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ABSTRACT

Urbanization is one of the most pervasive human endeavors, resulting in many physical
and biochemical modifications to the hydrological system and its processes. However, the
impact of urbanization driven LULC change on surface runoff remains unexplored. This
study demonstrates the changes in surface runoff variables due to the changes in LULC
during the period 1995-2022. The integration of remote sensing and GIS was applied to
automate the estimation of surface runoff and analyzed its trends at different scales based
on the SCS-CN model. Landsat TM, ETM+, and OLI/TIRS data from the USGS website
was utilized to detect urban land cover changes. The area of each LULC classes in 1995,
2000, 2005, 2010, 2015 and 2022 were determined using supervised image classification
approach. Accuracy assessment of image classification was processed using ENVI
software and the result revealed that the overall accuracies are 97.2%, 96.6%, 96.8%,
96.4%, 90.33%, and 91.2% with the Kappa Coefficient of 0.96, 0.95, 0.96, 0.95, 0.88 and
0.89 for years 1995, 2000, 2005, 2010, 2015 and 2022 respectively. The increase in
comprehensive socio-economic activities has resulted in considerable changes in the
LULC of Debre Markos town. The LULC change analysis revealed that the urban area
and barren land have increased annually by 17.36% and 3.3% respectively and that of
vegetation, agricultural land, and meadow decreased by 1.19%, 1.32% and 0.73%
respectively during the study period of 1995 to 2022. The depth and flowrate of direct
runoff has increased over study period and the result showed that runoff depth and
flowrate of the town increased by 3.7mm and 147.9m%/s respectively from 1995 to 2022.
High increase in runoff variables has shown at wuseta watershed than wutrin watershed.
Correlation coefficient (R) and coefficient of determination (R?) were computed to explore
the associations between imperviousness and runoff variables and the result showed that
+0.98 and +0.99 respectively, which revealed their strong direct relationship. Overall,
urbanization lowered potential maximum storage, and thus increased runoff coefficient
values. An area that experienced more urban growth had a greater potential for increasing
surface runoff depth and its flowrate. Runoff responses identified in the spatiotemporal
analysis emphasize the importance of monitoring and assessing the hydrological regime in

Debre Markos.

Keywords: Surface runoff, SCS-CN, Land use land cover, Change analysis
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Chapter One

1. Introduction

1.1. Background of the study

According to Paul & Meyer (2001) urbanization is a widespread and quick change in land
use that entails transforming agricultural or natural habitats into urban settings with
growing populations and economies (Wu et al., 2009). Due to various anthropogenic
activities on the landscape, the vast urban expansions that have taken place over the past
few decades have changed land use land cover (Moniruzzaman et al., 2020; Vojtek &
Vojtekova, 2019). Large agricultural regions and other non-urban land are frequently
turned into impermeable land as part of the urbanization process. This causes changes in
land use that immediately interrupt the natural hydrological processes (Hu et al., 2020;
Yang et al., 2017). 86% of advanced nations and 64% of developing countries are
predicted to be completely urbanized by 2050 (Hu et al., 2020; Mei et al., 2018).

In the context of developing countries, most of the urban growth is unplanned, leading to
rapid densification, and associated construction of buildings resulting in a dramatic
increase in impermeable areas due to paving and urban areas (Bajracharya et al., 2015).
Numerous Ethiopian cities and/or towns have had fast horizontal growth, but effective
planning interventions, inadequate institutional support, inadequate implementation
capabilities, or sound city or town governance has not reined in this growth. Therefore,
unchecked, fast horizontal city/town growth toward rural villages led to more social,
economic, environmental, and political issues (Dadi et al., 2016; Firew Bekele, 2010).
Debre Markos Town currently has issues with natural resources and the environment
because of urban growth. The primary ones are the conversion of farms and forested
regions into various urban land uses, including residential and commercial space. Urban
land uses have not only replaced farms and vegetation, but also wetlands and grasslands
(Mekuriaw & Gokcekus, 2019; Ziena, 2017).

While there are many benefits to urban growth, land surface adjustments happen as part of
the urbanization process. The hydrological cycle, biodiversity, land productivity,
degradation, and environmental quality are a few of the natural processes that land surface
alterations may have an impact on. Regretfully, the most alarming issue is that the rate of
local and global LULC change has accelerated recently (Msofe et al., 2019). It also affects

groundwater recharge, runoff, and infiltration processes. Additionally, urban runoff and



combined sewer overflows degrade water quality (Burns et al., 2012; Gitau et al., 2016;
Passerat et al., 2011; Vietz et al., 2016). Land use land cover change also has indirect
impacts on climate and the subsequent impact of the altered climate on the waters. The
rapid alteration of land use land cover has caused serious disruption to natural drainage
patterns and damage to the flood retention zones (Rahman et al., 2009) that account for
unprecedented alteration to hydrological processes like increased surface runoff (Hu et al.,
2020; A. Rahman & Netzband, 2009), reduced runoff response time and changed
hydrological regimes (Hu et al., 2020).

When it comes to the distribution and occurrence of water both above and below the
surface of the ground, hydrology is essential to the management and conservation of water
and other environmental resources. The total amount of water that drains into a reservoir at
any given period of time is known as the runoff of a catchment area. When rainwater
overflows the land and the soil is, completely saturated, surface runoff takes place. The
primary factors influencing runoff are the amount, duration, and dispersion of the rainfall
(Cherian et al., 2017). The imperviousness of urban areas will rise as a result of changes in
land use and cover, which will reduce the amount of precipitation that seeps into the
ground and the ability of the area to withstand runoff. The overland flow increases in depth
and velocity because of this reduction in rainfall infiltration. The SCS—CN approach is also
used to evaluate the sensitivity of the local hydrologic system to alternative land use

change scenarios, just by altering the CN employed in the analysis.

Because remote sensing provides information about inaccessible places and high
spatiotemporal variability, it enhances the input parameters of the models (Gajbhiye, 2015)
and geographic information system (GIS) by providing high storage, handling, data
processing, analysis, and manipulation capabilities which are strongly required for the
hydrological model (M. T. U. Rahman et al., 2017). Moreover, historical LULC dynamics
can be studied thanks to archived remote sensing data. Eshanthini & Samuel (2018)
estimated CN values based on the standard table for the conservation of natural resources
and utilized GIS and remote sensing as a tool to compute the volume of runoff using the
SCS-CN model. They came to the conclusion that for ungauged watersheds, the model

SCS combined with GIS would provide a more dependable runoff.

Image classification is the process of assigning land cover classes to pixels in an image. In
remote sensing, there are three primary categories of image classification methods: object-

based picture analysis, supervised image classification, and unsupervised image



classification. In remote sensing, supervised classification is a method that classifies pixels
in an image using a set of training data. Each type of land cover that the user wishes to map
is represented by samples in the training data. The training samples are chosen and
categorize into the appropriate land cover classes. In unsupervised classification, pixels
with similar spectral features are automatically grouped into clusters by the classification
algorithm (Didore et al., 2021). The method does not require any training data from the
user. One of the more dependable categorization algorithms created in recent years is the
support vector machine (SVM). SVM is unique in that it processes data faster because to
an efficient hyperplane searching technique that employs a limited training region. SVM is
a binary classifier that accurately divides data points into two groups by identifying the

optimal hyperplane.

It is becoming more and more crucial to have an accurate technique for measuring the
direct runoff depth and peak flow rate from ungauged catchments in order to comprehend
the effects of land use change on stormwater management, downstream water quality, and
ecosystem services and functions (Lockaby et al., 2011; O’Driscoll et al., 2010; Walsh et
al., 2016). Different models such as SCS-CN, Soil and Water Assessment Tool (SWAT),
SWMM, The Hydrologic Engineering Center’s-Hydrologic Modeling System (HEC-
HMS), and MIKE System Hydrological European (Mike SHE), have been extensively
used to assess the effects of land use changes on hydrologic processes (Chen et al., 2017;
Liao et al., 2018). This demonstrates how hydrological models are a cost-effective way to
evaluate the effects of changing land use and cover. For catchments worldwide, the
rational method and/or the Soil Conservation Service-Curve Number (SCS—CN) methods
are the most widely used classical techniques because they are straightforward, require less
data, and have static assumptions for the estimation of direct runoff potential from rainfall
(Hu et al., 2020; Moniruzzaman et al., 2020; Psomiadis et al., 2020). The SCS-CN
method, now natural resource conservation service (NRCS) method, of estimating direct
runoff from storm rainfall was the product of a major field investigation and the work of
numerous early investigators (Andrews, 1954; Mishra & Singh, 2003). The hydrologic
legacy that was established in the United States during the first part of the 20th century is
directly descended upon by the method. The technique is mostly used to estimate runoff
amounts in flood hydrographs. SCS-CN can be used in smaller, ungauged watersheds
without measurable runoff data since it does not require the same stringent calibration as
the other models (Zare et al., 2016).



The collection of statistical procedures known as regression analysis can be used to
evaluate the associations between a dependent variable and one or more independent
variables. It is the standard procedure for examining the connection between a quantitative
result and a quantitative explanatory variable (Seltman, 2018). The most common form of
regression analysis is linear regression, in which one finds the line combination that most

closely fits the data according to a specific mathematical criterion.

1.2. Statement of the problem

The natural environment in an urban setting covered with impermeable surfaces, which
causes surface water runoff's hydrological processes to deepen and accelerate. Building of
streets, culverts, and dwellings may result in a decline in the groundwater table, a reduction
in base flows during dry spells, an increase in storm flows, and a decrease in infiltration.
Increased imperviousness will shorten the period of time that runoff concentrates after
residential and commercial building development, resulting in larger peak discharges that
happen sooner after rainfall begins in basins. In addition, urbanization significantly affects
hydrology by affecting the kind of runoff and other hydrological features, supplying

pollutants to rivers, and managing erosion rates (McGrane, 2016).

However, in many cases, runoff cannot be measured and must instead be calculated using
various hydrologic models. It is necessary to estimate the runoff in order to ascertain and
predict its impacts. Hydrologic modeling revolves around the difficulty of estimating
runoff from a storm event (Jiang et al., 2015). Although it is rarely feasible for most sites
to estimate direct rainfall runoff at the desired time, it is always efficient. Numerous
Ethiopian cities and/or towns have had fast horizontal growth, but this growth has not been
adequately managed due to inadequate planning, poor institutional capacity, and poor
governance in the cities and/or towns. Therefore, unchecked, fast horizontal city/town
growth toward rural villages led to more social, economic, environmental, and political
issues (Terfa et al., 2019).

Although a considerable amount of previous research has explored the effects of land
cover changes and associated surface modifications on hydrological regimes, most of these
studies especially in Ethiopia, have investigated the impact on basin-scale that focused on
characterizing the contributions of human activities to hydrological variations. Knowledge
of the quantitative hydrological response to impervious surface dynamics remains limited

though increased runoff usually accompanies urbanization.



Due to the town's growing economy and the high rate of people migration from rural to
urban areas, the land cover surrounding the town has changed to urban land over time
which led the town to face environmental and natural resource problems. This will enhance
the surface's imperviousness while also reducing the amount of time that rainwater to seep
into the ground and the concentration of runoff. Debre Markos is among the municipalities
with the highest yearly rainfall levels that could potentially result in flooding. To link these
changes, one has to a solid understanding of the many hydrological processes and their
constituent parts. In the town, the relationship between urbanization and hydrological
features were not well characterized. Similarly, it became harder to predict how LULC
would change in the future and how runoff would behave, making it impossible to estimate

the likelihood of flooding and prepare with the necessary measurements.

1.3. Objectives of the Study
1.3.1. General Objective

Generally, this study intended to analyze the impact of land use land cover change on

surface runoff characteristics of Debre Markos town, Ethiopia.
1.3.2. Specific Objectives
The specific objectives of the study are to:

» analyze the changing trend of the land use land cover,

» predict the spatial extent of LULC in 2040,

« estimate the potential surface runoff characteristics in different spatial extent over
the study area,

+ evaluate the relationship between the LULC change and runoff characteristics.

1.4. Research Questions

The following research questions are developed in light of the above-mentioned specific

objectives.

» How to assess the trends of the change in land use land cover?

* How the trends of change in the LULC and runoff for the future years are, predict?

* What impact does LULC modification have on the hydrological characteristics of
watersheds?

* How the correlation between LULC change and runoff characteristics be evaluated?



1.5. Significance of the study

The hydrological cycle, the construction of hydrological infrastructure, and the topography
of the drainage system are greatly influenced by rainfall-runoff process. The study that
attempts to understand the dynamics of land use land cover and their impact on the
environment would be beneficial to many sectors. Policymakers, urban planners, land
administration, and environmental protection offices will be able to design and implement
more sustainable urban planning strategies addressing current and future land use.
Modeling information regarding land use land cover dynamics is essential to compare the
past and present conditions, forecast future trends in the LULC change, and develop such a
strategy of preserving the spread of informal settlements. Quantitative assessment of the

impacts of urbanization on surface runoff is essential to-

» Understand town’s watersheds yield and response; and early flood warning to
reduce human casualties and harm to the environment and economy.

* Plan and evaluate water and soil conservation structures in the town.

» Provide guidance for town’s storm flood management and urban planning.

» Understand urbanization effect on towns hydrological cycle.

* Provide appropriate environmental management policies and monitoring systems.

1.6. Scope of the study

The thematic scope of the study focused on assessing the trend of LULCC, predicting the
future LULC, evaluating the effect of surface modification over the study period on runoff
depth and flow rate, and evaluating the relationship of percent impervious area with
surface runoff characteristics. The study’s spatial scope is restricted to Debre Markos town,

Ethiopia and its study time was limited between 1995 and 2022.

1.7. Limitation of the study

The issue was exacerbated and interpretation made more challenging by the existence of
Landsat-7 picture strips and cloud cover on some downloaded satellite images. Another
limitation of the present work is considering a single urban built-up LULC class. Because
the study area meteorological station is ungauged, meaning there are no registered
discharges data, an evaluation of the runoff model's performance was not executed. The
combined effect of other natural and manmade factors like type of precipitation,

deforestation, climate change etc. was not explored in this study.



1.8. Organization of the Thesis

This research study was divided into five chapters for ease of simplification: the study
background, a problem statement, the objective of the study, the research questions, the
study's importance, and its limits were all skillfully addressed in the first chapter. The
definitions and concepts of LULC change, the use of remote sensing and GIS for LULC
change detection, the introduction and use of the SCS—CN model, and an empirical review
were covered in chapter two. In the third chapter, the study area, data sources, data
processing and analysis techniques, and methodological flow were all given in an
organized manner. Chapter Four included an examination of the results and discussion,
maps and graphical presentations, LULC change data, accuracy evaluation, LULC changes
analysis, and runoff characteristics and how they relate to LULC changes. Ultimately, the

study's conclusions and suggestions were provided in chapter five.

1.9. Definition of Basic Terminologies

Land cover is the physical state of the land surface such as cropland, forests, and wetlands,
buildings, pavements, soil type, biodiversity, surface water and groundwater (Parveen et
al., 2018).

Land use is the way in which human beings exploit the land and its resources including
agriculture, urban development, grazing, logging and mining (Kaiser, 2020).

Surface runoff is the unconfined flow of water over the ground surface (Rumynin, 2015).

Change detection is the technique of spotting changes in land use and land cover over time
(Chughtai et al., 2021).

Curve Number is an empirical parameter used in hydrology to predict direct runoff or

infiltration from rainfall excess (Soomro et al., 2019).

Potential maximum retention (S) is represents the maximum amount of rainfall that a

watershed can retain before any runoff occurs (Lee et al., 2023).

Hydrologic soil group (HSG) is a classification known as the offers an indicator of how
quickly water percolates through a soil (Zeng et al., 2017).
Antecedent moisture condition (AMC) he relative wetness or dryness of a watershed or

sanitary sewer shed prior to a rainstorm event (N. W. Thomas et al., 2021).



Chapter Two
2. Review of Related Literature

Food and Agriculture Organization (FAO) describes the land as “a delineable area of the
earth's terrestrial surface, encompassing all attributes of the biosphere immediately above
or below the surface. This surface including those of the near-surface climate (the soil and
terrain forms, the surface hydrology including shallow lakes, rivers, marshes, and
swamps), the near-surface sedimentary layers and associated groundwater reserve, plants
and animals, the human settlement pattern and physical results of human activity

(terracing, water storage or drainage structures, roads, buildings etc.)” (FAO, 2022).

2.1. Land use land cover

Despite having distinct meanings, the phrases "land use” and "land cover" are sometimes
used synonymously. While land cover refers to the physical features of the Earth's surface,
land use is the term used to describe how humans utilize the land, primarily in relation to
its functional role for economic activity (Mariye et al., 2020). "The arrangements,
activities, and inputs people undertake in a certain land cover type to produce, change, or
maintain it" is how the FAO defines land use in formal terms (Kutter & Neely, 1999).
According to Turner et al., (1994), Land cover is the biophysical state of the earth’s surface
and immediate subsurface. Land cover, therefore, includes the quantity and types of all
features over the earth such as vegetation, water, soil, artificial surfaces, etc. Turner et al.,
(1994) further add that land use involves the intent or purpose for which land is utilized.
Another term for this process is "biophysical manipulation,” which refers to how people
use the land to accomplish their goals. Although land use and land cover are related, it
should be remembered that one land cover might be able to sustain more than one land use,
and vice versa. For example, a grassland land cover can support multiple land uses,

including grazing and recreation, while a single land use can occur on multiple land covers.

