring urbanization and rurtd-urban migration contribute to the growth of Adama city.

In fact, migrants from nearby rural areas, rural areas in other regions, and other cities make
up the majority of the city's population. According to the 1984 census, migrants made up
53.7% of the city's population, making Adama one of the regions and countries with a
substantial intake of migrants each year. Similar to how the proportion of migesaked

at 52.9% in the second census of 1994 after a decade, and was expected to have reached
59.2% in the 2007 census (CSA, 1984, 1994, 2007), As was already said, a significant
section of the population of Adama city consists of migrants, who are pyimigw to the

city in quest of job, demonstrating a city's capacity to pull citizens from other cities or rural

regions.

Between 1984 and 2015, Adama City's buptarea increased by 293%. (Sinha et al., 2016)
Similar to this, Dejene & Abebe (2019) atad that from 1995 to 2019, the city's buwifi

area increased by 22% year, more than doubling. The city of Adama is growing and
expanding, and it is making an exgreater economic contribution to the area and the nation.
The top three industries for emogiment in Adama City are wholesale trade, manufacturing,
and construction, which account for 23.2%, 19.0%, and 9.4% of all jobs, respectively.
However, the city's economy also greatly benefits from other sectors, such as transportation
and storage, the sece sector (real estate, hotels, food, and services), retail, and construction
(Dube & Mulugeta, 2015). To summarize, Adama City's urban growth over the last few

decades can be linked to geological as well as stameographic factors.
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3.1.4Climate condition

3.1.4.1Temperature
The city's mean annual temperature is 22.87°C, according to data from the Ethiopian
Meteorology Agency's Adama station (192021). The climate is categorized as semi
humid to semarid. The hottest monthsf Adama are from March through June, with a
maximum mean temperature of above 32°C in Maigure 3 November through December
and January through February had the lowest monthly mean temperatures. Maximum
temperatures range from 27.36 to 32.24 degreé&sus, and the minimum monthly humidity
ranges from 14.01 to 18.56 degrees Celsius.
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Figure 3.3 Adama city monthly Mean Max, Min aAderage Temperature from 192021

Due to its geographical location, Adama City has a hospitable climate. It is surrdwnded
plateaus with moderate temperatures and copious, heavy rainfall that is beneficial for life.
Summer is the rainiest season of the year in Adama City, where there is just one meteorology
station.
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3.1.4.2 Rainfall

According to the Adama Meteological Station's rainfall data from 2001 to 2021, Adama
City is located in the country's region with the most summer rainfall. The maximum monthly
average rainfall in Adama City was 240.227 mm in the month of July, with the mean annual
rainfall of thecity being 1035.217 mm (Figure 3.3). The two months that produce the most
rainfall are July and August, whereas the minimum rainfall acquired was during Detember

February.

300 A

Rainfull in mm
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Figure 3.4 Adama City Monthly Average Rainfall from 262020

3.1.5Topography

The current builup region of Adama city has a flaipographyand is situated between the
"Kechema" and "Boriticha" uplands. This topography typically rolls down from north
(Dhaka Adi) to south high to the expressway that connects Addisatbebdama. During

the rainy season, flooding from the dissected uplands affects the western and eastern portions
of the builtup areas that are close to the Kechema and Boriticha uplands. In the Great
Ethiopian Rift Valley is the city of Adama. Plain apldteau landscapes can be found within

this significant landform. There are also smaller, wider, shallower, and deeper gullies within
these landscapeshe elevation varies between 1,452 and 2055 meters above sea level. The
expansion zones' extreme east anrthwest corners are where the lowest and highest points

are found.
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3.1.6Land use land cover
Residential, commercial, business administrative, open spaces and environmentally

sensitive regions with graveyards, sports and recreatior@alufacturing, and storage are

among the land use categories in Adama city.
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3.2Data Source

This study utilizes Landsat and MODIS satellite data to analyze the land surface
temperature (LST) patterns Adama, Ethiopia, across different seasons (Bega, Belge, and
Kiremete) and years (1991, 2000, 2010, and 2022). The Landsat data, obtained from the
United States Geological Survey (USGS), includes Landsat 5 TM, Landsat 7 ETM+, and
Landsat 8 OLI/TIRS imagenyith a spatial resolution of 30 meters. The Landsat scenes
were selected based on the season and year of interest, considering factors such as cloud

coverage and data availability.

The MODIS data, specifically the MOD11A2 Version 6 product, was acqtroed

United States Geological Survey (USGS). The MOD11A2 product provideslan 8
composite of land surface temperature and emissivity data at a spatial resolution of 1000
meters (1 km). The MODIS data was selected to correspond with the seasons aofl years
the Landsat data, allowing for a mesttale analysis of LST patterns.

Table 3.1Data source used

Satellite/ Season Date SceneCenter time in Cloud Spatial
Sensor GMT Coverage Resolution
Landsat 5 Bega 1991-01-19 "07:00:45.8710690Z' 0.00 30
™
Belge 1991-04-09 "07:02:12.1310630Z" 5.00 30
Kiremete 1991-09-16 "07:04:18.7710130Z' 6.00 30
Landsat 7 Bega 2000:12-05 "07:30:42.08924447' 0.00 30
ETM+

Belge 200005-27 "07:32:21.03468247' 10.00 30
Kiremete 200009-16 "07:30:57.5111704Z' 24.00 30
Bega 201001-15 "07:31:54.69028927' 0.00 30
Belge 2010604-05 "07:32:36.27314447' 15.00 30

Kiremte 201009-28 "07:32:40.0353533Z7' 12.00 30
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Landsat 8 Bega 202211-16 "07:40:52.1474710Z' 4.50 30
OLI/TIRS

Belge 20220516 "07:40:19.8069910Z' 1.92 30

Kiremte 202209-21 "07:41:02.6824319Z7' 27.85 30

Table 3.2 Validation Data Used for Land Surface Temperature

Product Date Season Temporal Spatial
Resolution Resolution
MOD11A2.061 2000337 (200012-02 Bega 8 days 1000 m
MOD11A2.061 2000137 (200005-16) Belge 8 days 1000 m
MOD11A2.061 2000257 (200009-13) Kiremete 8 days 1000 m