Land use and land cover transition, according to Lambin et al., (2003), is a dynamic
phenomenon that can be caused by reciprocal relationships between environmental and
societal variables at different spatial and temporal scales. Land use land cover transition
can be classified as either direct (proximate) or indirect sources (Verburg et al., 2002).
While land use and land use change will require additional socioeconomic data and
methods to ascertain the activities occurring on the landscape, land cover can be estimated

by examining remotely sensed pictures such as satellite images or aerial photos (Ellis &



Pontius, 2007). Since LULC has a significant impact on infiltration processes and direct
runoff estimation, it is regarded as the primary input for the NRCS-CN technique (Dunjo et
al., 2003; Garg et al., 2013; P. Kumar et al., 1991)

2.2. Urbanization and urban growth

Urbanization is the term used to describe the expansion of towns and cities, frequently at
the expense of rural areas, as people migrate to these areas in pursuit of employment and
the hope of a better life, hence fostering the growth of towns and cities. Another way to
describe it is as the steady rise in the population of towns and cities. The idea that urban
areas have made more progress in terms of economy, politics, and society than rural ones
has a big impact on it (Bhatta et al., 2010). urban expansion is a demographic and spatial
phenomenon that describes how important towns and cities have become as hubs for a
certain economy and society (Bhatta et al., 2010). there are three distinct and well
researched ideas of urban growth that are connected to population change, economic
performance, and the geographical extension of urban regions in the literature on urban and
regional planning (Reis et al., 2016). Migration and demographic trends are the main topics
of the socio-demographic aspect of urban expansion. The first takes into account the rate of
natural population increase, which is mostly determined by fertility and death rates, while
the second is based on a city's ability to draw people from nearby cities or rural areas
(Rieniets, 2009; Turok & Mykhnenko, 2007).

2.2.1. Trends of urban growth in the world

The world is becoming more urbanized at a rapid rate, and cities are being affected by the
dynamic processes of globalization and urbanization (Haase et al., 2018a). According to
(Haase et al., 2018b), Prior to 1950, the Organization for Economic Cooperation and
Development (OECD) countries' changes were used to assess trends in global urbanization.
Urbanization as a percentage of the world's population has been increasing quickly, and as
of right now, a higher percentage of people live in cities (United Nations, 2007).
Urbanization is not just a contemporary phenomenon; rather, it is a historic and swift
change of human social roots on a worldwide scale, with urban culture quickly displacing

rural culture (Pawan, 2016).

Globally, the number of people living in cities increased dramatically from 751 million in
1950 to 4.2 billion in 2018. Currently, 55% of people on Earth reside in urban areas; by

2050, this percentage is predicted to rise to 68%. According to new estimates,



urbanization-the gradual movement of people from rural to urban areas-combined with
global population growth may result in the addition of 2.5 billion more people living in
urban areas by 2050, with nearly 90% of this growth taking place in Asia and Africa
(United Nations, 2018). Industrialization and financial progress have led to urbanization in
the developed world of North America and Europe. In contrast, it has happened as a result
of the demographic phenomena in developing countries in Latin America, Africa, and Asia
(Achamyeleh, 2014).

2.2.2. Trends of urban growth in Africa

According to Jelili, (2012), Africa used to be, and perhaps is still, the least urbanized
continent, with growth rates of cities close to, if not the fastest in the world. But, today, in
virtually every part of the continent, new cities have emerged, while the old ones have
drastically expanded, some of which have become mega-cities. By 2030, for the first time
in history, more of the continent’s people will be living in urban areas than in rural regions
and by 2050 an estimated 1.23 billion people, or 60% of all Africans will be city dwellers.
Currently, even if the level of urbanization in Africa is low, the rate of urbanization is high
due to population growth, which is one of the most important driving forces of change in
any urban system. If the urban population swells, the city must expand upward or outward.
Along with economic development and technological revolution, rapid urban growth can
be characterized by the development of suburban expansion and redevelopment in city
centers (Rui & Ban, 2016).

2.2.3. Trends of urban growth in Ethiopia

Ethiopia is the second most populous country in Africa next to Nigeria with a population
estimated at 99.39 million in 2015 of which 19.4% live in urban and peri-urban areas
(Central Statistical Agency, 2013). In 2015, nineteen million people were added to the
population of 2007. The number of population is growing by the rate of 2.9% per year and
is expected to nearly double in less than 33 years to around 185 million in 2050 (Efrem &
Tesfaunegn, 2017). The country has the lowest number of urban dwellers residences
compared to Sub-Saharan standards of a percentage of the total population residing in
cities and urban settings, despite indications displaying a rapid rate of urbanization in the
pace at which people are relocating to urban centers. The projection made by the ministry
of urban development and housing indicates that the number of urban populations by 2025
Is expected to reach between 30-35 million (27 to 30% of the total population). By 2037,
the urban population will be 42.2 million (40% of the total population). This means that the
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urban population of Ethiopia will increase between 2015 and 2037 by as much as 39
million and that the urban population expansion accounts for around 75% of the total
population increase of over 50 million during this period. Date back to the country level of
urbanization, it was about 5% in the 1950s, and 10% in the 1970s, and about 13% in 1984,
and reached 19% in 2014 has grown by 6% between 1984 and 2013 and this reflects an
average increase of 2% per decade (Pieper & Hakalin, 2018).

The rate of urbanization in Ethiopia is one of the quickest in Africa. The normal yearly rate
of development from 1960-1991 was 4.8 percent and this figure developed to 5.8 percent
per annum from 1991-2000. Likewise, the yearly development rate from 2000-2010 was
5.5 percent, and abatements to 4.73 in 2017 (Mekuriaw & Gokcekus, 2019). This rate of
development puts Ethiopia among the 23 quickly urbanizing nations of the world.
According to (B. Cohen, 2006; Redman & Jones, 2005), the principal reasons for raising
the level of urbanization and city growth are population growth, rural-urban migration, and
geographical expansion of urban areas through annexation and transformation and re-
classification of the rural village into small urban settlements. Associated with the rapid
expansion of urbanization, a lot of land has been converted from rural to urban. Rapid pass
of urbanization is passing major challenge in front of cities in developing countries. One of
the significant difficulties in urban extension is an inescapable result of the urbanization
process (Dadi et al., 2016; Firew Bekele, 2010).

2.2.4. Trends and Growth of Debre Markos Town

According to the state of Ethiopian cities report provided by the Ministry of Urban
Development and Housing MOUDH, (2015), based on the 2007 census, the CSA officially
recognized 973 urban centers in Ethiopia. From these urban centers, Debre Markos is one

of the oldest and fastest-expanding town in the country.

The conversion of farmland and forest areas into different urban land uses, such as
residential, commercial land, and other activities are the main ones. Concerning the
settlement pattern of the town, it has more of a linear settlement form (Tigezaw, 2014;
Ziena, 2017). Because of the present physical expansion of the town, various types of
vegetation, agricultural lands, wetlands, and grasslands are converted into urban land uses
(Tigezaw, 2014; Ziena, 2017). Deforestation has also been taking place at an alarming rate
due to residential and other alternative investment uses. From 1998 up to 2017 above, 4850

hectares of agricultural land were converted to urban uses (Tigezaw, 2014; Ziena, 2017).
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2.3. Land use land cover change and its drivers

LULC change involves a conversion from one LULC to another or intensification of the
present or current LULC (Turner et al., 1994). Analyzing LULC change is extremely
important for a better understanding of landscape dynamics over a known time period
(Rawat & Kumar, 2015). It is one of the most precise techniques to understand the land
condition in the past, the types of changes to be expected in the future, as well as the
driving forces behind the changes (Dinka, 2012). Information on LULC change offers a
full understanding of the interactions that are important for sustainable land resource

management (Mmbaga et al., 2017).

Different researchers consider LULC change as the result of different main deriving factors
(Lambin et al., 2003; Mather & Needle, 2000). The changes in LULC are determined by
how individual landowners, communities, businesses, and governments control land use
and make decisions on how to use land. Such decisions are influenced by the interactions
between socioeconomic factors such as population and environmental factors that vary at
different scales (Lambin and Geist, 2007). (Briassoulis, 2019) further clarifies that
environmental drivers do not have a direct impact on land use change but influence land
cover change that in turn influences land managers’ decisions. As a result, LULC
adjustment can be modeled as a function of "moving forces" (socioeconomic and
environmental variables). According to (Mather & Needle, 2000), population growth is the
single most influential factor for LULC change and the resulting land degradation. The
study made by (Wang et al., 2008) indicated socioeconomic development as the main
driving force of LULC change in the Tibetan Plateau, China. Other scholars (Garedew et
al., 2009; Geist & Lambin, 2002; Tole, 2004) suggested that LULC change is due to the
combined effects of anthropogenic activities such as the expansion of farmland and
extraction of woods and fundamental social processes such as population growth,
policy/institution and cultural factors. Lambin et al., (2003) concluded that neither
population nor poverty alone constitutes the major underlying causes of LULC change
worldwide. They concluded that the main driver of LULC change is peoples’ responses to

economic opportunities facilitated by institutional factors.

The reasons that drive LULC transition can both be classified as proximate or underlying,
with the former referring to direct adjustments made by individuals on a small scale, such
as individual farms, and the latter referring to subtle changes that arise at a larger scale

(Lambin and Geist, 2007). Proximate driving factors usually caused by human activities
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such as infrastructure and agriculture expansion whereas underlying factors are caused by
complex interactions between social, political, demographic, and environmental variables
(Lambin et al.,, 2001). The rising of human and livestock populations, traditional
agricultural practices, unregulated urbanization, ongoing drought, ineffective land use
policies or their complete absence, inadequate implementation of the existing policies and
strategies, and ineffective land use planning has been identified as the main drivers of
LULC change in Ethiopia (Bewket & Abebe, 2013; Kindu et al., 2015). LULC change is
the main source of land degradation, which results in various hydrologic consequences
(flooding, erosion, and drought). In highland areas, land degradation usually results in

increased surface runoff and soil erosion.
2.3.1. Land use land cover change detection

Change detection is the method of detecting changes in the status of an object or
phenomenon by analyzing them at various times using remote sensing technique (Singh,
1989). Change detection involves applying multi-temporal remote sensing information to
analyze the historical effects of an occurrence quantitatively and thus helps in determining
the changes associated with land cover/land use properties regarding the multi-temporal
datasets (Seif & Mokarram, 2012; Zoran & Anderson, 2006).

Change detection has a wide range of applications in different disciplines such as change
analysis, forest management, vegetation phonology, risk assessment, urban expansion,
seasonal changes in pasture production, and other environmental changes (Singh, 1989).
Change analysis of features of Earth’s surface is essential for a better understanding of
interactions and relationships between human activities and natural phenomena. This
understanding is necessary for improved resource management and improved decision-
making (Lu et al., 2004; Seif & Mokarram, 2012). To be useful, a change detection study
should include the following elements: area change and rate of change, the spatial
distribution of modified forms, land cover change trajectories, and precision evaluation of

change detection effects.
2.3.2. Application of remote sensing and GIS on change detection

Remote sensing (RS) is defined as the science of obtaining information about an object,
area, or phenomenon through the analysis of data acquired by a device that is not in contact
with the object, area, or phenomenon under investigation (Bawahidi, 2005). It provides a

large amount of data about the earth's surface for detailed analysis and change detection
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with the help of sensors. Most of the data that used as input to the hydrological model are
extracted directly or indirectly from remotely sensed data. Some of the important data used
in hydrological modeling that obtained from remote sensing include Landsat images,
digital elevation model (DEM), and land cover maps. Some of the applications of remote
sensing technology in mapping and studying the LULC changes are - mapping and
classifying the LULC, assessing the spatial arrangement of LULC, allowing analysis of
time-series images that used to analyze landscape history, report and analyze the result of
inventories. It also provides data that used as inputs to GIS and is a basis for model
building. All the input parameters of NRCS-CN method can be easily derived from RS
data and can efficiently manage in GIS environment.

Land use land cover is changing rapidly in most parts of the world. In this situation,
accurate, meaningful, and available data is highly essential for planning and decision-
making. Remote sensing is particularly attractive for the land cover data among the
different sources. Stefanov et al., (2001) reported that in the 1970s satellite remote sensing
techniques started to be used as a modern tool to detect and monitor land cover change at
various scales with useful results. Betru et al., (2019)showed that the information on LULC
change that extracted from remotely sensed data is vital for updating land cover maps and
the management of natural resources and monitoring phenomena on the surface. The
importance of land cover mapping is to show the land cover changes in the watershed area
and to divide the LULC into different classes. For this purpose, remotely sensed imagery
plays a great role in obtaining information on both temporal trends and spatial distribution
to project land cover changes and to support changes impact assessment (Atasoy et al.,
2006). To monitor the rapid changes in land cover, classify the types of land cover, and
obtain timely land cover information, multi-temporal remotely sensed images are
considered as effective data sources. Geographic information system also supports the
change detection process by storing, managing, analyzing, editing, output, and visualizes
geographic data (Chang, 2016; DeMers, 2009).

2.4. Image Classification

In remote sensing, classification entails grouping/clustering the pixels of an image into a
limited number of classes, with pixels in the same class possessing identical properties.
The bulk of image classification relies on the identification of land cover class spectral
response patterns (Brito & Quintanilha, 2012). Supervised and unsupervised classifications

are the two primary methods to differentiate these approaches. Parallelepiped, maximum
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probability, minimal lengths, and Fisher classifier methods are some of the sub-
classification methods in supervised classification.

To classify pixels in an image, supervised classification is a technique in remote sensing
which used a set of training data that consists of samples of each land cover type that the
user wants to map. The training samples from the image were manually selected by the
user based on the recommendation of Sertel & Akay (2015) and assign them to their
respective land cover classes. To classify the remaining pixels in the image the classifier
then uses these training data. Since the user has control over the classification process,
supervised classification is a more accurate approach than unsupervised classification.
However, supervised classification requires more effort and expertise to select the training
samples and assign them to the correct classes. The main advantage of supervised
classification is that it allows for accurate and efficient classification of large areas. In

addition, this flexible technique can be used in a variety of applications.

Unsupervised classification is a technique in remote sensing where the classification
algorithm automatically groups pixels with similar spectral properties into clusters. The
user does not need to provide any training data to the algorithm. Instead, the algorithm
analyzes the spectral properties of the image and identifies clusters of pixels with similar
spectral properties. Due to the user does not need to provide any training data,
unsupervised classification is a faster and easier approach than supervised classification.
However, it is less accurate than supervised classification because the algorithm does not

have any information about the land cover types.

Support vector machine (SVM) is a non-parametric classifier and is one of the more
reliable classification techniques that have been developed in recent years. Non-parametric
classifiers do not base classification on a normality assumption or statistical parameters
whereas parametric classifiers such as maximum likelihood assumes that the data is
normally distributed (Phiri & Morgenroth, 2017). The technique can develop effective
decision boundaries and hence reduce misclassification though being non-parametric
(Bahari et al., 2014). The classifier can be expanded from binary to multiclass using a
variety of strategies, including one versus all and one against one (Kohram & Sap, 2008).
SVM can categorize data in both linear and nonlinear ways. For nonlinear data, the kernel
function is utilized (Kohram & Sap, 2008; Mountrakis et al., 2011). SVM can easily handle
multiple continuous and categorical variables. The method avoids the problem of

overfitting and makes no assumptions about the data type. The core idea of SVM is to find
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a maximum marginal hyperplane (MMH) that best divides the dataset into classes and used
to minimize an error. It uses a small training area and hence takes less time to process.
When SVM compared with many classification approaches such as discriminant analysis,
decision trees, and feed forward neural networks, it produced the best results (Foody &
Mathur, 2004).

Table 2.1: Description of identified LULC classes

LULC class Description

Urban Area | A land dominated by houses, roads, and sheds in rural villages (also
including commercial areas, urban and rural settlements, and industrial

areas).

Vegetation | Area covered by plantation and natural trees. Areas covered by forest,
scattered small trees, shrubs, and bushes and mixed with grass vegetation.
Green spaces in urban areas are also included in this class.

Agricultural | Areas of land prepared for growing crops. This category includes areas
Land currently under crop and land under preparation.

Barren Land | Open space, exposed soils, abandoned land, non-vegetated areas

dominated by rock outcrops, and eroded and degraded lands.

Meadow Permanent and seasonal wetlands, low-lying areas, marshy land, rills,

gully, and swamps with small green plants or grasses.

2.5. Land use land cover change prediction

Dynamic urban land use land cover change processes caused due to human activities have a
wide range of effects on global climate change and land cover change either directly or
indirectly (Lambin et al., 2001). It also affects human and natural systems and contributes
to changes in direct surface runoff. Land use modeling is a very essential step for further
improvement of urban planning and land use management. Diverse land use models that
used in the land use land cover analysis have developed by the research community
(Verburg et al., 2002). Modeling land use land cover changes for future time is important to
know the possible scenarios. The model is run for change prediction to a specified future
date for the allocation of land cover changes (Sankarrao et al., 2021). Population growth,
economic activity, biophysical conditions and geographic scale are some driving variables
that led to future LULC change (Meyfroidt et al., 2013).
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Therefore, understanding the earlier and current LULC changes and simulating for the
future is vital for the management of land and water resources (Sohl et al., 2012). The
analysis of LULC change and prediction of future land use also have vital role to
understand the dynamics of human environment interactions and environmental
management interventions (Leta et al., 2021). Because of the significance impacts of land
use land cover changes, the use of land use change models become important to understand
these changes and driving factors (Verburg et al., 2004).

The rising awareness and importance of land use models in the LULC research community
has led to the development of a wide range of land use change models (Verburg et al.,
2002). In recent years, numerous models such as the Markov Chain (MC) model, Cellular
Automata (CA) model, Land Change Modeler (LCM) and the Conversion of Land use and
its Effects (CLUE) model, has developed to predict the LULC and their change detections
(Alam et al., 2021). Spatial allocation models have been developed to identify
neighborhood conditions that have connections with land conversion specifically for
residential and commercial development. Agent-based models characterize systems in
terms of independent but interconnected agents that have the ability to make decisions
based on changing conditions. For most of the agent-based models that used for land use
modeling, higher temporal complexity could be taken as an accurate criterion to be chosen
(Parker, 2005).

2.6.1. Cellular Automata (CA) Model

Cellular Automata (CA) was a discrete dynamic system in which space divided into
regular spatial cells and time progresses in discrete steps. Based on transition rules, which
determine how a cell will evolve under certain conditions for simulation processes, CA
models can generate complex global patterns. These models have been widely used for
simulating urban sprawl and land use dynamics (Cao et al., 2013). Among the several
spatiotemporal dynamic modeling approaches, CA model has been frequently used for land
use change analysis. To estimate potential LULC changes number of researchers used
Modules of Land use Change Evaluation (MOLUSCE); a new QGIS plugin that built with
CA model and include a transition probability matrix (M. T. U. Rahman et al., 2017). In
this plugin, Artificial Neural Networks (ANN), Logistic Regression (LR), Multi-criteria
Evaluation (MCE), and Weights of Evidence (WoE) are well-known algorithm. A CA-
ANN model in MOLUSCE is a reliable tool for predicting future LULC that may be utilize

in land use planning and management. This approach also used to predict the spatial LULC
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shift because it estimates the pixel's current condition based on its initial situation, adjacent
neighborhoods eventuality, and changeover laws. Moreover, this accurately depicts
nonlinear spatial stochastic LULC change processes and produces complex patterns
(Saputra & Lee, 2019). The spatiotemporal complexity of urban areas and deforestation
caused by natural disasters or human actions can be replicate by CA model (Saputra &
Lee, 2019). The main intentions of MOLUSCE was to study temporal LULC shifts and
project future land use, anticipate prospective shifts in land cover, and detecting
deforestation (Aneesha Satya et al., 2020).

2.6.2. Markov Chain (MC) model

Markov chain models are relatively simple and more powerful to model complex processes
and changes in land use for planning purposes. They provide better information for
analyzing time series of system evolution (Levinson & Chen, 2005). A Markovian process
is one in which the state of a system at time t> can be predicted by the state of the system at
time t given a matrix of transition probabilities from each cover class to every other cover
class. Since it integrates a transition probability matrix, a stationary property is one of the
importance of these models. This property is critical to Markov chain model especially for
future predictions of land use. The stationarity of the transition matrix in turn helps to
inspect the validity of the model (lacono et al., 2012). The Markov module in IDRISI can

be used to create such a transition probability matrix (Subedi et al., 2013).
2.6.3. Land Change Modeler (LCM)

To examine the historical change and predict the future changes of LULC many
researchers use the land change modeler (LCM) that embedded in the TerrSet model. Clark
Labs developed it for assessing a variety of land change scenarios and contexts. LCM
primarily uses the Multi-Layer Perceptron Neural Networks (MLPNN) for a spatial
allocation of simulated land cover scores and Cellular Automata-Markov Chain (CA-MC)
approach for time prediction (Eastman, 2012). The model is strong due to its dynamic
projection proficiency, suitable calibration, and capability to simulate several types of land
cover (Memarian et al., 2012). LCM evaluates changes of the land use of two different
periods, determines and visualizes the changes, and presents the results with various maps
and graphs. In LCM, according to (Eastman, 2012), tools for the assessment and
prediction of land cover change and its implications are organized around major task areas:
change analysis, change prediction, habitat and biodiversity impact assessment and

planning interventions. In addition, there is a facility in LCM to support projects aimed at

18



Reducing Emissions from Deforestation and Forest Degradation (REDD). The REDD
facility uses the land change scenarios produced by LCM to evaluate future emissions

scenarios.

2.6. Impacts of land use land cover change on the hydrologic regime

Seasonal and annual distribution of stream flow within a watershed could be affected by
urbanization, deforestation, and other land use practices. LULC changes have been
responsible for altering the hydrologic response leading to impact river flow (Getachew &
Melesse, 2012). As Woldeamlak, (2002) described, land under little vegetation cover more
subjected to high surface runoff and low water retention. According to Legesse et al
(2003), vegetation cover increases evapotranspiration and decreases annual river flow. In
addition, curve numbers that result in changing rainfall-runoff response can be affected by
vegetation cover change. Therefore, land cover change interferes with the land phase of the
hydrologic cycle. The competing process may results in either an increase or decrease in
dry season flow (Calder, 2002).

2.7. Runoff

Surface runoff refers to the portion of rainwater that is not lost to interception, infiltration,
and evapotranspiration (Solomon H., 2005). Runoff or stream flow comprises the gravity
movement of water in channels that may vary in size. Runoff is the part of precipitation
that exits the basin as a stream flows at a concentrated point. In any hydrologic study,
runoff is an important component contributing significantly to the hydrological cycle, to
design hydrological structures and morphology of drainage systems, and to determine the
risk of flood. Runoff is formed when excessive rainfall exceeds ground storage capacity,
once the runoff becomes extreme due to high intensity of rainfall as well as poor basin and
drainage system, water will overflow and flood the lower basin areas (Ulbrich et al., 2003).
Flood is one of the worst natural disasters in world history besides tsunami and earthquake
(Abbott, 2008). The ‘infiltration-excess runoff” and the ‘saturation-excess runoff’ concepts
are responsible for runoff generation. The infiltration-excess runoff concept assumed that
the overland flow occurs only when the rainfall intensity is greater than the infiltration rate
at the soil surface. The second type of runoff generation also occurs when the soil surface
is saturated and any further rainfall, even at low intensities, generates runoff that
contributes to stream flow. Natural influences and human activity influences are the two

major environmental conditions that affect interception, infiltration, and evapotranspiration
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processes. Natural processes can have a variety of influences, but human activity typically
results in less water entering the soil profile and thus more runoff at the ground surface.

Runoff is one of the basic and crucial hydrological data that needed in water resources
planning and management e.g. flood mitigation measures, waterways, storage capacity,
and erosion control. However, the runoff measurement is difficult and expensive to
conduct, runoff information is critical for basin management in preventing the loss of
human life and damage to the economy and environment. In-situ measurements are
preferable due to high accuracy, but the methods are constrained by time and area to
conduct the measurement. However, the conventional measurement is also time-
consuming, expensive, and difficult. Therefore, many researchers and managers preferred
to use runoff empirical modeling e.g. SCS-CN (Dhawale, 2013; Tejaswini et al., 2011) and
Rational Method (Erena & Worku, 2019; Guo, 2001), where these methods produced high
accuracy results beside their simplicity, reliability, less time-consuming and require fewer
data to estimate runoff for the ungauged basin.

2.7.1. Factors Affecting Runoff

Many site-specific factors have a direct relation with the occurrence and depth of runoff.

The major factors are listed below.

Vegetation: The amount of rain lost to interception storage on the foliage depends on the
kind of vegetation, which acts as an erosion-retarding factor, and its growth stage. Forests
and grasses provide better cover than cultivated crops. Dense vegetation covers intercept
and absorb the force of rainfall and amount of energy. In addition, the root system as well
as organic matter in the soil increases the soil porosity thus allowing more water to
infiltrate into the ground (Pedroza-Parga et al., 2022). Forests are checkers of soil erosion.
Protection is large because of under-store vegetation and litter, and the stabilizing effect of
the root network. On steep slopes, the net stabilizing effect of trees is usually positive.
Vegetation cover can prevent the occurrence of shallow landslides (Phillips et al., 2021).
Afforestation does not necessarily decrease soil erosion. Splash erosion may increase
substantially when litter is cleared from the forest floor (Fernandez-Raga et al., 2017). The
spectrum for the size of the drops that are formed by the canopy varies widely among
different species, resulting in large differences in the potential of splash erosion (A.
Thomas et al., 2021). Deforestation may increase erosion. The actual soil loss, however,

depends largely on the use to which the land put after the trees have been cleared.
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Catchment extent: In general, the volume and peak rate of runoff increase with the
catchment area increase. However, for the same rainfall event, a long narrow catchment
would be expected to have a lower peak rate of runoff than a more compact or circular one
of the same area. In the longer catchment, it takes more time for the runoff from the most
remote part of the catchment to reach the outlet (Edokpa et al., 2022). The runoff
efficiency (volume of runoff per unit of area) increases with the decreasing size of the
catchment i.e. the larger the size of the catchment the larger the time of concentration and

the smaller the runoff efficiency.

Slope: Slope accelerates erosion as it increases the velocity of flowing water. Small
differences in slope make a big difference in damage. According to the laws of hydraulics,
a four-time increase in slope doubles the velocity of flowing water. This doubled velocity
can increase the erosive power four times and the carrying capacity by 32 times.
Investigation on experimental plots has shown that steep slope plots yield more runoff than
those with gentle slopes. In addition, it was observed that the quantity of runoff decreased

with slope length to some extent (X. Li et al., 2020).

Climate: climate factors include types of precipitation, rainfall intensity, rainfall duration,
rainfall distribution, and direction of prevailing wind. Types of precipitation have a great
effect on the runoff. For example, precipitation that occurs in the form of rainfall starts
immediately as surface runoff depending upon rainfall intensity while precipitation in the
form of snow does not result in surface runoff and if the rainfall intensity is greater than
the infiltration rate of soil then runoff starts immediately after rainfall. While in case of low
rainfall intensity, runoff starts later. Thus, high intensities of rainfall yield higher runoff. In
addition, the duration of rainfall is directly related to the volume of runoff because the
infiltration rate of soil decreases with the duration of rainfall. Therefore, medium-intensity
rainfall even results in a considerable amount of runoff if the duration is longer. Runoff
from a watershed depends on the distribution of rainfall. It is also expressed as —the
distribution coefficient mean ratio of maximum rainfall at a point to the mean rainfall of
the watershed. Therefore, near the outlet of watershed runoff will be more. Also, the
direction of the prevailing wind is the same as the drainage system, it results in peak flow.
A storm moving in the direction of the stream slope produces a higher peak in a shorter
period of time than a storm moving in the opposite direction.
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2.8. Runoff characteristics estimation methods

Runoff is one of the most important hydrologic variables used in most water resource
applications (Yigrem, 2008). Rainfall is the primary source of water for runoff generation
over the land surface. Hydrological models are means to represent hydrological processes
at the basin level and evaluate conditions for purposes of water resources management.
Conceptual models are the simple manner in which they represent and simulate processes.
They can also support prediction and decision-making processes. For example, they can be
used to estimate projected hydropower generation under climate change conditions (Parra
et al., 2018). to predict the hydrological components of ungauged watersheds (Devia et al.,
2015), and evaluate the effects of wildfires (Moussoulis et al., 2015) or land use changes
(Younis & Ammar, 2018).

There are two general runoff computation methods to be used to compute runoff
characteristics. These are the NRCS methodology, which consists of several components,
and the Rational Method (and the associated Modified Rational Method), which are
generally limited to drainage areas less than 20 acres. The USDA Natural Resources
Conservation Service (NRCS) methodology is perhaps the most widely used method for
computing stormwater runoff depth, flowrates, volumes, and hydrographs. It uses a
hypothetical design storm and an empirical nonlinear runoff equation to compute runoff
volumes and a dimensionless unit hydrograph to convert the volumes into runoff
hydrographs. The methodology is particularly useful for comparing pre- and post-
development peak rates, volumes, and hydrographs. The key component of the NRCS
runoff equation is the NRCS Curve Number (CN), which is based on soil permeability,

surface cover, hydrologic condition, and antecedent moisture.

The disadvantages of the NRCS-CN method include a single parameter containing a
variety of factors (such as land use, soil type, antecedent water condition, and surface
conditions) rendering the method very delicate, the influence of spatial scale, intensity, and
temporal distribution of rainfall and the effect of adjacent moisture condition are not

considered.
2.8.1. Rational method

The rational method uses an empirical linear equation to compute the peak runoff rate from
a selected period of uniform rainfall intensity. Originally developed more than 100 years

ago, it continues to be useful in estimating runoff from simple, relatively small drainage
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areas such as parking lots. Use of the rational method should be limited to drainage areas
less than twenty acres with generally uniform surface cover and topography. It is important
to note that the rational method can be used only to compute peak runoff rates. The peak
rate or discharge influenced primarily by the rainfall’s distribution, which is how the
rainfall rate or intensity varies over time. The method assumes a constant rainfall of
intensity ‘i’ for a duration of Tc (hr); thus, the total rainfall depth is rainfall intensity
multiplied by its duration. Since it is not based on a total storm duration, but rather a period
of rain, that produces the peak runoff rate, the method cannot compute runoff volumes

unless the user assumes a total storm duration.

The modified rational method is a somewhat recent adaptation of the rational method that
can be used not only to compute peak runoff rates, but also to estimate runoff depth,
volumes, and hydrographs. The product of the drainage area and the total rainfall depth is
the volume of rainfall in inches that is available for runoff. The runoff coefficient (C)
determines the proportion of the rainfall volume that appears as runoff. This method uses
the same input data and coefficients as the rational method along with the further
assumption that, for the selected storm frequency, the duration of peak-producing rainfall

is also the entire storm duration.
2.8.2. SCS—CN method

Several runoff computation methods use the overall NRCS methodology. The most
commonly used methods are the June 1986 Technical Release 55 (TR-55) — urban
hydrology for small watersheds, the April 2002 WinTR-55 — small watershed hydrology
computer program, and Technical Release 20 — computer program for project formulation

As there is a scare in the availability of runoff data in many sites, hydrologists have
developed indirect methods to determine the runoff to accelerate the program of watershed
management for conserving and developing water resources management. Many methods
are used to estimate the runoff; the Soil Conservation Service Curve Number (SCS-CN)
method is widely used and gives a reliable result compared with other methods. SCS
model was developed by the U.S. Soil Conservation Service in 1972 and is known as the
Hydrologic Soil Cover Complex Model or Natural Resources Conservation Service Curve
Number method (NRCS—CN). The Natural Resource Conservation Service-Curve Number
(NRCS-CN) is a very popular and widely used method of estimating rainfall excess from
rainfall and relies on only one parameter, i.e., curve number (CN). SCS—CN method is an

acceptable tool in hydrology and its responsiveness to four important catchment properties,
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i.e. land use, soil type, antecedent moisture condition, and surface condition. The method
combines the watershed parameters and climatic factors in one entity called the curve
number. SCS-CN is the most used method for runoff modeling and estimating runoff at

various spatial scales (Wang et al., 2012).

Several studies have demonstrated that the SCS—CN model is effective in determining
surface runoff in highly urbanized areas where the runoff potential is very high even in
very small watersheds (Cho & Engel, 2018). Moreover, it is applicable for areas with
ungauged catchments where it is difficult to obtain the actual hydrological data (Ozdemir
& Elbasi, 2015). Hence, this model estimates the potential surface runoff by integrating
LULC classes, HSG layers, and rainfall data (Ara & Zakwan, 2018; A. Kumar et al.,
2021). SCS-CN provides an empirical relationship for estimating initial abstraction and
runoff as a function of soil type and land use. Rainfall-runoff relationship can be visualized
by factors such as initial abstraction (la), direct runoff (Q), and actual retention (F). Due to
its versatility, SCS-CN 1972 model has been widely used globally for water resources
management, urban stormwater modeling, and runoff estimation that occurs during 24
hours, giving information on the amount of rainfall and site conditions (A. Kumar et al.,
2021; Xiao et al., 2011).