MOD11A2.061 2010017 (201001-17) Bega 8 days

MOD11A2.061 2010097 (201604-07) Belge 8 days 1000 m
MOD11A2.061 2010265 (201609-22) Kiremete 8 days 1000 m
MOD11A2.061 2022313 (202211-09) Bega 8 days 1000 m
MOD11A2.061 2022129 (202205-09) Belge 8 days 1000 m
MOD11A2.061 2022257 (202209-14) Kiremete 8 days 1000 m

Administrative border, road network, existing LULC, city structure plan, population, and

meteorological datareobtained from their respective sources, as mentioned in the report

Table3.3 Ancillary Data Source used

Data Data Source

AdministrativeBoundary Oromia Urban Planning Institute
Population Data CSA and Oromia Urban Planning Institu
Climate Data NMA Adama Station
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Existing Land use Adama City administration urban larn

sectors office

Validation Data Reference Google Image

3.3 Software Used

The software thaare utilizedin this study are chosen basé&lability to work on existing
problems while meeting the set objectives. Different applicatiares employed to
accomplish the study's goal. In order to process and fglasdellite pctures,ENVI 5.3 is
utilized. Additionally, Fragstats 4i8 used to analyze spatial patterns, and Google Earth Pro
is used to verify the accuracy of the land use/land cover class. Additionally, ArcGI& 10.8
used for LST inversion, spatial analysis, amap creatiomndSPSSs utilized for statistical

analysis.

Table 3.4Software used
Software Purpose
ENVI Image preprocessing and classification
FRAGSTAT Landscape dynamics analysis of Landscape patter
ArcGIS LST Retrieval ,Spatial Analysis And Mapping
SPSS Statical analysiand graphical Representation
Google Earth Pro Visual Image Interpretation and validation of the re
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3.4 Data collection Method

Justification for the Selection of Seasons

According to the Ethiopian Meteorology Agency:

1 Bega (October to January): Dry and cold weather conditions prevail over much of
the nation.

1 Belg (February to May): Short rainy season for northeast, east, central, and
southern highlands; main rainy season for south and southeast portions. May is
usuallythe hottest month in Adama.

1 Kiremte (June to September): Main rainy season across much of Ethiopia. July is
usually the coldest month in Adama

Justification for the Selection of Years

As part of this study, amierdecadal time frame from 1991 to 202&sselected to analyze
urbanizationinduced land use and land cover (LULC) change in Adama city. This time
frame can be attributed to two main factors. First, Ethiopia maintained a legacy of a centralist
government structure until 1991 (Ferdissa, 2019), witles and towns regarded as
extensions of central authorities. This period illustrates the trend of urbanization in Adama
city before and after the abolition of the centralized government structure. Second, Adama
city's growth rate was moderate until 199he city had an area of 1.2 km2 in 1937 and
expanded slowly over 54 years to 34.20 km2 in 1991. However, after 1991, the expansion
intensified, with the city's size becoming roughly four times larger in 2004 and nine times
larger in 2017 compared to #&ze in 1991. Furthermore, there is no ground truth available
for the study area prior to 1990 in the decadal range.

Adama’s population began to increase following decentralization, as the city became the
capital of the Oromia region in 2000, attractirepple from urban and rural areas seeking
jobs and associated opportunities (Athiopien, 2019). The incorporation of Kebeles under
municipal management after the 2005 parliamentary election was another significant factor,
with four rural kebeles managed a<ity's district, comprising about 18% of the urban
population (Athiopien, 2019). The second wave of decentralization, also known as "Woreda
or District level decentralization," has been in effect since 2002, transferring authority from

the region to the \Wkeda, Kebele, and Zonal levels of government to improve service
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delivery, increase participation in governance, and foster local economic development (UN
HABITAT, 2002:89).

In August 2000, Adama received a new status as the capital of the National RBtatma

and the largest Regional State in Ethiopia, Oromia, significantly impacting the city's rapid
development. The city's population grew from 127,842 in 2004 to 356,304 in (BQHt6&

Sori, 2017)

Landsat Sensor

The Landsat Program is a collectiai Earthobserving satellite missions managed
cooperatively by NASA and the United States Geological Survey. In order to effectively
track land use and document land change brought on by climate change, urbanization,
drought, wildfire, biomass changes rfgan assessments), and a host of other natural and
humancaused changes, Landsat satalliteave the best ground resoduiand spectral
bandsFor In thisstudy Landsat 5 TM, Landsat 7 ETM+ and Landsat 8 OLI/TdR&ised

for threeseasoamainly Bega, Blge and Kiremete Season§hese imageries are collected

free of charge from the United States Geological Survey website

(http://earthexplorer.usgs.gpv

Cloud Cover

It is apparent that an image free from cloud cover isngportant criteria for accurate
analysis. However since this study foessn seasoal effects.Bega, Belge and Kiremeta

certain amount of cloud coveraggresent. By observing some literatuitesas found that

the cloud coverage was more predominant in other area of the scene rather that the study

area, imageareacquired fothe three seasons
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3.5 Method of Data Preprocessing

3.5.1Pre-Processing

9 Radiometric calibration

The capacity toranslate digital numbers captured by satellite imaging systems into physical
units is referred to as radiometric calibration. Either radiance (W/m2/sr/m) or apparent top
of-atmosphere reflectance are used as those hiis.type of correction is impoméa for
reliable quantitativeneasurements of the imagery. This correci®made using ENVI

software.

1 Atmospheric Correction

Atmospheric image correction is critical for obtaining an accurate image since the radiation
from the source always interacts withe atmosphere, which might affect the image
brightness level. Therefore in order to increase the quality of the images ha&mosp

correctionis used. ENVI softwarés usel for the atmospheric correction
1 Gap filling method

Landsat 7 ETM+ suffered a scéine corrector failure in May 2003, causing the imaged
region to be duplicated and the scanning pattern to exhibit wekdhgeed scato-scan gaps

that ranged from a single pixel at the center of the image to about 14 pixels along the east
and west cornersf each scene on average (Maxwell et al., 2007). This scan lineierror

corrected in ENVI using an additional module called Landsat gap fill.
1 Layer Stacking

Layer stacking is the process of mixing numerous distinct bands to create a new multiband
image. These multiband graphics are helpful for seeing and locating the various Land Use
and Land Cover classes. The extent of numerous image bands must matchtmlayee

stack (no. of rows and columns). ENVI layer stacking iealsed to layer the various
Bands into a multiple band
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1 Projection

Every Landsat image needs tofrejected to a local referen@atum. To Adindan in our

casestudy. Thisgs done using ENVI software.