2.8.2.1. The Curve Number (CN)

The Curve Number (CN) is an index developed by the Natural Resource Conservation
Service (NRCS), to represent the potential for stormwater runoff within a drainage area
with fewer calculation parameters and observation data (Ponce & Hawkins, 1996). Due to
its low input data requirements, the SCS-CN method can also be applied to hydrological
forecasts of ungagged watersheds (Shrestha, 2018). The curve number is an empirical
dimensionless parameter indicating the runoff response characteristic of a watershed. In the
SCS-CN Method, this parameter is related to land use, land treatment, hydrological
condition, hydrological soil group, and antecedent soil moisture condition in the watershed.
Information on soil types and land use are combined to provide an overall rating for the
site (the curve number, CN), which is then used to predict the runoff depth ‘Q’ from a
given rain depth ‘P’. Theoretically, the curve number ‘CN’ can range from 0 to 100; the
potential maximum retention ‘S’ can vary between zero and infinity. For paved areas, for
example, ‘S’ will be zero and CN will be 100; all rainfall will become runoff. For highly
permeable, flat-lying soils, ‘S” will go to infinity and CN will be zero; all rainfall will

infiltrate and there will be no runoff.
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The CN values for an ungauged catchment are derived from lookup tables based on the soil
hydrologic group (a function of soil type and land cover/ land use), and antecedent
moisture condition (AMC) (Cronshey, 1986). The relationship between the CN value and
the various Hydrological Soil-Cover Complexes is usually given for average conditions,
I.e. Antecedent Soil Moisture Condition Class Il. Secondly, when the antecedent moisture
condition classified as either Class | or Class Ill, there is a conversion table for the CN
value based on 5-day antecedent rainfall data. The looking tables suggested by Cronshey,
(1986) to determine curve numbers have in common that slope is not one of the
parameters. The reason is that in the United States, cultivated land in general has slopes of
less than 5%, and this range does not influence the curve number largely. However, under
East African conditions, for example, the slopes vary much more. Five classes to qualify
the slope were therefore introduced (Zaruba & Mencl, 1982) : < 1% Flat; 1- 5% Slightly
sloping 5 - 10% Highly sloping 10 - 20% Steep, and > 20% Very steep.

The category land use or cover was adjusted to East African conditions and combined with
the hydrological condition. With the aid of looking tables, one can estimate the curve
number for a particular watershed. The procedure is as follows: - Assign a hydrological
soil group to each of the soil units found in the watershed - Make a classification of land
use, treatment, and hydrological conditions in the - Delineate the main soil-cover
complexes by superimposing the land use and the - Calculate the weighted average CN

value according to the areas they represent.

2.9. Hydrological Soil-Cover Complex

To determine the appropriate CN value, various tables can be used. Firstly, there are tables
relating the value of CN to land use or cover, treatment or practice, hydrological
conditions, and hydrological soil groups. Together, these four categories are called the

Hydrological Soil-Cover Complex.
2.9.1. Hydrologic Soil Groups (HSG)

Soil properties greatly influence the amount of runoff. In the SCS method, these properties
are represented by a hydrological parameter: the minimum rate of infiltration obtained for
bare soil after prolonged wetting. The influence of both the soil’s surface condition
(infiltration rate) and its horizon (transmission rate) are thereby included. This parameter,
which indicates a soil’s runoff potential, is the qualitative basis of the classification of all

soils into four groups. The HSGs, as defined by the SCS soil scientists are A, B, C, and D.
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The HSG serves as a key input for the SCS—CN model, and according to the United States

Department of Agriculture (2009); the HSG layer was formulated by reclassifying soils

based on their characteristics and potential for surface runoff. Based on the types of LULC

and varying HSG a set of CN values recommended by Cronshey (Cronshey, 1986).

Concerning the Hydrological Soil Group (HSG) of Ethiopia, most of the hydrological

studies in the country used the FAO soil database. Based on FAO classification, Ethiopia
has HSG-A which dominates with 48.2% areal coverage followed by HSG-B (30%) and

HSG-D with areal coverage of 21.6%, and the remaining area is covered by HSG-C which

is very small (Belete B. et al., 2012).

Table 2.2: Characteristics of HSG

HSG

Characteristics

Soils have low runoff potential and high infiltration rates even under wet
conditions and a high rate of water transmission. Consists primarily of 90% sand
and 10% clay. They consist chiefly of deep, well to excessively drained sands or
gravels and have a high rate of water transmission (greater than 0.30 in/hr).

Soils have moderately low runoff potential, moderate infiltration rates and a
moderate rate of water transmission (0.15-0.30 in/hr). They consist mainly of 50—
90% sand and 10-20% clay. Examples are moderately deep-to-deep (loamy-sand),
and moderately well to well-drained soils (sandy-loam) with moderately fine to
moderately coarse (loam types) textures.

Soils have moderately high runoff potential and slower infiltration rates. Consists
of, 50% sand and 20—40% clay. Soils have low infiltration rates when thoroughly
wetted and a low rate of water transmission (0.05- 0.15 in/hr). Examples are soils
with a layer that impedes the downward movement of water or soils of moderately

fine-to-fine (clay-loam) texture.

Soils have high runoff potential and low infiltration rates when thoroughly wetted
and a very low rate of water transmission. Consists of, 50% sand and 40% clay.
Examples are clay soils (clay loam, silty clay loam, sandy clay, silty clay) with a
high swelling potential, soils with a permanently high-water table, soils with a clay
pan or clay layer at or near the surface, or shallow soils over nearly impervious

material.

Source: Cronshey (1986); Subramanya (2013); Ross et al. (2018)
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2.9.2. Antecedent Moisture Condition (AMC)

The soil moisture condition in the watershed before runoff occurs is another important
factor influencing the final CN value. AMC is the moisture content of soil at the start of a
rainfall-runoff event and is widely recognized for governing early abstraction and
infiltration. The AMC of a particular watershed was taken under consideration, so that the
already present moisture content in the soil, which plays a significant role in generating
runoff estimation. Based on the 5-day antecedent rainfall (i.e. the accumulated total rainfall
preceding the runoff under consideration), AMC are classified in to AMC | (The soils in
the watershed are practically dry i.e. the soil moisture content is at the wilting point), AMC
Il (average condition), and AMC Il (The soils in the watershed are practically saturated
from antecedent rainfalls), in terms of soil moisture content (Silveira et al., 2000). In the
original SCS method, a distinction was made between the dormant and the growing season

to allow for differences in evapotranspiration.

Table 2.3: Classification of antecedent moisture condition

AMC Description Sum of antecedent 5-days precipitation (P5)
Growing season Dormant season

AMC | Dry soil P5 < 35mm P5 < 12mm

AMC Il Average condition ~ 35mm <P5 < 53mm 12mm < P5 <28mm

AMC Il Wet soil P5>53mm P5>28mm

Source: USDA (1984)

2.10. Empirical Review

Several studies were going on about the methods for runoff modeling and its estimation.
Sarita Gajbhiye, (2015) conducted a study on runoff estimation using remote sensing and
GIS. The curve number method was used as a distributed model. Vinithra & Yeshodha,
(2013) used the SCS-CN approach to estimate the surface runoff for the Krishnagiri district
in Tamil Nadu. The results of this study's computation of runoff for various land covers led
to the conclusion that soil texture and rainfall are the two key factors influencing runoff.
Runoff has been estimated using the SCS model, which provides a rapid estimate of
generated runoff. Lucas-Borja et al., (2020) use surface runoff depth (Q) and the surface

runoff coefficient (C) to evaluate the surface runoff changes.
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The study conducted by Li et al., (2018) used enhanced SCS-CN model that integrates GIS
and remote sensing technology to study trends of direct runoff at various scales and assess
the impact of land use change on the volume of direct runoff of the four-ring area in
Shenyang, China. This study found that trends in the direct runoff volume varied from
inner urban to suburban areas over time. The primary cause of the rise in surface runoff is

determined to be surface change brought about by urbanization.

Another study by (Erena & Worku, 2019) uses a rational method to assess the hydrological
influence of land cover dynamics in the city of Dire Dawa. The results of the land use land
cover change analysis, which was done using decadal satellite images and the ERDAS
Imagine program, demonstrated that forests are disappearing because of ongoing land
clearing and settlement growth. The findings indicated that as forest cover decreased and
settlement and barren land continued to grow, runoff rose. The research held by Bulti &
Abebe (2020) study uses the SCS-CN method to examine how urbanization affects storm
runoff at various spatial scales with respect to runoff depth. The amount of impervious area
increased by 22% year over the study period, resulting in increases in runoff at the city and
watershed levels of 23%, 31%, and 16.6%, respectively. The regression analysis's findings
showed that, at both spatial scales, runoff and spatiotemporal changes in the

imperviousness ratio are directly correlated.

Most of the previous research has modeled the runoff change considering land use land
cover change analysis over the decades, which has the limitation to estimating the impact
of runoff between these long-time differences. To narrow this limitation this research uses
a five-year interval to assess the impact of urbanization on surface runoff characteristics.
Most of previously conducted studies evaluate the impact of urbanization on runoff of
single spatial location, but urbanization impact on runoff variables and the rate of flow of

runoff at different spatial scale not explored.

The majority of earlier studies, particularly those conducted in Ethiopia, attempted to
examine how changes in land use and cover affect surface runoff at natural watersheds or
catchments. There is very little data available to estimate how changes in land cover and
usage due to urban expansion affect surface runoff. This study assesses the surface runoff
change in terms of surface runoff flowrate in addition to characteristics like surface runoff
depth. Furthermore, during the process of determining CN, the impact of slope on the
alteration of runoff characteristics has been taken into consideration, which has not been

done in previous studies.
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Chapter Three
3. Materials and Methodologies

3.1. Study area description
3.1.1. General background of study area

Debre Markos town was found in 1853 by Dejazmach Tedla Gualu who was then the
administrator of the town for nearly three decades. The name of the town was initially
called Menkorer before it changed to Debre Markos due to the establishment of Saint
Markos church in 1881. King Tekle Haimanot who came to power in 1879 proclaimed that
the town should be named Debre Markos instead of Menkorer (Debre Markos Town
Municipal Office, 2009). During its founding, the total extent of the area was 272 hectares.
Until 1995, the town was the administrative town of the province of Gojjam and currently
serves as the capital of the East Gojjam zone. The town has a structural plan that was
prepared in 2009. Despite the old age of the town, the socio-economic statuses of the
citizens as well as infrastructural developments in the area were almost paused for several
decades. However, nowadays, motivated by the liberalized free market economy and other
motivating instruments by the local government, the socioeconomic status of the society is

showing considerable progress (Abebaw, 2017; Esubalew, 2006; Ziena, 2017).
3.1.2. Location of study area

Debre Markos town, the capital of East Gojjam Administrative Zone, is located at a
distance of 300 kilometers from Addis Ababa to the northwest direction and 265
Kilometers from the capital of Amhara National Regional State- Bahir Dar. Geographically
the study area is located between 10°17'00” to 10°21'30"”N latitudes and 37°42'00" to
37°45'30"E longitudes and its elevation ranges from 2245 to 2511 meters above mean sea

level.
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Figure 3.1: Location of the study area (source: Debre Markos town Municipality office)

3.1.3. Topography

The main natural constraints for the physical expansion of the Debre Markos town are
hills, swamps, rivers, forests, and slopes ranging between 0 - 20%: while the manmade
constraints are illegal settlements and urban-rural boundary conflicts. The area covered by
Debre Markos town is not very suitable for urban development. This is mainly because the
town is dissected by three swampy areas (mainly flood plains) and to some extent by
gullies, ridges, and escarpments. In addition, the town is drained by three rivers: Wuseta,
Wutrin, and Abahim, which flow to the south but in different directions. For instance,
Wutrin drains the Western part of the town, while Wuseta drains the Eastern part of the
town. Particularly the swampy area of Wautrin is the major source of water supply. Overall,
the swampy areas along these riverbanks are the main sources of grazing land for the town
and its hinterland (NUPI, 2001 cited by Ziena, (2017). According to the document obtained
from the town municipality office, there are three major slope categories. Land with O -
2.5% slope: this area refers to the swampy areas, which cover 20% of the total urban land.

Land with 2.6 - 20% slope: land with this slope class constitutes 75% of the area of the
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town. This is suitable for settlement and other functions. Land with >20% refers to the land
characterized by gullies, ridges, and escarpments, which account for 5% of the land

resources (Debre Markos town municipality, 2009).
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Figure 3.2: Shows the topography of the study area (source: https://search.asf.alaska.edu/)

3.1.4. Demography

According to CSA (2007), the population of the town was 62,497. Out of this 29,921
(47.88%) were males and 32,576 (52.12%) were females; 16,325 (26.14%) were within the
age group of 0-15 years, 42,185 (67.49%) 16-60 years, and 3,987 (6.37%) 61 years and
above. The population growth rate at the low variant was 2.4%, while household size in the
town is calculated to be 3.2. The majority of the residents, 97.03% practiced Ethiopian
Orthodox Tewahido Christianity, while 1.7% and 1.1% of the population were Muslim and
Protestants respectively. While 97% of the inhabitants are speakers of the Ambharic
language, the remaining 3% of the inhabitants are speakers of Tigiregna, Agew, and Afan
Oromo (Maru Abebaw and Juliet Akola, 2016). According to CSA (2022), the population
projection figure of the town had been estimated at 66,204 male and 67,606 female

31


https://search.asf.alaska.edu/

inhabitants, which is a total population of 133,810. The area of the town is expected to be
65.82 km? with the population density of 2138 /square kilometer.

3.1.5. Weather Condition

The weather condition of the town is woinadega (temperate climate) which makes it
suitable to live in. The town enjoys a tropical climate with a mean annual rainfall of
1380mm and a mean annual temperature of 16°C, while the maximum and minimum-
recorded temperatures are 24 °C and 4°C respectively (EGFED, 2012). Its’ existing wind
direction is from north to south. The main rainy season is from June to October and most
of the annual rainfall is precipitating in these four months. The second annual rainfall
precipitates from March to May in three months. The remaining months are relatively dry
(Debre Markos Town Municipal Office, 2009). The hottest month is April, when the
maximum temperature is about 24°C, the second week is the warmest usually. The coldest
month is July. In this month, the temperature could be even 9°C at night.
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Figure 3.3: Annual precipitation trend (1995 to 2022) of the study area (source: Ethiopian
National Meteorological Agency)

3.1.6. Soil type

Based on the data obtained from the Ministry of Agriculture, the study area has two soil
classes namely, Eutric Vertisols and Humic Nitisols with the texture of loam and clay
respectively. Humic Nitisols are the dominant type with 95.3% and Eutric Vertisols cover
the remaining 4.7% of the study area. As per the United States Department of Agriculture

(USDA) soil classification, loamy soils were classified into HSG B, which has moderate
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infiltration rates, and moderate runoff potential, and very clayey soils were classified into
HSG D, which has remarkably high runoff potential and very low infiltration rates of

water.

The grain size analysis test result taken from eight sample areas showed that the dominant
proportion of soil particles is clay, which has clay content ranging from 50 % — 73%, silt
fraction 15.88% — 40.21 %, and sand fraction 0.36% - 13.28%. From the index property
test results, the majority of soil type is red clay having a specific gravity range from 2.69 to
2.84 (Ebrahim, 2014). In nature, clay soils are impervious and their CN value will be

maximum i.e. they will have a CN value of 100.
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Figure 3.4: Proportional coverage of town’s soil type (source: Ministry of Agriculture)

3.2. Data sources

To complete this study, all the required data were collected from their respective
governmental institutions and websites. Temporal satellite imageries for time series years
1995, 2000, 2005, 2010, 2015, and 2022 were downloaded from the USGS website.
Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI/TIRS were used to prepare the LULC
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map of the study area. Although they have medium spatial resolution and mixed pixel
problems, Landsat image is widely used for urban LULC mapping (Lu & Weng, 2007).

Its> free accessibility, temporal continuity, and large area coverage property make it
preferable. Considering the vulnerability of seasons to fog and cloud, one image from each
year with cloud coverage of less than 10% was downloaded from the United States
Geological Survey (USGS) website (https://earthexplorer.usgs.gov/). To avoid a seasonal
variation in land cover throughout a year, the selection of dates of the acquired image for
desired years was made as much as possible in almost the same dry season. Since the sky is
clear during this period, the images have the minimum cloud cover and more similarity in
the reflectance values of different LULC types across the images taken at different
temporal scales. To view and discriminate the surface features clearly, all the satellite
image bands were composed using the RGB color composition. The information for

Landsat imageries used in this study is summarized in Table 3.1 below.

Table 3.1: Detail information of Landsat imageries

Spacecraft Sensor | Path/row | Acquisition Spatial Cloud
Identifier date (D/M/Y) | Resolution (m) cover

Landsat 4-5 ™ 169/053 26/03/1995 30 <10%
Landsat 7 ETM+ 169/053 15/03/2000 30 <10%
Landsat 7 ETM+ 169/053 29/03/2005 30 <10%
Landsat 7 ETM+ 169/053 06/11/2010 30 < 10%
Landsat 8 OLI/TIRS | 169/053 18/04/2015 30 <10%
Landsat 8/9 OLI/TIRS | 169/053 15/05/2022 30 <10%

Source: https://earthexplorer.usgs.gov/

A digital elevation model (DEM) of the study area with a spatial resolution of 12.5 meters
was downloaded from the ALOS PALSAR website. Digital elevation model (DEM) data is
required to extract stream networks and watershed area delineation. The daily precipitation
depth data of the study area were collected from the Ethiopian National Meteorology
Agency. Hydrologic Soil Groups have obtained from Town Municipal Office, and it
compared and verified with the data obtained from a Group of Global Hydrological Soil
from (NASA): (https://daac.ornl.gov/SOILS/guides/Global_Hydrologic_Soil_Group.html).
Some additional datasets were also used for demographic study, rainfall analysis, and soil

map preparation for various hydrological soil groups (Table 3.2)
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Table 3.2: Required data and their sources

No. | Data types Data sources Format Importance
1 | Landsat https://earthexplorer. | TIFF To analyze the LULC change
imageries usgs.gov/ trend of the town
2 | DEM ALOS PALSAR TIFF To extract the elevation,
https://search.asf.alas slope, watersheds and
ka.edu/ streams of the study area
3 | Daily National Excel To compute the runoff depth
rainfall Meteorology (:x1s) and its flowrate
Agency, Ethiopia
4 Soil type Ministry of Shapefil | To prepare the soil map and
Agriculture e (.shp) | determine the hydrological
soil groups of the study area
5 | Administrati | Debre Markos town | Shapefil | To limit the spatial extent of
ve boundary | Municipality office e (.shp) | the study

3.3. Software and instruments used

The choice of the software programs employed in this study was made based on their

availability and capacity to solve current issues to accomplish the stated objectives. The

software used in this study are listed in Table 3.3 below.