1 Sub setting

Because the study area is Adama city, the city's most recent structural plan is used as a

boundary to subset the study area portion from the Image.

— Radiometric calibration

Multispectr

al Band to

Radiance Correction of
and then to Atmospheric correction . Atomspheric Blunder
Reflectance Using FLAASH

l

Scan Line Error Correction | —

SLC Correction for
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Reproject to local Adindan
Reference Datum

Subsetting

Figure 3.6 Image preProcessing

48



3.6 Method of Data analysis

3.6.1Land Use Land Cover Dynamics

3.6.1.1Land use Land Cover extraction

Supervised Land Use Land cover Classification

Using supervised classification, the analyst finds representative samples of the various
surface cover types (information classes) of relevance in the images. Training areas are the
names given to these examples. Based on the analyst's familiarity with the region and
understanding of the real surface cover types shown in the image, relauw@ngtregions

are chosen. The analyst is thus "supervising” the classification of a number of distinct
classes. To "train" the computer to identify spectrally related areas for each class, numerical
data in all spectral bands for the pixels making upettagsas is employed. The computer
determines the numerical "signatures” for each training class using a special program or
algorithm (of which there are many variations). Each pixel in the image is compared to these
signatures once the computer has idedithe signatures for each class. The class that the
pixel most closely "resembles” is then digitally labeled. To establish the spectral classes that

represent them, we must first identify the information classes in a supervised classification.
SVM Classification

The Support Vector Machine classification (SVM) algoritismised for this study since it

is unaffected by training sample size and distribution, which is critical in supervised image
classification. Additionally, it's critical for the mixquixel problem in metropolitan areas.
Support Vector Machine (SVM) is a spised classification technique that generally
produces accurate classification results from complex and noisy data. It is derived on
statistical learning theory. With a decision surface that optimizes the margin between the
classes, it divides them. Thodosest data points to the hyperplane are known as support
vectors, and the surface is frequently referred to as the ideal hyperplane. The crucial
components of the tramg set are the support vectorsNd\draws a decision boundary

which is a hyperplane bgeen any two classes in order to separate them or classify them.
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Accuracy assessment

The accuracy of information produced from remotely sensed data is determined by accuracy
assessments. The objective is to quantitatively evaluate how well pixelssitudlyeregion

were classified into the appropriate feature classes. The accuracy evaluation evaluates how
effectively a categorization was made and how well one can interpret. Overall accuracy is
the most typical estimate of inaccuracy, and Kappa coeffiieris a measure of accuracy
agreement. It offers a measurement of the difference between the observed agreement

between two maps and agreement that is just the result of chance.

In this study, ENVI isused for an accuracy assessment. To prevent bigampling,
stratified random sampling typie utilized, which uses generated ground truth from ROIs.
Using a Google image as a reference, ground truth ROIs are produced. After that, a confusion

matrix between the ground truth ROIs and the categorized imagastructed.

Pr oduc er 0 squaitifies the pecgntage of correctly identified pixels in a sample
dataset or reveals errors of omission for a specific class. The total number of sample units
from the reference data for a category will be divided by the number of correct sample units

in that category (i.e., the column total).
Producer 6s(0Rocpu 10aé& é/é &Equationl

Where Ct is the total number of sample sites in the column and Ci is the number of correctly

identified sample locations inglreference data or column.

User 6 s Albetatal rmmber of coect sample units in a category will Bwided by
the entire number of sample units on the map classified into that category (i.e., the row total).
The commission error is measured big thutcome. The calculation is:

User 6 s AcY@(Yyxdoo....=..Equation2

Where, Ri = correctly classified samples in the row and Rt = total number of samples in the

row

Overall Accuracy will be calculated bydividing the total number of correctly classified
sample units by the total number of sample units in the error matrix. The accuracy evaluation

statistic with the highest frequency of reporting is this one.

Overall Accuracy = (Y32 (¢) x 100........ Equation3
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Where, Sd = sum of values along diagonal and, n = total number of samples

Kappa statistics was used to measure the agreement or accuracy between the remote

sensing derived classification map and the reference data.
Kappa st atil2kr#eld 02=1 ¥ 1@%12......Equation4

Where K = number of rows in the error matrix; nii = number of observations in row i and
Column i (on the major diagonal); ni+ = total of observationrow i (shown as marginal
total to right of the matrix); n+i = total of observations in column i (shown as marginal total

at bottom of the matrix) and N = total numbeiob&ervations included in matrix

3.6.1.2Land use Land cover Detection

In order to do a post classification change study, it is necessary to have two photos of the
same scene that were shot under the same acquisition settings but at differerfthienes.
aforementioned method was determined to be the most effective at spbémges in land

use and land cover and will be used to reduce the potential impacts of atmospheric variables
and sensor variances. By comparing the area values of one data set with the equivalent value
of the second data set for each time, change statisgre calculated. According to Butt et

al. (2015), the following equations will be used to determine change and percentages of
change detection of LULCC.

Observed changg @) 62 =A1L......... Equation5

Percentage of changeee %R -6%/061x 100......... Equation6
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Figure 3.7 Land use Land cover change Detection
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3.6.2Retrieving Land Surface Temperature

To extract LST from Landsat pictures, raw data (digital numbers) from thermal bands (Band
6 in Landsat 5 TM and Landsat 7 ETM+, and Band 10 in Landsat 8 OLI/TdRS)sed
transformed to ggctral radiance using equation(USGS, 2016).

La = Me I ..QcEquation7 AL

WhereLa represents sensor spectrum radiance,
scaling factor for the band from metadata, AL represents radiance additive scaling factor for

the band from metadata, andaDoepresents quantized and calibrated pixel values in DN.

After converting raw data to spectral radiance, the brightness tempesataiilated using

equation § Balew & Korme, 2020Sisay and Korme, 201Sultana & Sa
TB = K2 [/ l.n.(.Egdation& &= + 1)

where TB is the actual sensor brightness temperature, K2=Calibration constant 2 [K],
1260.56 for Landsat 5 TM, 1282.71 for Landsat 7 ETM+band 6, and Landsat 8 OLI/TIRS
band 10=1321.0789; Kl1=Calibratiawonstant 1 [K], 607.76 for Landsat 5, 666.09 for
Landsat 7 band 6, and 774.8853 for Landsat
aperture [ w/ lpmRatusalrLogarithin] and

Equation9 isused to calculate land surface emissivity (Avdaro@ahwska, 2018

E=mPv +n........ Equation9

Wherem = (ev- es) (% es)Fev, n = es + (des)*Fev, eV = vegetation emissivity, es = soil
emissivity, and F = 0.55 form parameters. Therefore, atuptd Sobrino et al. (2004n=
0.986 and m = 0.004.

PV is calculated using soil and vegite NDVI values (equation JQBalew & Korme,
2020; Sisay & Korme, 2019; Weng et al., 2004).

PV=(NDVITNDVI mi n / NDVI ma.x..Equatitnd mi n ) ~ 2

Where, NDVImin is the lowest NDVI value derived from the raster NDVI and NDVImax is
the highest NDVI value.

In accordance with equation {Balew & Korme, 2020Sisay & Korme, 2019), the NDVI
is extracted from the red band and nedrared band.
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NDVI = NIRBT RedB / NIRB + RedB......Equationl1l

where NIRB is the neanfrared band reflectance (Band 4 in Landsat 5 and 7; Band 5 in
Landsat 8); and RedB is the red band reflectance (Band 3 in Landsat 5 and 7; Band 4 in
Landsat 8).

Finally, LSTis recovered using equatid® (; Balew & Korme, 20R; Dissanayake etl.,
2019Sisay& Korme, 2019.

ST = TB 1p)lrea(..a..EduatidnB

where & is emitted rearndiaanndcehibwladvdsat 5eandg’'t h (1 1.
band 6, respectively,and 1&9m f or Landsat 8 band 10), p =
=p=h/a( 1. 4381 10712 mK); G is thd/EBylLthmasnPtec
constant (6.626x 1034 J/s), and is the velocity of light (2.998x 108m/s)

Equation 13is used to calculate LST values in degrees Celsius (°C).

ST(UC) = ST..(.Kquation1327 3. 15
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3.6.3Urbani rural gradient analysis

The use of urbarural gradient analysis to reveal the geographical distribution and variation

of SUHI along urbasrural zones is a highly significant methdDissanayake et al., 2019a,

b; Estoque et al., 2017; Ranagalage et al., 2017, 2018a; Roust2@t&] Simwanda et al.,
2019)are a few recent SUHI studies that have focused on it. Two methods can be used to
analyze urbamural gradients: (1) directional transects that extend from the city's center to
its rural areas (Zhang et al., 2004; Zhou & Wag011); and (2) concentric rings that
surround the city's core and have standard distance intervals that extend to the city's rural
areas (Balew & Korme, 2020; Estoque et al., 2017; Simwanda et al., However, for cities
with a singlecore urban growth ptrn, the concentric ring urbaaral gradient analysis
technique is more effective (Estoque et al., 2017; Ranagalage et al., 2017; Simwanda et al.,
2019). Because of this, the study will employ the concentric ring tnlrah gradient
analysis approach iblustrate the spatial pattern and intensity of SUHI in each LULC type
and urbarrural zone (URZ)The city core will be identified by old structures, and various
concentric zones with distance intervals of 210 m will be established around it. Following
that, the densities of LULC types in each zone will be determined and plotted along the
urbanrural gradient. The proportion ratio of IS from the city center will be utilized to
distinguish between urban and rural areas. According to Estoque and Muragama tfze

URZ is classified as an urban region when the IS fraction ratio is greater than 10% and as a

rural area when it is less than 10%.

3.6.4SUHI intensity analysis

The SUHI intensity (SUHII) is a wektstablished measure of the spatiotemporal variation of
LST and SUHI effects across urbamal boundaries (Ranagalage et al., 2019b; 2018a,;
Simwanda et al., 2019). A fundamental component of SUHI investigations has been
examining SUHII patterns and their changes between urban and rural locations (Dissanayake
et al., 2019a, b; Estoque et al., 2017; Ranagalage et al., 2017, 2018a; Rousta et al., 2018;
Simwanda et al., 2019). In order to comprehend SUHII, zonal statistics will be used to extract
the mean LST of each LULC class in each URZ and the mean LST oU&#tBased on

the approach presented by (Estoque & Murayama, 2017), the magnitude of SUHII in URZ
will be determined based on the mean LST diference and mean LST diference of each LULC
class (diference proportion of IS, CL, FL, VC, and GL). The meanhs&ed magnitude of
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SUHII for URZ1 is calculated by deducting the mean LST at the city center (zero kilometer)
from the mean LST of URZ1, and the magnitude of SUHII for the other zones is calculated
by deducting the mean LST values for each zone from tha irf&#d of URZ1, i.e., URZL
URZ2, URZXURZ3, URZEURZA4...n.

The above is implemented using a python automation script which was written to make the

process efficient and accurate.

Python script snippet of cosl¢hat are used are found in the appendix A ecti

3.6.5Spatial Metric Based Analysis

Landscape metrics, which were developed in the late 1980s and combined measures from
both information theory and fractal geometry based on a categoricakhyzetett description

of the landscape, are the originsspiatial metrics. Patches are homogeneous zones for a
specific landscape property of importance, such as "industrial land", "park", ordéiglity
residential area". When measuring the spatial heterogeneity of individual patches, patches
belonging to thesame class, and the landscape as a whole, landscape metrics are used. The
metrics can be used to examine and describe changes in the amount of spatial heterogeneity
in multi-scale or multtemporal datasets (Dunn et al, 1991; J. Wu et al., 2000) Herald et
(2003) noted that the methods and presumptions could be more broadly referred to as "spatial

metrics" in the application to the urban environment.