Table 3.3: Software used

No. | Name of Software | Version Purpose

1 | ENVI 5.3 To perform Landsat image preprocessing,
processing, and post-processing.

2 | ArcGIS 10.4.1 For data analysis and map layout preparation

3 | Google Earth pro To support the image classification process

4 | QGIS 2.18 For change analysis, multi-criteria decision
support, simulation modeling, and prediction for
the future LULC class of the area.

5 | Microsoft Office 2016 for  regression analysis, compile overall
documentation and presentation
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3.4. Methods of Data Processing
3.4.1. Image Preprocessing

Landsat imageries from USGS with cloud coverage of less than 10% were downloaded for
the preparation of the LULC map for the years 1995, 2000, 2005, 2010, 2015, and 2022.
Before the change analysis has taken place, satellite image pre-processing is very
important to establish a more direct association between the acquired data and biophysical
phenomena. The expression ‘image pre-processing’ refers to operations on photographs at
the most basic level. Pre-processing aims to optimize image data by suppressing unwanted
distortions or enhancing certain image features that are essential for subsequent processing
and study (Sonka et al., 1993). Due to the acquisition system and platform movements,
generally, remotely sensed data from aircraft or satellites are geometrically distorted.
Satellite remote sensing and GIS are the most common methods for quantification,
mapping, and detection of patterns of LULC change because of their accurate geo-
referencing procedures, a digital format suitable for computer processing and repetitive
data acquisition (A. Rahman & Netzband, 2009).

In this research, some pre-processing techniques of image transformation including
atmospheric correction and radiometric calibration have been utilized to remove the
impacts of the atmosphere and shades that have direct effects on the signal measured by
the satellite sensor. In addition, using image analysis window tools image adjustments such
as adjustment of the displayed contrast, brightness, and transparency characteristics of an

image were applied to all-year Landsat images.

Layer staking- is the method of merging several images into a single image. To do this, the
images must have the same degree (number of rows and columns), which necessitates
resampling other bands of different spatial resolutions than the desired resolution. To put it
another way, all images/bands must have the same spatial resolution to perform layer
stacking. Combining images/bands, on the other hand, would increase the final stacked
image scale, and therefore the processing time as you perform the research. If you know
you will not need any of the images/bands in your study, stacking all of the images into a

single image is not necessary; instead, choose only the images that attract you.

Image Enhancement- is the conversion of image quality to a higher and more
understandable standard for feature extraction or image analysis (Iwasokun, 2014). Image

enhancement is a common technique for providing a clear display for image perception

36



(Uk, 2017). There are several techniques for enhancing remote sensing images, including
histogram equalization, contrast stretching, and adaptive filtering. Therefore, in this study,

Landsat image enhancement was performed using ENVI software.

Radiometric correction- is a process used to adjust the pixel values of an image to correct
for the effects of sensor, atmospheric, and illumination variations. This process can
enhance the contrast, brightness, and color balance of the image, as well as reduce errors
and uncertainties in measurements. It is used in remote sensing imagery processing and can
work with the data numbers (DNs) of the images. Radiometric calibration, atmospheric
correction, topographic correction, and sensor normalization are the main types of
radiometric corrections. They are used to convert DNs into physical units such as radiance
or reflectance, to remove the effects of atmospheric scattering and absorption on the image,
to correct for variations in terrain elevation that can affect the illumination of the image,
and to correct for differences in sensor response between different images or sensors
respectively. Radiometric calibration and correction are particularly important when

comparing data sets over multiple periods (Khanna et al., 2017).

Image gap fill- is a technique used to fill in missing or damaged portions of an image. This
technique is used in remote sensing imagery processing and can be used to reconstruct
images that have missing data due to cloud cover or other factors. There are several
methods for image gap filling, including spatial-spectral random forests, deep
convolutional auto-encoder, and satellite image gap filling techniques including using
Landsat 7 images, and pre-processing functions such as atmospheric correction or

conversion.

Sub-setting- any of the image's non-essential elements have to be omitted, and the image's
emphasis has to be narrow. To minimize the size of the image file and include only the
region of interest, it is necessary to remove the project field from the entire image (AOI).
This is used not only to remove unnecessary data from the picture but also to speed up the
process. When using multiband data, such as Landsat TM imagery, this is critical. Sub-
setting is the term for this data reduction. Each Landsat scene was clipped through by the
project area boundary using ENVI software. Sub-setting Landsat images have been done

after layer stacking or a composite image has operated.
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3.4.2. Image processing

Classification of LULC is one of the very fundamental tasks prior to any decision making
regarding LULC change detection (Miller et al., 2014; Weng, 2001). Image classification
is the process of categorizing an image into one of several predefined categories based on
its content. Firstly, based on image interpretation elements, Landsat imageries of the years
1995, 2000, 2005, 2010, 2015 and 2022 were visually interpreted. From the two types of
pixel-based classification, supervised and unsupervised classification, in this study-
supervised classification was used to prepare a LULC map of the study area. Supervised
classification is a method for detecting spectrally close areas on an image by locating
training locations of identified targets and extrapolating those spectral signatures to
unknown target areas (Mather, 2011). In training sites with ground truth data, or
homogeneous regions that represent each class, supervised classification is normally the
best option. The training samples were collected based on the visual inspection of the
natural color composite (RGB) of satellite images and sampled at random for each class

and then partitioned into training and testing datasets.

Each image was classified using the training data using an SVM-based supervised
classifier that used a radial basis function (RBF) kernel with a 1-vs-1 multiclass strategy.
Here, the RBF kernel was chosen for classification since this kernel accounts for better
performance for remotely sensed data compared to other kernels (Cardoso-fernandes et al.,
2020) To train the SVM model for classification, a regularization parameter, C, and a
bandwidth parameter of the RBF kernel, g must be chosen. For each of the images over the
study period, the parameter set with the highest training accuracy was chosen. Then, using
the predict function of the toolbox final classified LULC maps were produced. These land
use land cover maps of different periods of the study area were important input data to
compute the depth of surface runoff and flowrate within specific land use types and hence

the maps were prepared by processing satellite images.
3.4.3. Accuracy Assessment

Accuracy assessment is the procedure used to quantify the reliability of a classified image.
The standard accuracy assessment procedure is to construct an "error matrix." that is a
square matrix in which the rows and columns represent the land cover classes from the
classified image. The accuracy assessment was performed by taking randomly selected
reference pixels for each class. Based on the true and predicted classes of the test data a

confusion matrix was formulated which provides insight for each class about how many
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samples are correctly classified, misclassified, and for which class the samples were
incorrectly classified. LULC classification accuracy was assessed quantitatively using an
error matrix, which is the commonly used method in LULC classification accuracy
assessment (Weng, 2010). For the overall accuracy and Kappa coefficient evaluation of the
interpreted LULC classes, an accuracy assessment was performed by using ENVI software
with the support of historical google earth image (Congalton and Green, 2019).

Using the generated confusion matrix user’s accuracy (UA), producer’s accuracy (PA),
overall accuracy (OA), and Kappa statistics were computed. Producer’s and user’s
accuracy is used to evaluate the classification at the class level. The matrix diagonal
represents the samples that are successfully identified in each class, and the OA was
determined by dividing the sum of the correctly classified instances by the total number of
pixels (Story & Congalton, 1986). The PA was calculated by dividing the number of right
pixels in a given class by the total number of pixels in the test set for that class, and it
represents the likelihood of correctly classifying a training sample (R. G. Congalton,
1991). The UA can be calculated by dividing the number of correct pixels in a given class
by the total number of pixels classified in that class. It demonstrates the map’s reliability
by indicating the likelihood that a pixel that is categorized as belonging to a particular class
truly belongs to that class on the ground (R. G. Congalton, 1991; Story & Congalton,
1986). The Kappa statistic, a measure of agreement between the output of the classifier and
the reference data, greater than 0.8 that indicates a strong agreement between classified
classes and ground truth (J. Cohen, 1960; Landis & Koch, 1977).

3.4.4. Land use land cover change prediction

Modeling land use land cover changes for future time is important to know the possible
scenarios. Simulation modules were used to minimize the dynamics of composite urban
structures and interpret them in a clear and accessible manner. The model was run for
change prediction to a specified future date for the allocation of land cover changes
(Eastman, 2006). After the Landsat imageries of respective study years were classified
with the acceptable level of accuracy, in this study the trend of future LULC were
predicted using cellular automata simulation. The procedure determines exactly how much
land would be expected to transition from the later date to the prediction date based on a
projection of the transition potentials into the future and creates a transition probabilities
file. Studies claim that the CA-ANN method is more effective than linear regression, thus

the modules for the land-use change evaluation (MOULSCE) plugin were implemented for
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transition potential modelling and future simulation (El-Tantawi et al., 2019; M. T. U.
Rahman et al., 2017). The MOLUSCE plugin is perfectly adapted to evaluating
spatiotemporal land-use changes, transition potential modelling, and predicting future
scenarios (M. T. U. Rahman et al., 2017). The artificial neural network (ANN) was used in
association with cellular automata (CA) to predict the land use changes. Because of its
dynamic simulation capacity, high efficiency with limited data, simple calibration, and
ability to reproduce different land covers and complicated patterns, CA-ANN was chosen
to simulate land use change. CA-ANN combines the CA and Markov chain to model land

use changes across various categories (Memarian et al., 2012).

The future LULC map prediction of 2040 has been generated depending on the historical
trends of LULC changes. The MOLUSCE plugin within QGIS was executed to establish
the spatiotemporal changes with a given time period and calculate the LULC transition to
generate the LULC change map. A transition potential matrix was generated in the study
between (2001-2011) to create the change map. The ANN-multilayer perception method
was employed for the transition potential modelling. Elevation, Slope, distance from
streams, and distance from the road were the spatial parameters implemented as input
parameters. The transition potential model is trained based on the LULC maps of 2000 and
2010, as well as spatial parameters to produce the predicted map of 2022. Predicting the

future changing trend of LULC will used to demonstrate its future effect on surface runoff.
3.4.5. Model validation

After prediction, the validation of model was run to determine the quality of the predicted
land use map concerning a map of reality. In order to validate the ANN model, the
simulated map of 2022 was compared with the classified LULC map of 2022. The derived
predictive LULC data in 2022 from ANN model were separately compared (pixel by pixel)
with the visually interpreted LULC data in 2022 by an overlay operation to calculate the
overall accuracy and kappa coefficient. It was evaluated by running a three-way cross-
tabulation between the later land cover map, the prediction map, and a map of reality. The
overall quality of land cover maps generated from model simulations should be evaluated
using the kappa statistics parameter and agreement/disagreement marks (Foody, 2002).
Satisfactory results were obtained, and the model was trained with a learning rate of 0.001
and momentum of 0.001. The ANN training process ran for 100 iteration and a
neighborhood value of 3 pixels with 10 hidden layers. The trained model was then

simulated to obtain the predicted maps of 2040.
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3.5. Methods of data analysis
3.5.1. Analysis of LULC dynamics

Analyzing the spatiotemporal dynamics of the urban area of a particular urban landscape is
the primary step in understanding the impacts of urban growth (Kindu et al., 2020). The
spatiotemporal analysis is required for a comprehensive understanding of the impacts of
impervious surfaces on regional hydrological responses (Liu et al., 2021). In this study,
percent change, urban spatial expansion index (USEI) and urban spatial expansion rate
(USER) were used to estimate the spatiotemporal expansion of urban land, percentages of
changes and its rate of change. Using areal data produced from categorized maps in a GIS
environment, the spatiotemporal changes of LULC were recognized. To examine the
nature and rate of the changes, quantitative areal data from the overall LULC changes and
gains and losses in each class were compiled. In line with previous research (Butt et al.,
2015; Gashu & Gebre-Egziabher, 2019), the percentages of changes were calculated using
Eqg. 1. The positive and negative values in this instance indicate a gain and a loss in spatial

extent, respectively.
%A = (Au-Aw) *100 (1)

Where, %A is the percentage of change and At and Ay are the area extent of urban land at

final year (t1) and initial year (to) respectively.

The USEI is an indicator proposed to analyze the growth of urban areas in terms of spatial
increase in urban land, but it does not show the spatiotemporal variation of the rate at
which this change has happened. It quantifies the magnitude of urban expansion per unit of
time over the study period using a linear change model. Due to its linear development
assumption, it gives constant expansion per unit of time throughout the study period. It
used to assess the speed of urban growth in the same study area over different times as well

as between different countries.
USEI = (Au-Aw)/At 2)

Where, USEI is urban spatial expansion index, At and Ay are the area extent of urban land
at final year (t1) and initial year (to) respectively and At is the time difference between t1

and to.

The urban spatial expansion rate (USER) method that is one of the several quantitative

methods for analyzing urban expansion and the spatial pattern of urbanized areas was used
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to determine the growth rate of urban extent. USER assumes that urban growth is an
exponential process i.e. the increments of urban growth increase over time, at a constant
rate of increase. The rate of land-use change is crucial for identifying the process of
conversion related to development and growth of urban area. The equation below was
adopted to compute annual rate of change (eg. 3); the positive and negative values suggest
the gain and loss in spatial extent, respectively.

USER = (((Aw/Ar) ~/AY)-1) *100 (3)

Where, USER is urban spatial expansion rate, At and Ay are the area extent of urban land
at final year (t1) and initial year (to) respectively and At is the time difference between t;
and to. To describe the area coverage percentage of the impervious areas of the total areas,

the urban land percentage (PU) was calculated (Tian et al., 2005).
PU = (%) 100 (4)

Where PU is the urban land percentage, UL is the urban land area, and UT is the total area

of entire landscape.
3.5.2. Estimation of surface runoff characteristics
3.5.2.1. Estimation of runoff depth

Hydrological models are an effective tool for water and basin management. There are
several hydrological models available to estimate direct runoff potential from storm
rainfall. However, the selected model should be simple, have minimal data requirements,
have static assumptions, and be unpretentious. The Natural Resource Conservation
Service-Curve Number technique is a globally used method to derive direct runoff
concerning rainfall events for catchments across the globe and relies on only one
parameter, i.e., curve number. The model’s characteristics extend to land use, soil type,
hydrological condition, and antecedent moisture condition and work efficiently for

catchments of smaller dimensions.

In this study the NRCS-CN model was used to estimate the urban runoff potential using
Landsat time-series data. The model presents a simplified procedure for estimating runoff
potential in small watersheds, which has been presented by using the CN method, where
the CN values are assigned to various LULC classes. Thus, it has become very useful for
urban areas, as the runoff potential is very high even in very small watersheds. Therefore,

after integrating all parameters, i.e., LULC map, CNIl map, and rainfall, the runoff
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characteristics were computed for the entire area. The 40.5mm rainstorm of 30th-06-2022
was the rainiest rainstorm of the study period of Debre Markos station used for AMC
determination. The amount of rainfall 5 days before the rainstorm was less than 53mm; so,

the soil condition of the watershed was in a moderate condition that lays under AMC-I1.

The change in surface runoff was simulated by directly inputting land use maps of
identified years into the SCS—-CN model under the rainfall event of the specified year
return period. The runoff characteristics like average surface runoff depth (Q), and average
surface runoff peak flowrate (q) were computed to analyze impact of land cover change on
surface runoff variations. The impact analysis was carried out by comparing the changes in

runoff variables between initial and final land cover conditions.

Assigning CN is the most important task in determining the characteristics of surface
runoff and defining the soil hydrologic group for the study area is the first step for CN
determination. According to standard tables (USDA SCS, 1972) and by considering AMC,
appropriate different CN values were assigned to each land cover class (Cronshey, 1986).
From the soil hydrologic map, the dominant soil type of Debre Markos is loamy clay and
clay in rare cases. Thus, based on the TR-55 tables by SCS (1986), soils with loamy clay
texture are grouped as the Hydrologic Soil Group B. The hydrologic soil group map was
used to locate the area of the different soil types. Land use maps and soil maps are overlaid
to delineate polygons with unique land use and HSG combinations to determine CN for
each land cover type and then to compute the area-weighted average CN. Considering the
land use land cover classes and slope of the study area, the curve number value of 95, 76,
86, 72 and 83 were selected for urban area, agricultural land, barren land, vegetation and

meadow respectively.