Generally speaking, pattern metrics need to meet the following requirements They should
not be connectedith other pattern metrics, be able to capture changes in landscape pattern
across time and space, be unaffected by the number of land cover classes utilized or the
spatial resolution of the underlying remote sensing data. (2017) Sinha et al. Thiswwiktrics

be chosen (Table 3.10) based on their suitability for capturing changes in land cover's
composition, configuration, and structure, as well as their effects on-t®heck the type

and number of spatial metrics to be used

Edge Density (ED¥ is a lardscape metric that measures the length of all edge segments in
the landscape per unit area. Edge refers to the boundary between different patch types or
land cover classes. ED is typically expressed as the length of edges per hectare or another
unit of are. High edge density values indicate a landscape with many small patches and a

large amount of edge habitat, while low values suggest fewer, larger patches with less edge
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habitat. This metric is crucial for understanding edge effects, which can influancasv
ecological processes, such as species interactions, microclimate, and habitat availability.

FRAC_AM (AreaWeighted Mean Fractal Dimensior) FRAC_AM stands for Area
Weighted Mean Fractal Dimension Index, a landscape metric used in spatial ecology to
measure the complexity of patch shapes within a landscape. The fractal dimension is a
statistical index of complexity that compares how the detail in a pattern changes with the
scale at which it is measured. The FRAC_AM is calculated by weighting thelfrac
dimension of each patch by its area and then averaging these values across the landscape.
This approach emphasizes the influence of larger patches. Higher FRAC_AM values
indicate more complex and convoluted patch shapes, while lower values indigalier sim

and more compact shapes. This metric provides insights into habitat fragmentation and edge

effects.

PD (Patch Densityx PD, or Patch Density, is a measure of the number of patches per unit
area within a landscape. It is one of the most fundamemd$dape metrics, providing a

basic measure of landscape fragmentation. PD is calculated by dividing the number of
patches by the total landscape area and is typically expressed as the number of patches per
100 hectares. Higher patch density values indiaatere fragmented landscape with more
patches of different land cover types, while lower values suggest fewer, larger patches and
potentially less fragmentation. This metric is useful for understanding habitat fragmentation,
landscape structure, and thpasal arrangement of patches.

1J1 (Interspersion and Juxtaposition Index)MI stands for Interspersion and Juxtaposition
Index, a metric used to measure the extent to which different patch types are interspersed
with each other, providing an indicatiarf the landscape's heterogeneity. 1JI is calculated
based on the proportional adjacency of different patch types and is usually expressed as a
percentage. Higher values of 1JI indicate a greater degree of interspersion, meaning that
patch types are more ey mixed throughout the landscape, while lower values suggest
that certain patch types are more isolated or clustered. This metric is important for

understanding landscape connectivity, edge effects, and habitat diversity.

These metrics are widely usedlandscape ecology to describe the structure, function, and
changes within landscapes. They help ecologists and land managers make informed

decisions about conservation and ks planning.
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3.7 Statistical analysis

Correlation and regression analysisused to observe the relation and cause effect of various
Land use land cover classes with Land surface Temperature, Landscape metrics with Land

surface temperature, Landriace temperature witmdlices
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Dynamics of Land Use and Land Cover

4.1.1 Accuracy of Image Classification

Bega Season

Table4.1Error Matrix of classification 1991 2022 Bega Season

1991
LULC Produc User
er Accur

Accura acy
cy (%) (%)

BuitUp  67.38 95.73
Bare Land 64.87 77.51
Vegetation 85.75  87.60

Agricultur 93.97  87.10
e

Ovearll 86.1665%
Accuracy

(%)

Kappa 0.73
Coefficien

t

2000

Produc User
er Accur
Accura acy
cy (%) (%)

93.09 100.0
97.14 90.18
92.24 97.70
95.75 93.68
94.7668%
0.92

2010
Produc User
er Accura
Accura cy (%)
cy (%)

92.15 99.35
98.74 97.52
96.42 86.92
94.46 97.31
95.3398%
0.9308

2022

Produc
er
Accura
cy (%)

94.39
85.98
81.54

92.96

User
Accur
acy
(%)

98.18
82.06
90.88

87.39

89.7794%

0.8518
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Belge Season

Table 4.2Error Matrix of classification 1991 2022 BelgeSeason

LULC

Built Up

Bare Land
Vegetation
Agriculture

Ovearll
Accuracy
(%)

Kappa

Coefficient

1991

Produ
cer
Accur
acy
(%)

87.79
76.10
92.96

86.95

User
Accur
acy
(%)

87.79
81.25
83.16

87.26

85.2941%

0.7588

2000

Produc User
er Accur
Accura acy
cy (%) (%)

88.83 98.78
93.06 96.53
84.38 95.74
95.97 82.88
90.9747%
0.8744

2010
Produc User
er Accura
Accura cy (%)
cy (%)

93.70 97.48
86.74 95.34
86.76 97.27
96.33 78.24
90.5725%
0.8726

2022

Produc User
er Accur
Accura acy
cy (%) (%)

95.97 97.75
87.00 89.05
83.62 91.18
91.18 85.02
89.7659%
0.8591
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Kiremete Season

Table 4.3Error Matrix of classificationl991i 2022 Kiremete Season

LULC

Built Up

Bare Land

Vegetation
Agriculture

Ovearll
Accuracy
(%)

Kappa

Coefficient

1991

Produ
cer
Accur
acy
(%)

79.73

97.18

64.36

97.90

User
Accur
acy
(%)

98.67

91.88

83.38

93.65

92.5946%

0.8362

2000

Produc
er

Accura
cy (%)

96.53

95.88

85.16

90.20

User
Accur
acy
(%)

97.42

98.67

86.10

87.99

91.1753%

0.8782

2010
Produc User
er Accura
Accura cy (%)
cy (%)

97.34 98.77
98.71 98.17
90.95 97.11
96.51 89.41
95.3998%
0.9378

2022

Produc User
er Accur
Accura acy
cy (%) (%)

100.00 94.64
91.43 100.0
0
9146 96.09
94.81 90.44
94.3437%
0.9209
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4.1.2 Temporal Land Use and Land Cover Maps

Bega Season Temporal Land Use and Land cover Map

From 1991 to 2000 in Bega, the agriculture land use increased from 224.83 sq km to 235.9
sq km,which was a 5% increase by 11.07 sq km. The bare land decreased from 57.6 sq km
to 41.33 sq km, which was a 28% decrease by 16.27 sq km. The built up area increased from
6.46 sq km to 12.88 sq km, which was a 99% increase by 6.42 sq km. The vegetation cove
decreased from 22.31 sq km to 21.10 sg km, which was a 5% decrease by 1.21 sg km.