To account for surface heterogeneity in urban scenarios, in this study, weighted CN values
were used rather than a single value. Specifically, from the sum of the initial CN values for
each grid the CN value of each land cover class was calculated, which is then weighted by
the area percentage. The final composite CN value that can be used in the NRCS flow
curve number runoff equation to calculate depth and volume was computed using the
following equation:

n .
2 ioq CNy*Ai
—vn

Yi=1 Al

CNw= ©)

Where, CNy is the weighted CN of the entire study area, A is the area of each land cover

class and CN; is the initial curve number values for each LULC class.
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The SCS runoff curve number method developed by the Natural Resources Conservation
Service (NRCS) used for estimating direct runoff from storm rainfall described in the

following equation,

_ (P-Ta)?
Q= (P-la)+S )

Where,

Q = runoff (mm)
P = rainfall (mm)
S = potential maximum retention after runoff begins (mm) and

I = initial abstraction (mm)

Initial abstraction (la) is all losses before runoff begins. It includes water retained in
surface depressions, water intercepted by vegetation, evaporation, and infiltration. It is
highly variable but generally correlated with soil and land cover parameters. Through
studies of many small agricultural watersheds, 1. was found to be approximated by the

following empirical equation:
la=0.2S (7)

By removing l. as an independent parameter, this approximation allows the use of a
combination of S and P to produce a unique runoff amount. Substituting equation (7) into
equation (6) gives:

Q= (P-0.25)?
P +0.8S

(8)

S is related to the soil and land cover conditions of the watershed through the CN, which
has a range of 0 to 100, and S is related to CN by:

1000

S =254 (= — 10) (9)

3.5.2.2. Estimation of runoff flowrate

The rational method was used to estimates the peak rate of runoff of the study area as a
function of the drainage area (A), runoff coefficient (C), and rainfall intensity (i) for a
duration equal to the time of concentration ‘TC’. Time of concentration is the time
required for water to flow from the most remote point of the basin to the location being

analyzed.
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Quite a number of formulas exist for deriving time of concentration ‘TC’, from the
physical characteristics of a drainage basin. Kirpich (1940) gives one of these empirical

formulas.
TC = 0.0195*L"0-77*5"-0:385 (10)
Where, Tc = time of concentration
L = length of the main channel
S = the distance weighted slope of the main channel

Usually the runoff coefficient ‘C’ obtained from a table and defined in terms of the land
use and slope. Some tables provide its value based on return period and slope; the value of
C increases for the less frequent events and with increasing slope. Some tables provide a
range of C-values for each land use that permits the designer to select a value that reflects
on-site conditions. The value of surface roughness was assigned to each land cover class in
order to determine the type of land use that is more responsible for the generation of
surface runoff in the area and to divide the bigger watershed area into manageable size for
rational methods. By taking in to consideration the land use land cover type and slope of
the study area, 0.86, 0.37, 0.47, 0.20 and 0.15 were selected as the value of runoff
coefficient for urban area, agricultural land, barren land, vegetation and meadow
respectively (Sarukkalige, 2011). Weighted runoff coefficient ‘C’ can be obtained by
adding the multiplication of areas of each land use with corresponding roughness values of
each land use type. The surface roughness of different land use lies between 0 (no runoff)
and 1(the maximum runoff). “C” is obtained by tabulating the weighted value of the
coefficient of each land use land cover in the study area. The weighted “C” value
calculated with the following equation.

Y, CixAi
Al

C= (11)

Where,
C is surface roughness of each land use
A is the area of each land use.

Once the time of concentration, the intensity of rainfall was estimated by dividing the

amount of precipitation by its duration that relate with 0.133 multiplied by time of
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concentration. Using the defined runoff coefficient, drainage area and rainfall intensity, the

peak flow rate was computed using the following empirical formula.
Qp = 0.28*C*I*A (12)
Where, Qp = Peak runoff rate [m®/sec]
C = Runoff coefficient
| = Rainfall intensity [mm/hr]
A = Drainage area [km?]
3.5.4. Analyzing the correlation between surface runoff and land cover change

After the runoff characteristics has determined, the correlation analysis was conducted to
assess the association between the change of surface runoff and land cover change. The
impact of the LULC changes on the surface runoff depth and flowrate was then examined
using spatial and simple linear regression analyses. To relate the change in surface runoff
and land cover, the validity of the model assumptions should be determined by examining
the structure of the residuals and the data pattern through graphs. The normality
assumption was validated using a normal probability plot of standardized residuals which
is a plot of the ordered standardized residuals against the normal scores (Bulti & Abebe,
2020). The stronger the correlation coefficient indicates the greater the influence of land
cover change on the change of surface runoff.

Linear regression analysis was used to determine the relationship of LULC change, slope
length, slope steepness with the surface runoff depth and flowrate. The Pearson’
correlation analysis was used to determine whether there is a correlation between runoff
depth and flowrate with slope steepness, and slope length. The derived correlation
coefficient (R) and coefficient of determination (R?) values of the regression analysis were
also used to explain the spatiotemporal relationship between LULC change and the surface
runoff depth. The stronger correlation between impervious surface area and runoff occurs

for water surfaces than for land surfaces (Liu et al., 2021).
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Chapter Four
4, Results and Discussions

4.1. Changing trend of Land use land cover

The trends of urban LULC change in study area were analyzed by observing the area
coverage expansion over the last 27 years. The land cover maps were generated after
running support vector machine-supervised classification using ENVI software and their
areal value was computed using post-classification technique in ArcGIS environment.
After the preparation of land use land cover maps, the changes that occurred over the
studied periods in each land cover class were analyzed. The image classification result
summarized in Table 4.1 demonstrates that the spatial extents, percentage changes over
time, and the annual average percent change of each LULC class (urban area, agricultural

land, barren land, vegetation and meadow) in Debre Markos town between 1995 and 2022.

Based on the data analysis performed, an overall change in LULC of all the respective
years is shown in figure 4.1 below. The result shows a notable expansion in urban land and
barren land and a shrinkage phenomenon in the agricultural land, vegetation and meadow
during the study period (1995 to 2022). The study area has experienced spatial variations
and trends (figure 4.1) on different land use land cover classes due to the corresponding
horizontal expansion as well as the conversion of land cover classes during the distinct
study periods. The reclassified images in figures 4.1 showed that there had been a rapid
land cover conversion of each LULC category to another class. As the results showed that
agricultural land was the dominant class at the beginning of the study period but declined
with the continuous increase of urban area and barren land. The results indicate that
between 1995 and 2022, the areas covered by urban area and barren land rose by +1391ha
(+468.79 %) and +405.98ha (+90.62%) with annual average change of +17.36% and
+3.36% respectively, which shows a great increasing trend. In contrast, agricultural land
and vegetation were decreased by -1139.32ha (-35.53%) and -364.48ha (-32.01%) at
annual average change of -1.32% and -1.19% respectively. The results also demonstrate
that the areas covered by meadow continued to decrease by -293.50ha of land, decreasing
at an annual average change of -0.73%. During the study timeframe, 1139.32ha of
agricultural land, 364.48ha of vegetation area and 293.50ha of meadow was converted to
other land uses, mainly to urban area, at an annual average change of -1.32%, -1.19% and -

0.73% per year respectively.
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LULC Map of Debre Markos Town
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Figure 4.1: Shows land use land cover classes of the study area in 1995(a), 2000(b),
2005(c), 2010(d), 2015(e), and 2022(f)

Over the study period, the result shows a continuing shift of land use land cover due to
rapid urban expansion in the town. The spatial area coverage of the urban area was
296.72ha or 4.51% of the total area in the initial study year, 1995. Its spatial extent was
gradually increased throughout each study time interval and covered 1687.72 ha or 25.65%
of the total study area in 2022. Between the years 2005 and 2010, the trend of growth of
urban was comparatively low that shows a 25.73% increase, and a highest change was
recorded between the years 2000 and 2005 (65.92%); followed by 2022, 2015, and 2000
showed the percentage change of 44.03, 39.46 and 35.74 respectively. In contrast, the area
statistics of agricultural lands was 48.73% at the beginning of the study year. It slightly
decreased to 44.13% in 2000 and showed some fluctuation through decreasing and
increasing situations before it fell to 31.41% in the final year of the study time, 2022.
When the area of agricultural land in the base year was compared with its area coverage in
the last year, it showed that the area decreased by -1139.32ha or -35.53%. On the other

hand, in the last study period, area of barren land increased by two fold from the initial
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study year, which shows an increase from 6.81% to 12.98% coverage of entire landscape.

In contrast, during the study timeframe the decreasing trends of area coverage in vegetation
and meadow were recorded; they decreased from 1138.7 ha to 774.23 ha (17.3% to
11.77%) and from 1490.72 ha to 1197.22 ha (22.65% to 18.2%) respectively. The area
coverage difference of each land use land cover class between the base year (1995) and the
final year (2022) were 1391 ha (468.79%), -1139.32 ha (-35.53%), 406.08 ha (90.64%), -
364.48 ha (-32.01%) and -293.5 ha (-19.69%) for the class of urban, agricultural land,

barren land, vegetation and meadow respectively. Generally, the LULC classes’ area

statistics are summarized in Table 4.1 below.

Table 4.1: Area coverage of the town’s LULC classes from 1995 to 2022

Area coverage

LULC
class 1995 2000 2005 2010 2015 2022

ha % ha % ha % ha % ha % ha %
Urban | 29, 451 402. 6.12 668. | 10.1 | 840. | 12.7 | 1171 | 17.8 | 1687 | 25.6
Area 72 ) 76 ' 27 6 24 7 .79 1 12 5
Agri- 3206 | 48.7 | 2904 | 44.1 | 3011 | 45.7 | 3179 | 48.3 | 2633 | 40.0 | 2067 | 31.4
Land 42 3 .29 3 .55 6 .63 2 .78 3 10 1
Barren | 448. 511. 601. 484, 769. 11.6 854. 12.9
Land |02 |88 g2 |77 |24 %14 a7 |7 05 |9 |10 |8
Vegetati| 1138 | 17.3 | 1339 | 20.3 | 1091 | 16.5 | 1071 | 16.2 | 844. | 128 | 774. | 11.7
on 71 0 .97 6 .39 9 .61 8 12 3 23 7
Meado | 1490 | 22.6 1421 | 21.6 1208 | 18.3 1004 | 15.2 1161 | 17.6 1197 | 18.1
W 12 5 .79 1 .06 6 .61 7 .35 5 22 9

Table 4.2: Area change, percent change, and annual average percent change (AAPC) of
town’s LULC from 1995 to 2022

Area change (ha) Percent change (%) A’g‘PC
LULC (%)
class 1995- | 2000- | 2005- | 2010- | 2015-| 1995- | 2000- | 2005- | 2010- | 2015- | 1995-
2000 | 2005 | 2010 | 2015 | 2022 | 2000 | 2005 | 2010 | 2015 | 2022 2022
Urban 17.36
Area égﬁ 5,?5 é;l ggl gés 35.74 | 65.92 | 25.73 | 39.46 | 44.03
Agri- -302. | 107. 168. -545. | -566. -17. -21. -1.32
Land 13 26 08 85 68 -942 1369 | 558 17 52
Barren -116. | 284. -19. 3.36
Land 63.80 | 89.42 57 38 84.95 | 14.24 | 17.47 39 58.67 | 11.06
Vegetatio | 201. | -248. | -19. -227. | -69. -18. -21. -1.19
n 26 |58 |78 |49 |89 |17 |55 |18l |, | -828
Meadow | -68. -213. | -203. | 156. -15. -16. -0.73
93 73 45 74 35.87 | -4.62 03 84 15.60 | 3.09
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Figure 4.2: Trend of LULC from 1995 to 2022 (source: from research analysis)

Table 4.3: Spatial area extent of the LULC classes in Wutrin and Wuseta watersheds from
1995 to 2022

LULC Wutrin (ha) Wuseta (ha)

class | 199 1 2000 | 2005 | 2010 | 2015 | 2%% | 1995 | 2000 | 2005 | 2010 | 2015 | 2022

Urban| 125. | 185. | 319. | 389. |538. | 695. | 170. |217. | 349. | 450. | 632. | 992.7
Area | 79 23 03 65 99 01 79 45 06 41 52 0

Agri- | 167 | 1529 | 1597 | 1673 | 1330 | 111 | 1522 | 1371 | 1410 | 1502 | 1298 | 947.5
Land | 9.62 | .22 .23 37 .87 9.59 | .70 13 .06 .00 .59 1

Barre | 194 | 201 | 211, | 115. | 243. | 399. | 332. | 309. | 389. | 368. |524. | 454.2

. 77 33 27 39 75 83 62 99 57 88 37 7
Land

Veget| 494. | 594. | 462. | 421. | 401. | 341. | 640. | 744. | 625. | 645. | 438. | 4324
ation | 41 41 19 55 18 78 07 66 11 85 90 5

Mead | 678. | 582. | 503. | 492. | 577. | 541. | 811. | 834. | 703. | 510. |582. | 656.0
ow 00 65 04 94 88 19 55 35 90 80 89 2

The area extent of wuseta urban land and its change of the respective study years were
greater than that of wutrin watershed. This is condition is similar in all other land cover
classes except agricultural land cover class. In contrast, of urban land and other land cover
classes, the area of agricultural land of wuseta watershed was continuously decrease with

the great difference from agricultural land wuseta watershed.
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Table 4.4: Area change and percent change of the LULC classes in Wutrin watershed from

1995 to 2022
LULC 1995-2000 2000-2005 2005-2010 2010-2015 2015-2022
class
ha % ha % ha % ha % ha %
Urban 50.44 | 47.25 | 1338 | 7004 | 7062 | 22.14 | 1493 | 3833 | 1960 | 5595
Area 1 3 3
Agri- -150. -342. | -20. -211. | -15.
Land n -8.95 | 68.01 | 4.45 76.14 | 4.77 50 47 28 88
Barren -95, -45, 128.3 | 111.2 | 156.0
Land 86.56 | 75.42 | 9.93 | 4.93 88 38 5 4 3 64.03
. -132. | -22. -40. -20. -59. -14.
Vegetation | 100.0 | 20.23 21 o4 65 -8.79 37 -4.83 40 81
-95, -14, -79. -13. -10. -36.
Meadow 35 06 61 66 09 -2.01 | 84.93 | 17.23 68 -6.35

The area change and percent change of land cover classes of wutrin

watershed was

computed and the result revealed that the area change of urban land were maximum
(156.03ha) between the yeas 2015 and 2022 followed by 149.33ha from 2010 to 2015 and
133.81ha from 2000 to 2005. Minimum change of urban land (59.44ha) was recorded
between 1995 and 2000. Agricultural land shows an increasing trend from 2000 to 2005

and 2005 to 2010; while it shows decreasing trend between other study years. Barren land

shows an increasing trend in all study periods except the sudden decreasing between 2005

and 2010 which decreased by 95.88ha. In contrast to all other land cover classes Meadow,

shows decreasing trend throughout all study years. This is true for vegetation class except

its increasing trend between 1995 and 2000 that shows an increasing of 100ha.

Table 4.5: Area change and percent change of the LULC classes in Wuseta watershed

LULC 1995-2000 2000-2005 2005-2010 2010-2015 2015-2022
class

ha % ha % ha % ha % ha %
Urban
Area 46.66 27.32 | 131.61 | 60.52 101.35 | 29.03 182.11 | 40.43 | 360.18 | 56.94
Agri- -203. -351.
Land -151.57 | -9.95 | 38.93 | 2.84 91.94 | 6.52 41 -13.54 07 -27.04
Barren
Land -22.63 | -6.80 | 79.59 | 25.67 -20.70 | -5.31 155.49 | 42.15 | -70.1 -13.37
_Vegetat 104.59 | 16.34 -119. -16.05 | 20.73 | 3.32 -206. -32.04 | -6.45 -1.47
ion 54 94
v'\\f'eado 2280 | 281 ;1%30' -15.64 '1193' 2743 | 7209 |1411 | 7313 | 1255
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The area of urban land was continuously increased throughout each study period though it
shows minimum decreasing between the year 2005 and 2010. The maximum increasing of
urban land area (360.18ha or 56.94%) was shown between 2015 and 2022 followed by
study years from 2010 to 2015, 2000 to 2005 and the minimum amount of change (46.66ha
or 27.32%) in urban land was recorded between 1995 and 2000. Similar to wutrin
watershed agricultural land shows an increasing trend from 2000 to 2005 and 2005 to
2010; while it shows decreasing trend between other study years. Maximum decreasing
and increasing amount of change in agricultural land was shown from 2015 to 2022 and
2000 to 2005 respectively. Unlike wutrin watershed that shows the decreasing of barren
land only between 2005 and 2010, in wuseta watershed it shows the decreasing trend
between the years 1995 to 2000 and 2015 to 2022 also. The maximum increasing and
minimum decreasing of barre land was recorded from 2010 to 2015 and 2005 to 2010
respectively. In addition to the year 1995 to 2000 in wutrin watershed vegetation
increasing also shown between 2005 and 2010 in this watershed. In contrast to wutrin,
Meadowland cover class in wuseta watershed shows the increasing trend not only from
2010 to 2015 but also from 1995 to 2000 and 2015 to 2022.

4.2. Accuracy assessment

Accuracy assessment of image classification was processed using ENVI software and the
result revealed that the overall accuracies for each year are 97.2%, 96.6%, 96.8%, 96.4%,
90.33%, and 91.2% with the Kappa Coefficient of 0.96, 0.95, 0.96, 0.95, 0.88 and 0.89 for
years 1995, 2000, 2005, 2010, 2015 and 2022 respectively. The accuracy requirements for
change detection analysis were determined based on the suggestion of Congalton and
Green (2009). All the overall accuracies are greater than 85%, which indicates that all
classifications are in an acceptable range and the kappa coefficient is greater than 0.80,
which represents the existence of a strong agreement between the classified image samples
and the ground truth samples. Hence, the classified land uses land cover maps met the
accuracy requirements for change detection analysis. The detail of the error matrix results

for each year was shown in Appendix B.
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Table 4.6: Accuracy assessment of the classified images by study periods (all accuracies

are in percent)

LULC Year

class 1995 2000 2005 2010 2015 2022

UA.- PA UA PA UA PA UA PA UA PA UA PA

UA’ 100 964 100 994 100 98.2 100 976 93.7 988 994 100
AL 985 100 96 99.8 959 100 943 100 916 100 97.9 100
BL 89.2 86.7 919 86.7 957 857 100 79.1 678 743 693 66.7
Ve 99.3 100 99.2 99.2 100 100 985 100 100 100 99 97.2
Me 951 955 957 915 95 927 959 943 939 809 85 85
OA 97.2 96.6 96.8 96.4 90.33 91.2

KC 0.96 0.95 0.96 0.95 0.88 0.89

Where: UA’ = urban area, AL = agricultural land, BL = barren land, Ve = Vegetation, Me
= meadow, UA = user’s accuracy, PA = producer’s accuracy, OA = overall accuracy, KC =

kappa coefficient.

4.3. LULC model validation and prediction
4.3.1. LULC model validation

For future simulation, the MOLUSCE plugin incorporates several popular transition
potential modeling techniques, including the logistic regression, weights of evidence, ANN
(multilayer perceptron), multi-criteria evaluation, and CA algorithm. The land use/cover
map of 2010 and 2015 was used as input to predict the LULC for 2022 and obtained a
validation kappa value of 0.903. The variables chosen for model calibration were elevation,
slope, and distance from urban center, streams, main roads, and land use/cover. These
variables were chosen due to their relatively strong association with LULC. In order to
model and predict transition potentials, the study used the CA-ANN technique. Once the
anticipated LULC was obtained, it was compared to the actual LULC for 2022 and yielded
an overall accuracy of 88.8%.
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Figure 4.3: Comparison of classified and simulated map (source: from research analysis)

4.3.2. LULC prediction

The LULC change analysis explores the spatial dynamic variations in the LULC during the
study period. After obtaining satisfactory results from model validation, the LULC for
2040 was predicted. By employing the spatiotemporal LULC data from 2005 and 2022, the
spatial variables, and the transition probability matrix with a kappa value of 0.95, the
LULC was predicted for 2040. The simulation results of the MoLUSCE’s model prediction
from 2022 to 2040 were demonstrated and the result shows that the urban area will
increase from 1687.72ha in 2022 to 2638.63ha in 2040. On the other hand, Barren land
will increase from 854ha in 2022 to 998.98ha in 2040. In contrast, area of agricultural land
would be decrease to 1573.31ha in 2040 from 2067.1ha in 2022. Similar to agricultural
land, the area of vegetation cover will expected to decrease from 774.23 ha in 2022 to
498.69ha in 2040. During the simulated years, the area of the meadow from 2022 to 2040
will also decrease from 1197.22ha to 871.3ha. Generally, the simulated change in areal
extent, the percentage change (%), and the annual rate of change of the LULC class were

presented in Tables 4.7. The results show the continuous expansion of the urban area that
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will increase by 950.91ha and a percentage change of 56.34% at the annual rate of change
of 2.51% per year from 2022 to 2040. While agricultural land would be declined by -
493.79ha and the percentage change -23.89% at an annual rate of change of -1.51% per
year, the Barren land will increase by 144.98ha and a percentage change of 16.98% at an
annual rate of change of 0.87% per year. Vegetation cover will decrease by -275.54ha (-
35.59%) at an annual rate of change of -2.41% per year. The area of the meadow will also
be decreased by -325.91ha (-27.22%) from 2022 to 2040 with the annual changing rate of -
1.75%. The predicted LULC map of 2040 is depicted in Figure 4.4 below.

Predicted LULC Map in 2040
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Figure 4.4: Predicted LULC maps for the year 2040 (source: from research analysis)
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Table 4.7: Area extent of predicted LULC (2040) and its average annual percent change
(AAPC) from 1995 to 2022

Area (ha) Change (1995- | Change (2022- | AAPC

LULC 2040) 2040) (%)
Class 0 0 (2022-
1995 2022 2040 ha % ha % | 5 40)

Urban Area | 296,72 | 1687.72 | 2638.63 | 2341.91 | 789.27 | 950.91 | 56.34 |3.13
Agri_Land | 3206.42 | 2067.10 | 1573.31 | -1633.11| -50.93 | -493.79 | -23.89 | -1.33
Barren Land| 448,02 | 854.00 |998.98 |550.96 | 122.98 |144.98 |16.98 |0.94
Vegetation | 1138.71 | 774.23 | 498.69 | -640.02 | -56.21 | -275.54 | -35.59 | -1.98
Meadow | 1490.72 | 1197.22 | 871.31 |-619.41 | -41.55 |-325.91 |-27.22 | -1.51

According to the LULC forecast, towns' total urban land area is projected to grow from
1687.72ha in 2022 to 2638.63ha in 2040. Stated otherwise, there will be an annual increase
in urban land area of 3.13% or 56.34% over the course of the predicted year. Barren land is
predicted to grow by 16.98% over eighteen-year period or by annual increase of 0.94%,
despite the fact that its quantity and rate of increase diverge from those of urban land.
From the base to the end of study year, vegetation cover, meadows and agricultural land
will decrease by -35.59%, -27.22% and -23.89% or with annual change of -1.98%, -1.51%
and -1.33% respectively.

Table 4.8: Area extent of predicted LULC (2040), wuseta watershed, and its change from
1995 and 2022

Area (ha) Change (1995- Change (2022-

LULC Class 2040) 2040)
1995 2022 2040 ha % ha %

Urban Area 170.79 | 992.70 | 1532.73 | 1361.94 | 797.41 | 540.03 | 54.40
Agri_Land 1522.70 | 94751 | 637.13 | -88557 | -58.16 | -310.39 | -32.76
Barren Land 332.62 | 454.27 | 491.88 | 159.26 | 47.88 37.61 8.28

Vegetation 640.07 | 43245 | 343.77 | -296.29 | -46.29 -88.67 | -20.51
Meadow 811.55 | 656.02 | 472.38 | -339.17 | -41.79 | -183.64 | -27.99

From 2022 to 2040, the area coverage of urban land of wuseta watershed will expected to
increase by 540.03ha or by 54.4%. Similar to urban land barren land also shown an
increasing trend which increased by 8.28% within eighteen year interval. In contrast to

urban area and bare land, other land cover classes like agricultural land, meadow and
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vegetation cover shown a decreasing trend that decreases by -32.76%, -27.99% and -
20.51% respectively throughout the prediction year.

Table 4.9: Area extent of predicted LULC (2040), wutrin watershed, and its change from
1995 and 2022

Area (ha) Change (1995- Change (2022-
LULC Class 2040) 2040)
1995 2022 2040 ha % ha %

Urban Area 125.79 | 695.01 | 1105.45| 979.66 | 778.80 | 410.43 59.05
Agri_Land 1679.62 | 1119.59 | 932.78 | -746.85 | -44.47 | -186.81 | -16.69
Barren Land 114.77 | 399.83 | 506.02 | 391.25 | 340.88 | 106.19 26.56
Vegetation 49441 | 341.78 | 149.96 | -344.45 | -69.67 | -191.83 | -56.13
Meadow 678.00 | 541.19 | 398.03 | -279.97 | -41.29 | -143.16 | -26.45

The Wuseta watershed's urban land coverage is estimated to grow by 410.43ha, or 59.05%,
between 2022 and 2040. Barren land has also demonstrated an increasing trend, rising by
26.56% over the course of eighteen years, much like urban land. Other land cover groups,
such as agricultural land, meadow, and vegetation cover, have demonstrated a decreasing
tendency during the predicted year, with decreases of -20.51%, -27.99%, and -32.76%,

respectively, in comparison to bare land and urban areas.

When the shifting trend of each land cover class was compared across different spatial
scales with respect to study year, there was a noticeable shift with each of land cover
classes. Given the comparison of the trends in urban land between the two sub-watersheds,
the wutrin watershed's urban land growth is bigger than the wuseta watershed's. In addition
to following the growing trend of urban land, barren land has a greater increase in wutrin
watershed than wuseta. While the meadow's changing tendency in the two watersheds will
be roughly comparable, the agricultural land and vegetation cover's changing trend will
diverge. While the meadow's changing tendency in the two watersheds will be roughly
comparable, the agricultural land and vegetation cover's changing trend will diverge. The
wuseta watershed's declining percentage of agricultural land will be two times higher than
the wutrin watershed's percent change. In contrast to agricultural land, the wurtin
watershed's vegetation cover will vary by a factor of almost three compared to the wuseta

watersheds’.
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4.4. Computation of Surface runoff characteristics
4.4.1. Computation of surface runoff depth

The calculation of runoff generation in the SCS model mainly relied on CN values, which
was a function of AMC, surface condition, slope, soil type and land use land cover. The
town's soil map, which only includes soil group B, was used to determine the hydrologic
soil group the study area. The hydrologic soil group and the land use map were intersected
to form the curve number map. Using the curve number map, the hydrologic response unit

(HRU) was determined. HSG-B is the obtained hydrologic soil group for each LULC class.

Overall, the results show that runoff depth for both towns and watersheds has been
increasing over the course of the 27-year timeframe. This increasing trend is present in all
spatial scales and of the years that were chosen for the analysis. In every case, the wuseta
watershed's accumulated daily runoff depth is higher, and the opposite is true for the
wutrin watershed. At the town, wutrin, and wuseta watersheds scale, the runoff depth
begins in 1995 at slightly over 7.3 mm, 7.03 mm, and 7.56 mm, respectively; in the final
year, this figure increases to over 11 mm, 10.55 mm, and 11.55 mm, respectively,
indicating a 51%, 50%, and 53% increase over a 27-year period. Further analysis indicates
that the runoff depth of the town was identified at a nearly equal amount from that of its
watersheds across the entire period. During the study period, the maximum and minimum
difference between the runoff depth of the town and wuseta watershed and town and
wutrin watershed was -0.54mm and -0.17mm and 0.18mm and 0.47mm respectively. In
response to land use changes, the trend of surface runoff showed a continuously increasing
trend. The findings showed that, at all spatial scales, the maximum runoff happened in

2022 and the minimum value was in 1995.

Table 4.10: Daily runoff depth in the city and its watersheds from 1995 to 2022 (units are

in millimeter)

Year
AQ in %
1995 | 2000 | 2005 | 2010 | 2015 | 2022 (1995-2022)

1 | Town boundary 730 | 745 | 8.06 | 814 | 9.50 |11.00 50.70
2 | Wuseta watershed | 7.56 | 7.64 8.25 | 8.32 | 9.80 | 11.55 52.79
3 | Wutrin watershed 7.03 | 7.24 7.85 | 7.96 | 9.17 | 10.53 49.87

S/IN | Spatial boundary
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Figure 4.5: Spatiotemporal daily runoff change in the town and its watersheds (1995-2022)

4.4.2. Computation of surface runoff flowrate

The runoff coefficient of urban area, agricultural land, barren land, vegetation and meadow
in wuseta watershed were assigned as 0.86, 0.37, 0.47, 0.2 and 0.15 respectively. The
weighted runoff coefficient for each study period were computed and its result were 0.32,
0.32, 0.36, 0.38, 0.42 and 0.46 in the year 1995, 2000, 2005, 2010, 2015 and 2022
respectively. In this watershed the time of concentration were 2.8hr and the intensity of
rainfall were 108.62mm/hr. Using these computed results, the amount of rainfall that
runoff the specified outlet per unit of time were determined. The computed result shows
that the amount of runoff that passes the given outlet per unit of second increases from
339.51m%/s in 1995 to 487.42m3/s in 2022. In similar manner the time of concentration
and rainfall intensity of wutrin watershed were computed and the result recorded as 2.1hr
and 145.01mm/hr respectively. The watersheds weighted runoff coefficient for 1995, 2000,
2005, 2010, 2015 and 2022 were 0.32, 0.33, 0.37, 0.38, 0.4, and 0.44 respectively. The
resulting runoff flow rate were increased from 399.59m?%s to 547.88m%/s. The trend of
surface runoff generated discharge across the study period was increasing 339.51m3/s,
338.83m%s, 375.78m%s, 402.13m%s, 439.80m%s and 487.42m°%s and 399.59mdfs,
416.58m3%s, 459.82m%s, 473.71m%s, 502.41m°s, 547.88m°s for wuseta and
wutrin watersheds for the year 1995, 2000, 2005, 2010, 2015 and 2022 respectively. As
compared with the runoff flow rate of the two watersheds, the flow rate of wutrin

watershed was greater than that of wuseta watershed.
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Due to its maximum area coverage, agricultural land followed by meadow was responsible
to the generation of maximum amount of runoff throughout the study period at both
watersheds. The amount of discharge generated from urban and barren land was relatively
small over the study years in both spatial scales. Specifically, the runoff flow rate of urban
area of wutrin and weseta watersheds was increased from 16.25m?%/s in 1995 to 123.12m?%'s
in 2022 and from 16.67m%/s in 1995 to 139.14 m3/s 2022 respectively. Unlike the runoff
depth, the runoff flow rate of wuseta was greater than wutrin. This increasing trend

revealed that how the increasing of urban land directly affect the characteristics of runoff.

4.5. Relationship between surface imperviousness ratio and runoff characteristics

The relationship of imperviousness and runoff characteristics were evaluated using the
percent change of urban land and runoff depth in the final study year in relation to the base
year. The percent change of urban area between 1995 and 2000 was 35.74%, 47.25% and
27.32% at the town, wutrin watershed and wuseta watershed level respectively. These
values increased to 468.79%, 452.52% and 481.23% between the base and final study year.
The percentage change of runoff depth of Town boundary, wuseta and wutrin watersheds
between 1995 and 2000 were 2.02%, 1.11% and 3.02% respectively. This value rose to
50.7%, 52.79% and 49.87% respectively between the base year (1995) and the final year
(2022). The results are consistent with common sense that the increase in impervious land
probably causes the increase in surface runoff, but the greater amount of vegetation,
farmland, and meadow probably lead to decrease in surface runoff. Generally, the study

result clearly showed that how the change of LULC alter the runoff characteristics.
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Figure 4.6 (a), (b) and (c) shows the correlation of runoff depth with imperviousness at

different spatial scale

The results showed that there was a positive and significant correlation between the urban
area and total surface runoff depth with R? of 98.9%, 98.9% and 98.1% for town, wuseta
and wutrin watersheds respectively. The coefficient of determination of the town, wuseta
and wutrin watersheds were 97.8%, 97.8% and 96.3% respectively, this result tells us how

much the runoff can be accounted for imperviousness. In addition, regression analysis
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results showed that there was a linear relation between runoff depth, and slope length and
slope steepness. The results depicts that the change in surface runoff positively correlated
to the change in impervious land and negatively correlated to the change in vegetation and
agricultural land. The percent change in runoff depth is directly related to the changes in
PIA in both spatial scales. Further, the Pearson correlation coefficient appears a very
strong correlation between the two variables. Further, the positive and negative values

indicate direct and indirect relationships, respectively.

4.6. Discussion

By tracking the expansion of the research area's coverage during the previous 27 years,
variations in urban LULC change were examined. After utilizing ENVI software to
perform support vector machine-supervised classification, the land cover maps were
produced, and their areal value was calculated using the post-classification technique in the
ArcGIS environment. The results of the data analysis on LULC change detection for each
of the corresponding years indicate a significant increase in urban and barren land over the
study period, as well as a shrinkage phenomenon in agricultural land, vegetation, and
meadow. Due to the corresponding horizontal growth and the conversion of land cover
classes during the various study periods, the study region has seen spatial variations and
trends on various land use land cover classes. As the results, demonstrated, agricultural
land was the dominating class at the start of the study period but dropped as urban area and

barren land continued to grow.

Due to the town's rapid urban expansion during the study period, the results demonstrate
continuous shifts in each LULC category's land use and/or land cover to a different class.
In 1995, the first research year, the urban area's spatial area coverage was 296.72ha, or
4.51% of the total area. Its geographic size grew over each research period, reaching
1687.72 ha, or 25.65% of the study area, in 2022. The trend of urban growth was relatively
modest between 2005 and 2010, with an increase of 25.73%, while the largest change was
observed between 2000 and 2005 (65.92%); 2022, 2015, and 2000 exhibited percentage
changes of 44.03, 39.46, and 35.74, respectively.