From 2000 to 2010 in Bega, the agriculture land use decreased from 235.9 sq km to 235.45
sq km, which was a 0.2% decrease by 0.45 sq km. The bare land decreased frasq 41.33
km to 35.04 sq km, which was a 15% decrease by 6.29 sq km. The built up area increased
from 12.88 sq km to 20.42 sg km, which was a 59% increase by 7.54 sq km. The vegetation
cover decreased from 21.10 sq km to 20.34 sq km, which was a 4% decre&<eduayion.

From 2010 to 2022 in Bega, the agriculture land use decreased from 235.45 sq km to 173.55
sq km, which was a 26% decrease by 61.9 sq km. The bare land increased from 35.04 sq km
to 45.26 sq km, which was a 29% increase by 10.22 sq km. Thebailea increased from

20.42 sq km to 58.98 sq km, which was a 189% increase by 38.56 sq km. The vegetation

cover increased from 20.34 sq km to 33.15 sq km, whichaw&&% increase by 12.81 sq

km.

From 1991 to 2022 in Bega, the agriculture land use dextdasm 224.83 sq km to 173.55

sq km, which was a 23% decrease by 51.28 sq km. The bare land decreased from 57.6 sq km
to 45.26 sq km, which was a 21% decrease by 12.34 sq km. The built up area increased from
6.46 sq km to 58.98 sq km, which was an 813%tease by 52.52 sq km.The vegetation
cover increased from 22.31 sq km to 33.15 sq km, which was a 49% increase by 10.84 sq

km.
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Figure4.1 LULC Map of Adama City from 19912022 Bega Season
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Table4.4 Area and Percentage of LULC Classes of Adama City from 12922 Bega

Season
Bega 1991 2000 2010 2022
LULC KM2 % KM2 % KM?2 % KM ?2 %
Types
Agriculture 224.83 235.9 235.45 173.55
Bare Land 57.6 41.33 35.04 45.26
Built Up 6.46 12.88 20.42 58.98
Vegetation 22.31 21.10 20.34 33.15

Table4 .5 Area and Percentage Change of LULC of Adama City from 120P2

Bega Season

LULC 1991- 2000- 2010- 1991-

Bega 2000 2010 2022 2022

Types KM? % KM? % KM?2 % KM2 %

Agriculture 11.07 5%  -0.45 -0.2% -61.9 -26%  -51.28 -23%

Bare Land -16.27 -28% -6.29 -15% 10.22 29% - -21%
12.34

Built Up 6.42 99% 7.54 59% 38.56 189% 52.52 813%

Vegetation -1.21 -5% -0.76 -4% 1281 63% 10.84 49%
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BelgeSeason Temporal Land Use and Land cover Map

From 1991 to 2000 in Belge, agricultural land use increased from 227.15 sq km to 235.29
sq km, a 4% increase by 8.14 sq km. Bare land decreased from 54.32 sq km to 39.05 sq km,
a 28% decrease by 15.27 sq kmilBup area increased from 6.34 sq km to 11.6 sg km, an
83% increase by 5.26 sq km. Vegetation cover increased from 20.57 sq km to 25.19 sq km,
a 22% increase by 4.62 sq km.

From 2000 to 2010 in Belge, agricultural land use increased from 235.29 sq Bn.24 2

sq km, a 1% increase by 1.92 sq km. Bare land decreased from 39.05 sq km to 30.07 sq km,
a 23% decrease by 8.98 sg km. Bujit area increased from 11.6 sq km to 20.35 sq km, a
75% increase by 8.75 sg km. Vegetation cover decreased from 25.19 s@8m3 sq R,

a 6% decrease by 1.44 sq km.

From 2010 to 2022 in Belge, agricultural land use decreased from 237.21 sq km to 181.2 sq
km, a 24% decrease by 56.01 sq km. Bare land increased from 30.07 sq km to 33.71 sq km,
a 12% increase by 3.64 sq km. Buwip area increased from 20.35 sq km to 59.65 sq km, a
193% increase by 39.3 sg km. Vegetation cover increased from 23.75 sq km to 36.98 sq km,
a 56% increase by 13.23 sq km.

From 1991 to 2022 in Belge, agricultural land use decreased from 227.15 sq &in2cq

km, a 20% decrease by 45.95 sq km. Bare land decreased from 54.32 sq km to 33.71 sq km,
a 38% decrease by 20.61 sq km. Buptarea increased from 6.34 sq km to 59.65 sq km, an
841% increase by 53.31 sgq km. Vegetation cover increased from 207 ® 36.98 sq

km, an 80% increase by 16.41 sq km.
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Figure4.2 LULC Map of Adama City from 19912022 Belge Season
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Table4.6 Area and Percentage of LULC Classe®\dama City from 1991 2022

BelgeSeason

LULC 1991 2000 2010 2022
Belge KM2 % KM?2 % KM?2 % KM ?2 %
Types

Agriculture 227.15 235.29 237.21 181.2
Bare Land 54.32 39.05 30.07 33.71
Built Up 7.34 11.6 20.35 59.65
Vegetation 20.57 25.19 23.75 36.98

Table4.7 Area and Percentagéhangeof LULC Classes oAdama City from 1991
2022 Belgeseason

LULC 1991 2000- 2010- 1991- | %
Belge - 2010 2022 2022
Types 2000
KM?2 | % KM?2 | % KM? % KM?2 %
Agriculture | 8.14 (4% 192 |1% -56.01 | -24% | -45.95 | 20%
Bare Land | - -28% | -8.98 | -23% | 3.64 12% | -20.61| -38%
15.27
Built Up 526 [83% |8.75 |75% |39.3 193% |53.31 | 841%
Vegetation | 4.62 | 22% |-1.44 |-6% |13.23 |56% |16.41 | 80%
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Kiremete Season Temporal Land Use and Land cover Map

From 1991 to 2000 in Kiremete, the agriculture land use increased from 227 sq km to
240.98 sq km, which was a 6% increase by 13.98 sq km. The bare land decreased from
45.45 sq km to 34.34 sg km, which was a 24% decrease by 11.11 sq km. The built up
area increased from 7 sq km to 11.5 sq km, which was a 64% increase by 4.5 sq km.
The vegéation cover decreased from 30.01 sq km to 24.51 sq km, which was an 18%

decrease by 5.5 sq km.

From 2000 to 2010 in Kiremete, the agriculture land use decreased from 240.98 sq km
to 239.81 sg km, which was a 1% decrease by 1.17 sq km. The bare landatecrea

from 34.34 sq km to 28.18 sq km, which was an 18% decrease by 6.16 sq km. The built
up area increased from 11.5 sq km to 19.82 sg km, which was a 72% increase by 8.32
sq km. The vegetation cover decreased from 24.51 sg km to 23.61 sq km, which was a

4% decrease by 0.9 sq km.

From 2010 to 2022 in Kiremete, the agriculture land use decreased from 239.81 sg km

to 183.6 sq km, which was a 23% decrease by 56.21 sq km. The bare land increased
from 28.18 sq km to 31.49 sq km, which was a 12% increase by@k3th.sThe built

up area increased from 19.82 sg km to 58.78 sq km, which was a 197% increase by
38.96 sg km. The vegetation cover increased from 23.61 sq km to 39.35 sg km, which

was a 67% increase by 15.74 sq km.

From 1991 to 2022 in Kiremete, the agrioué land use decreased from 227 sq km to
183.6 sq km, which was a 19% decrease by 43.4 sq km. The bare land decreased from
45.45 sq km to 31.49 sg km, which was a 31% decrease by 13.96 sq km. The built up
area increased from 7 sq km to 58.78 sq km, whiab a 740% increase by 51.78 sq

km. The vegetation cover increased from 30.01 sq km to 39.35 sq km, which was a 31%

increase by 9.34 sq km
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Table 4.8Area and Percentage of LULC Classes of mdeCity from 1991 2022

KiremeteSeason

LULC 1991 2000 2010 2022
Kiremete KM? % KM?2 % KM?2 % KM ?2 %
Types

Agriculture 227 240.98 239.81 183.60

Bare Land 45.45 34.34 28.18 31.49

Built Up 7.00 11.50 19.82 58.78473
Vegetation 30.01 24.51 23.61 39.35

Table4.9 Area and Percentage Change of LULC Classes of Adama City froni 1991
2022Kiremte Season

LULC 1991 2000 2010- 1991- | %
Kiremete | - - 2022 2022
Types 2000 2010
KM?2 | % KM?2 | % KM 2 % KM2 | %
Agriculture | 13.98 | 6% -1.17 | -1% -56.21 | -23% |-43.4 |-19%
Bare Land | - -24% | -6.16 | -18% | 3.31 12% | - -31%
11.11 13.96
Built Up 4.5 64% |8.32 |72% |38.96 |197% |51.78 | 740%
Vegetation | -5.5 | -18% | -0.9 | 4% 15.74 |67% [9.34 |31%
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4.2 Dynamics ofLandscape Strucutre and its pattern

4.2.1 Kiremete Season

Patch Density Kiremete

Patch density (PD) analysis offers insights into landscape fragmentation in Kiremete
over time. In 1991, vegetation ekhied the highest PD at 13.44mdicating significant
habitat fragmentation. Bare land also showed considerable fragmentation with a PD of
6.512. By 2022, these figures had notably decreased, with vegetation PD dropping to
4.132 and bare land PD to 3.22dflecting changes in vegeatai growth and land use
patterns. Agriculture PD remained stable around 3, indicating consistent fragmentation
of farm plots. Conversely, builip area PD incread from 1.147 in 1991 to 3.798

2022, reflecting the expansion of urban development.

PD 1991 2022 Kiremete
16
14
12
10

A O 0

1991 2000 2010 2022

Vegetation Agriculture Bare_Land Built_Up

Figure 4.4 PD of LULC of Adama city 19912022Kiremte
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FRAC_AM Kiremete

The areaweighted mean fractal dimension (FRAC_AM) measures landscape
complexity, with values typically ranging between 1 and 2. In 1991, agricukidréhk
highest FRAC_AM of 1.356n Kiremete indicating intricate field shapes. By 2022,
agricdture FRAC_AM declined to 1.293uggesting a shift toward simpler farm

geometries over time.

Built-up FRAC_AM changed litd, from 1.253 in 1991 to 1.268 2022, reflecting
consistently compbeurban patch shapes. Bare land FRA®I dropped from 1.199 to
1.139 pointing to greater shape simplification. VegetatiolAERAM also decreased

from 1.220 to 1.159ndicating a trajectory towards more regular habitat shapes.
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Figure 4. 5FRAC_AMof LULC of Adama city 19912022 Kiremte
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1Jl Kiremete

The interspersion and juxtaposition index (1JI) measures the intermixing of land cover
types, on a scale from 0 (no interspersion) to 100 (complete interspersion). In 1991,
agricultue had the highesll of 70.610n Kiremete indicating substantial interspersion

of farming patches with natural areas. Agriculture 131 remained high through 2022 at
78.512.

Built-up 1J1 rosefrom 61.802 in 1991 to 74.380 2022, reflecting greater land cover
intermixing & urbanization expanded into other areas. Bare landhddtased from
59.512 to 70.965while vegetabn IJI surged from 46.085 to 61.49%&s0 indicating
higher integration of these covers by 2022.
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Figure 4.6 IJILULC of Adama city 199412022 Kiremé
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4.2.2 Belge Season

Patch Density Belge

Analysis of patch density (PD) provides additional perspective on landscape fragmentation in
Belge over time. In 1991, bare land had the highest PD at 9.718, indicating a high degree of
open area fragmentation. Agriculture followed with 2.94 PD, refleaisgersed individual

farm plots. By 2022, agriculture Rizclined to 1.978s farm areas became more consolidated.