The findings demonstrate a strong increasing tendency, with the areas covered by urban
area and barren land expanding by +1391ha (+468.79%) and +405.98ha (+90.62%)
between 1995 and 2022, respectively, with yearly average changes of +17.36% and

+3.36%. In comparison, the annual average change in agricultural land and vegetation was
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-1139.32ha (-35.53%) and -364.48ha (-32.01%) at annual average change of -1.32% and -
1.19% respectively. The data also show that the meadow's acreage continued to decline,
losing -293.50 hectares at an average yearly change of -0.73%. 1139.32 hectares of
agricultural land, 364.48 hectares of vegetated area, and 293.50 hectares of meadow were
changed to other land uses over the research period, primarily to urban areas, with an
average annual change of -1.32%, -1.19%, and -0.73% annually, respectively.

In comparison, at the start of the study year, the area statistics of agricultural lands were
48.73%. Prior to dropping to 31.41% in the last year of the study period, 2022, it fluctuated
through scenarios of both decrease and increase, falling to 44.13% in 2000. Comparing the
area coverage of agricultural land in the base year with that of the previous year revealed a
reduction of -1139.32ha, or -35.53%. However, compared to the first research year, the
extent of barren land doubled during the most recent study period, covering 12.98% of the
whole landscape as opposed to 6.81%. On the other hand, the research period saw
declining trends in the area covered by meadow and vegetation; they declined from
1490.72 ha to 1197.22 ha (22.65% to 18.2%) and from 1138.7 ha to 774.23 ha (17.3% to
11.77%), respectively. For the classes of urban, agricultural land, barren land, vegetation,
and meadow, the differences in area coverage between the base year (1995) and the final
year (2022) were 1391 ha (468.79%), -1139.32 ha (-35.53%), 406.08 ha (90.64%), -364.48
ha (-32.01%), and -293.5 ha (-19.69%), respectively.

The area extent of wuseta urban land and its change of the respective study years were
greater than that of wutrin watershed. This is condition is similar in all other land cover
classes except agricultural land cover class. In contrast, of urban land and other land cover
classes, the area of agricultural land of wuseta watershed was continuously decrease with
the great difference from agricultural land wuseta watershed. The area change and percent
change of land cover classes of wutrin and wuseta watershed was computed and the result
revealed that the area change of urban land were maximum (156.03ha and 360.18ha
respectively) between the yeas 2015 and 2022 followed by 149.33ha from 2010 to 2015
and 133.81ha from 2000 to 2005. Unlike wutrin watershed that shows the decreasing of
barren land only between 2005 and 2010, in wuseta watershed it shows the decreasing
trend between the years 1995 to 2000 and 2015 to 2022 also. In contrast to wutrin,
Meadowland cover class in wuseta watershed shows the increasing trend not only from
2010 to 2015 but also from 1995 to 2000 and 2015 to 2022.
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The results show that runoff depth for both towns and watersheds has been increasing over
the course of the 27-year timeframe. This increasing trend is present in all spatial scales
and of the years that were chosen for the analysis. In every case, the wuseta watershed's
accumulated daily runoff depth is higher, and the opposite is true for the wutrin watershed.
At the town, wutrin, and wuseta watersheds scale, the runoff depth begins in 1995 at
slightly over 7.3 mm, 7.03 mm, and 7.56 mm, respectively; in the final year, this figure
increases to over 11 mm, 10.55 mm, and 11.55 mm, respectively, indicating a 51%, 50%,
and 53% increase over a 27-year period. Further analysis indicates that the runoff depth of
the town was identified at a nearly equal amount from that of its watersheds across the
entire period. During the study period, the maximum and minimum difference between the
runoff depth of the town and wuseta watershed and town and wutrin watershed was -
0.54mm and -0.17mm and 0.18mm and 0.47mm respectively. In response to land use
changes, the trend of surface runoff showed a continuously increasing trend. The findings
showed that, at all spatial scales, the maximum runoff happened in 2022 and the minimum

value was in 1995.

The runoff coefficient of urban area, agricultural land, barren land, vegetation and meadow
in wuseta watershed were assigned as 0.86, 0.37, 0.47, 0.2 and 0.15 respectively. The
weighted runoff coefficient wuseta and wutrin watersheds were computed and its result
were 0.32, 0.32, 0.36, 0.38, 0.42 and 0.46 and 0.32, 0.33, 0.37, 0.38, 0.4, and 0.44 in the
year 1995, 2000, 2005, 2010, 2015 and 2022 respectively. The time of concentration and
rainfall intensity of wuseta and wutrin watersheds were computed and the result recorded
as 2.8hr and 108.62mm/hr for wuseta watershed and 2.1hr and 145.01mm/hr for wutrin
watershed. Using these computed results, the amount of rainfall that runoff the specified
outlet per unit of time were determined. The resulting runoff flow rate were increased from
399.59m%s to 547.88m%s in wutrin and from 339.51m%s to 487.42m%s in wuseta
watershed. As compared with the runoff flow rate of the two watersheds, the flow rate of

wutrin watershed was greater than that of wuseta watershed.

Pearson correlation coefficient (r) is almost equal to +1 which is a nearly perfect positive
correlation, signifies that both variables move in the same direction. It also signifies that
the two variables being compared have a perfect positive relationship; that means these
two are strongly related. Through the study, it was also found that the infiltration and

runoff are largely correlated.
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5. Conclusions and Recommendations

5.1. Conclusion

The transformation of natural or agricultural ecosystems into urban settings is known as
urbanization, and it represents a widespread and quick change in land use. By utilizing
remote sensing techniques to analyze the phenomena at different times, these changes in
their status can be found. The conversion of undeveloped land to built-up has the potential
to reduce evapotranspiration, interception and time of concentration and enhance runoff
depth and flowrate. Analyzing how this land cover conversion affected the characteristics
of surface runoff was the main goal of this study. Soil Conservation Service Curve Number
method integrated with geospatial technologies was utilized to assess the impact of
urbanization driven land use land cover change on surface runoff. The quality and amount
of water resources are monitored, changes over time and predicted, catchment yields and
responses are understood, water availability is estimated, and changes to the hydrological
cycle are all accounted for by surface runoff modeling.

Land use land cover and soil type maps have been prepared using ENVI software, which
used to determine the CN map of the study area that enables to determine the runoff. GIS,
an efficient tool, was used for the preparation of most of the input data required by the SCS
curve number model and ENVI was used for the classification of land use land cover map.
Types B and type D of soil have been classified within the region, five classes of LULC
were categorized, namely; urban area, agricultural land, barren land, vegetation and
meadow. This study showed an increase in urban areas and barren land. The urban area
expanded from 296.72ha (4.51%) to 1687.72ha (25.65%) over 27 years. There was a
corresponding reduction in agricultural land, vegetation, and meadows. In this study, it was
found that the urban area having a higher curve number contributes higher runoff and the

vegetation with a lower curve number contributes lesser runoff.

The CN values were determined using looking table and range from 72 to 95, and the
weighted CN for the Town, wuseta watershed and wutrin watershed was range from 78 to
84. Daily rainfall data for the years 1995-2022 was used to compute the runoff
characteristics during study years. SCS—-CN method was applied to compute the runoff
depth and flowrate for Debre Markos ungauged watershed having an area of 65.82km?.
Based on the computation result, the maximum depth of daily runoff was recorded as

11.55mm in wuseta watershed, however, the minimum runoff depth of 7.03 mm in wutrin
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watershed. Similarly the runoff coefficient for different LULC were determined as 0.86,
0.37, 0.47, 0.20 and 0.15 for urban area, agricultural land, barren land, vegetation and
meadow respectively from looking table by considering difference in land cover and slope.
The runoff flowrate in 2022 was 487.42m%s for wuseta and 547.88m3/s for wutrin
watershed and flowrate in the year 1995 was 339.51m%/s for wuseta and 399.59m3/s wutrin
watershed. Over a study period of 27 years, it can be seen that runoff increased by 52.8%,
50.7% and 49.9% at wuseta watershed, town and wutrin watershed respectively. Thus, it is
very evident that because of urbanization, the runoff increases at the cost of decreased
infiltration. It can be concluded that the runoff mainly depends upon rainfall, soil texture,
and the type of land cover.

Pearson correlation coefficient (r) is almost equal to +1 which is a nearly perfect positive
correlation, signifies that both variables move in the same direction. It also signifies that
the two variables being compared have a perfect positive relationship; that means these
two are strongly related. Through the study, it was also found that the imperviousness and
runoff are largely correlated. There was a strong relationship between the increase in
impervious surface and the increase in runoff depth and flowrate. It was observed that
LULC changes had influenced surface runoff leading to an increasing trend in surface
runoff depth and flowrates for the study area. The estimated runoff of the area is useful for

managing the urban water and drainage system.

5.2. Recommendations

Based on the population projection of Debre Markos town by the Central Statics Agency of
Ethiopia 2022 report, the population of the town will increase from 49297 to 140700 from
1994 — 2022. This shows how the population of the city increases dynamically from year to
year. If the population of the city continues like this the demand for housing and
conversion of other land use types to urban areas also increase. As the result of this
research showed, there are problems associated with a hydrological process in the town
and this is due to the high rate of urbanization. Even if Such types of urban development
has a great positive impression, social, economic, environmental, and political problems of
uncontrolled rapid horizontal expansion of cities/towns, they may cause a major impact, on
the prevailing runoff and these issues must be addressed in urban planning to promote

effective solutions for maintaining the water cycle and water resources in urban areas.
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The future runoff characteristics were forecasted using the future LULC change scenario
only, in addition to this including the climate change scenario would be better to precisely
estimate the future runoff characteristics. In addition this, the impact of spatiotemporal
land use land cover change on the surface runoff characteristics was computed by taking
into account the daily rainfall data, but the seasonal and annual basis hydrological impact
of urbanization remains unexamined. The township contains numerous wetland areas, and
there is considerable concern about both protecting wetlands and protecting recharge for
local and municipal water supplies. The coming researchers should investigate the
hydrologic-impact assessment on the study area from its result the township will revise the

local zoning regulations.

Instead of new housing development, renewal of older buildings and infill development of
high-rise buildings will be better solution to meet the demands and needs of the increasing
population in the town. In addition, the construction of condominium houses is another
solution. This will reduce the horizontal expansion of the town and the depth and flow rate

of the surface runoff.

The use of high-resolution imageries such as IKONOS and Quick Bird are important in
generating good quality land cover maps. Because urban areas have complex and
heterogeneous features, high-resolution imagery provides better information by mapping
these areas. Moreover, the use of the latest model and methodology for modeling and

prediction helps to get better findings.

Due to the time constraint to measure the rainfall-runoff relationship at the site in this
research, validating the computed amount of runoff depth and its flowrate becomes
unmanageable; so the coming researchers better to validate the computed value of runoff
characteristics with the most precisely measured actual values. In this regard, the

researchers able to check the accuracy of the method that used in the research.

One of the limitations of the present work is considering a single urban built-up LULC
class, which has resulted in very high CN value. Therefore considering different urban land
use classes like residential, commercial, mixed use etc. will increase the precision of the

computed result.
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APPENDICES

Appendix A. 24-houre

precipitation (from Debre Markos station)
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Appendix B.

Confusion Matrix: D:\Thesis_Data_2823'\Data_analysis’\1995\5VM_Classified1995

Overall Accuracy = (1879/1118)

Kappa Coefficient = 8.9618

Class
Unclassified
Vegetation
Meadow
Bare_Land
Farm_Land
Urban
Total

Class

Vegetation
Meadow
Bare lLand
Farm_Land
Urban

Ground Truth (Pixels)
Vegetation_wvalid Meadow_valid Bare_Land_wal Agri_land_val Urban_wvalid

8
132

Prod. Acc.
(Percent)
188 .88
95.53
8b.67

188 .88
96.36

8

8
235
11
8

8
246

User Acc.
(Percent)
99.25%
95.14
89.22
98.51
166.08

897.2072%

@

@
12
91
2

@
185

Prod. Acc.
(Pixels)
1327132
235/246
91/185

462 /462
159/165

a 8

a 1

a 8

a 8
462 5
a 159
462 165
User Acc.
(Pixels)

132/133

235/247

91/182

A62 /469

159/159

i. Confusion matrix of LULC classification for the year 1995

Confusion Matrix: D:\Thesis Data 2823\Data analysis’\2080'\5VM Classified2008

Overall Accuracy = (1872/1118)

Kappa Coefficient = B.9530

Class
Unclassified
Vegetation
Meadow
Bare Land
Agricultural_
Urban
Total

Class

Vegetation
Meadow

Bare Land
Agricultural
Urban

96.5766%

Ground Truth (Pixels)
Vegetation walid Meadow walid Bare lLand val Agri land wval Urban walid

@
131

Prod. Acc.
{Percent)
99.24
91.46
86.67
99.78
99.39

a8
a
225

14

245

User Acc.
(Percent)
99.24
895.74
91.92
96.04
166.68

@

5]

9
91
5

4]
185

Prod. Acc.
(Pixels)
131/132
2257246
91,/185
461,/462
164/165

5 a
B 1
8 8
1 (%]
(%]
B 164
462 165
User Acc.
(Pixels)
1317132
2257235
91,/99
461/488
16d4/164

ii. Confusion matrix of LULC classification for the year 2000
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Confusion Matrix: D:\Thesis Data_2823‘\Data_analysis\28@5\SVM_Classified28@5

Overall Accuracy = (1874/1118)
Kappa Coefficient = @.9554

Class
Unclassified
Vegetation
Meadow
Bare_Land
Farm_Land
Urban
Total

Class

Vegetation
Meadow
Bare_Land
Farm_Land
Urban

Ground Truth (Pixels)
Vegetation_valid Meadow_valid Bare_land_wal Agri_land_val Urban_valid

a
132

Prod. Acc.
(Percent)
186.a8
92.68
85.71

186 .80
98.18

%

B
228
4
14
B
246

User Acc.
(Percent)
10808.80

95 .68
95,74
95,85
10868. 80

96.7568%

8

4
12
98
3

4
185

Prod. Acc.
(Pixels)
1327132
2287246
98,/185

462 /462
162/165

8 8
8 8
8 8
8 8
462 3
8 162
462 165
User Acc.
(Pixels)
1327132
228/248
98,/94
AR2 /482
162/162

iii. Confusion matrix of LULC classification for the year 2005

Confusion Matrix: D:\Thesis Data_ 2823\Data_analysis\2010%\5VM Classified281@

Overall Accuracy = (1078/1118) 96.3964%
Kappa Coefficient = ©.9583

Class
Unclassified
Vegetation
Meadow
Bare_Land
Agricultural
Urban
Total

Class

Vegetation
Meadow
Bare_Land
Agricultural
Urban

Ground Truth (Pixels)
Vegetation valid Meadow valid Bare land val Agri land val Urban_valid

8
132

Prod. Acc.
(Percent)
160.08
94.31
79.85
160.68
97.58

B
2
232

12

246

User Acc.
(Percent)
98.51
95.87
160.6068
94.29
160.00

8

8
1a
83
12
8
185

Prod. Acc.
(Pixels)
1327132
2327246
83/185
4627462
161/165

@ A
g a
@ A
a8 a
462 4
@ 161
Ly 165
User Acc.
(Pixels)
132/134
2327242
83/83
4627498
161/161

iv. Confusion matrix of LULC classification for the year 2010
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Confusion Matrix: D:\Thesis_Data_2823\Data_analysis’ 2015\5VM_Classified2815

Overall Accuracy = (718/786) 98.3308%
Kappa Coefficient = B.8766

Class
Unclassified
Vegetation
Meadow
Bare_Land
Urban
Farm_Land
Total

Class

Vegetation
Meadow
Bare_Land
Urban
Farm_Land

Ground Truth (Pixels)

Vegetation_wvalid Meado

8
186

Prod. Acc.
(Percent)
160.60
808.89
74.29
98.79
160.08

[ I o T o A T A T R v B |

24

User Acc.
(Percent)
160 .00
93._87
67.83
93.68
91.62

W valid Bare

_Land_wal Urban_wvalid

]

8
13
78
5

9
1a5

Prod. Acc.
(Pixels)
166/106
199/246
78/1@5
163/165
164/164

Agri walid
@ a8
@ 8
@ 8
1 a
163 8
1 164
165 164
User Acc.
(Pixels)
186/166
199/212
78/115
163/174
164/179

v. Confusion matrix of LULC classification for the year 2015

Confusion Matrix: D:\Thesis_Data_2823'Data_analysis\2822)\5VM_(Class2822

Overall Accuracy = (775/858)

Kappa Coefficient = 8.8861

Class
Unclassified
Vegetation
Meadow
Bare_Land
Built up
Farm_Land
Total

Class

Vegetation
Meadow
Bare Land
Built up
Farm_Land

91.1765%

Ground Truth (Pixels)

B8
1@3

Prod. Acc.
{Percent)
97.17
84.96
66.67
1ee.ee
186.08

(%

(%
289
31
1

5
246

User Acc.
{Percent)
99.84
84.96
69.31
99._48
97.85

8

1
34
78
8

8
185

Prod. Acc.
(Pixels)
183/1e6
2089/246
7e/1es
165/165
228/228

Vegetation_walid Meadow_wvalid Bare_land_wval Urban_valid Agri wvalid

LIV R I o R o v
20O @ @]

165 228

User Acc.
{Pixels)
183/1e4
289/246
7e/1e1
165/166
228/233

vi. Confusion matrix of LULC classification for the year 2022