In contrast, buitup PD increaed from 1.829 in 1991 to 3.27%86 2022, signaling urban
development expanding across the landscape. Bat@®Rriluctuated, reaching 9.1i02022,
indicating sustained fragmentation. Finallygetation PD declined from 6.7861991to 2.473

in 2022, pointing taestoration efforts.
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Figure4.7PD of LULC of Adama city 19912022 Belge
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FRAC_AM Belge

The areaweighted mean fractal dimension (FRAC_AM) measures landscape
complexity, with values typically ranging between 1 and 2. In Belge in 1991,
agriculture fad the highest FRAC_AM of 1.40fdicating complex field shapes. By
2022, agriculture FRE&_AM declined slightly to 1.37Xkuggesting a trajectory towards

simpler farm geometries.

Built-up FRAC_AM increased marginally from 1.22 in 1991 to 1.3022022,
reflecting somewhat greater intricacy in urban patch shapes over time. Vegetation

FRAC_AM fluctuated around 1.1P.19, signaling consistently simple habitat shapes.
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Bare land FRAC_AM changed little, staying near 11122 for moderate complexity.
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1JI Belge

Theinterspersion and juxtaposition index (1J1) measures the intermixing of land cover types
on a scale from 0 (no interspersion) to 100 (complete interspersion). In Belge, agriculture
maintained the highest 1JI throughout, rangfrgm 72.129 in 1991 to 82.32in 2022,
indicating consistently high farming patch interspersion with natural areas.

Built-up 1JI increased from 50.603 in 1991 to 58.4056 in 2022, reflecting greater land cover
intermixing as urbanization expandeBare land IJI rose from 20.648 ®9.113 and

vegetation IJI from 14.83 to 28.11&ignaling overall increasing integration of these covers.
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Figure 4.9 IJILULC of Adama city 19942022 Kiremte
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4.2.3 Bega Season

Patch Density Bega

Analysis of patch density (PD) providesdditional perspective on landscape
fragmentation in Bega over time. In 1991, bare land had the highest PD of 11.45,
indicating a high degree of fragmentation. Agriculture followed with 4.22 PD,
reflecting the dispersed pattern of individual farms. By 2@22e land PD increased
further to 12.19 as these areas became more divided. In contrast, agriculture PD

declined to 2.28 in 2022, suggesting changes in the pattern of farmlands.

Built-up area PD surged from 2.51 in 1991 to 3.65 in 2022, a 46% incféassignals

the scattered expansion of urban development across the landscape. Finally, vegetation
PD declined from 5.19in 1991 to 2.17 in 2022, indicating efforts to connect fragmented
habitats.
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Figure 4.10PD of LULC of Adama city 19912022 Bega
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FRAC_AM Bega

The areawveighted mean fractal dimension (FRAC_AM) measures landscape
complexity, with values typically ranging between 1 and 2. Values approaching 1
indicate simple, regular patches while values nearing 2 signal complex, irregular
shaps. In Bega, vegetationald the highest FRAC_AM of 1.198 1991, reflecting
intricate habitat shapes. By 2022, vegetation ERAM declined slightly to 1.166

indicating a trend toward simpler, more rounded patches.

Built-up area FRAC_AM increasl from1.258 in 1991 to 1.31H 2022, suggesting
greater complexity and irregularity in urban patch shapes over time. Agriculture
FRAC_AM fluctuated between 1.347 and 1.48ignaling consistently complex field
geometries. Bareahd FRAC_AM declined from 1.255i1991 to 1.177%n 2022,
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1JI Bega

The interspersion and juxtaposition index (1JI) measures the intermixing of land cover
types, with valies ranging from 0 (no interspersion) to 100 (complete interspersion). In
1991, builtup aea had the lowest 1JI of 42.82hdicating segregated urban
development. By 2022, builtp 1J1 rose to 76.043 reflecting increased land cover

intermixing as urbanizeon expanded into other areas.

Agriculture maintained the highest ItHroughout, ranging from 63.534 1991 to
76.301 in 2010, signaling consistently high interspersion of farming patches with
natural areas. Bare land 11 increafean 11.691 in 19910 38.299n 2022, pointing

to greater integration of bare soils amidst other covers. Vegetation IJI showed a similar

upward trend
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Figure 4.12 1Jlof LULC of Adama city 19912022 Bega
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4.3 Spatial distribution of Normalized differential vegetation index

Spatial distribution of NDVI Kiremete Season

Tabe 4.13 and Figure 4.33 outlinghe statistical summary of the Normalized
Differential Vegetation Index (NDVI) for Kiremete across four selected years: 1991,
2000, 2010, and 2022. NDVI values, which range frdnto 1, are used to assess
vegetation health and coverage. The minimunVNialues observed wer8.1504in
1991, deteriorating te0.544in 2000, therimproving slightly to-0.363in 2010, and
further t0-0.177in 2022, indicating variable vegetation stress levels. Maximum values
showed a peak in 2010 at 0.724888, suggestinghieravegetation compared to other
years. The mean NDVI values, reflecting average vegetation headtk highest in
1991 (0.356) and 2022 (0.361with a rotable decline in 2000 (0.1k3The standard
deviation values provide insights into the spatiaialality of NDVI, with the year
2000 showinghe highest variability (0.1416) and 2022 the lowest (0,188ygesting

a more uniform vegetation cover in the latter year.

82



Figure 4.13 NDVI Mg of Adama City from 19912022 Kiremete

Table4.10Normalized difference vegetaticndex results from 19912022 Kiremete

Year 1991 2000 2010 2022

Min -0.150 -0.544 -0.363 -0.177
Max 0.625 0.552 0.724 0.616
Mean 0.3566 0.153 0.281 0.351
St_Div 0.0931 0.141 0.125 0.109
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