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ABSTRCT

Actual evapotranspiration (AET) is the process through which water is transported from land
surfaces to the atmosphere through evaporation from water bodies and soil, and transpiration
from vegetation. This study analyzes the spatial and temporal patterns of AET in the Grand Ethi-
opian Renaissance Dam (GERD) region from 2001 to 2023, with a focus on climate variability
and land use/land cover (LULC) changes. Agquantitative methods explanatory research design
was adopted, AET was simulated using the Surface Energy Balance Algorithm for Land (SE-
BAL), executed on Landsat and MODIS imagery within Google Earth Engine (GEE). To analyze
rainfall variability, CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data)
was used to provide high-resolution precipitation estimates, offering a more detailed under-
standing of temporal and spatial rainfall patterns. LULC change was measured through a Ran-
dom Forest classifier to identify changes in forest cover, agricultural land, water bodies, and
built-up land use. Random Forest regression analysis was utilized to explore the relationship
between AET and climatic drivers, such as rainfall and land surface temperature (LST). An
overall increase in AET post-GERD reservoir impoundment was recorded, from 5.4 mm/day in
2020 to 6 mm/day in 2023, driven by rising rainfall (R?2 = 0.93) and falling LST (R2 = 0.87). The
Mann-Kendall trend test showed no notable change in annual rainfall (Kendall's tau = 0.047, p
= 0.77), but a weak negative trend in LST (Kendall's tau = 0.27, p = 0.073). The LULC analysis
revealed deforestation and decline cropland, along with the expansion of water bodies and built-
up areas, due to the GERD construction and water filling. The Random Forest model was result-
ing showed rainfall was highly explained with value (R? = 0.93, MAE = 0.32), confirming a
strong correlation between AET and climatic variables. The findings underscore the vital role of
the GERD in managing local hydrological cycles and climate, necessitating adaptive manage-
ment strategies and continuous monitoring It is recommended to implement interventions such as
utilizing innovative technologies to reduce evaporation, promoting sustainable land and water
management practices, enhancing climate monitoring, supporting reforestation efforts, and en-
gaging local communities. Effective management of natural resources is crucial for achieving
long-term ecological resilience in the region.

. Keywords: Grand Ethiopian Renaissance Dam (GERD), Evapotranspiration, Climate variabil-
ity LULC, Google earth engine.
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CHAPTER ONE
1. INTRODUCTION
1.1. Background of the Study

Water is a valuable and finite resource permanently linked with life on Earth, climate balance,
and sustenance of both ecosystem and human communities (Mishra, 2023). The hydrologic cy-
cle, being a system of interconnected processes that entails precipitation, infiltration, evapora-
tion, transpiration, and runoff, is accountable for maintaining the balance of our world's systems
(Pagano & Sorooshian,2002). Especially, evapotranspiration (ET) the process of water evapora-
tion from water bodies & land and plants' transpiration is an integral part of the hydrological cy-
cle as it defines the supply of water in ecosystems, fields, and cities (Pagano & Sorooshian,
2002).ET is regulated by different climatic factors including temperature, humidity, solar radia-
tion, wind speed, and land use & land cover (LULC) changes also significantly influence its rates
(Lietal.,2017).

With rising global populations and climate patterns becoming ever more unstable, the demand
for effective water resource management has accelerated (Sivakumar, 2011). In fact, the United
Nations reports that by 2025, close to 1.8 billion people will live in regions of absolute water
scarcity, and two-thirds of the world's population will be experiencing water stress (Vanham et
al., 2018). These projections underscore the need for innovative and effective water management
solutions especially in vulnerable regions such as Africa, where the impacts of global warming

are experienced most sharply.

The distribution and availability of freshwater resources in Africa are largely dictated by diverse
and in some cases extreme climatic conditions that range from arid deserts to tropical areas of
high vegetation (Urama & Ozor, 2010). Climate variability like rising temperatures and erratic
precipitation patterns therefore has a great impact on water resources, exacerbating both droughts
and floods (Niang et al., 2014). Additionally, Sub-Saharan Africa contains some of Africa's most
water-stressed countries. It becomes even riskier because the majority of African nations such as
Ethiopia rely heavily on rain-fed agriculture, thereby making food security even more vulnerable

to climatic variability (Mastrorillo et al., 2016).



These factors are especially relevant to nations like Ethiopia, where climate change as well as
land use changes make water management increasingly challenging and heighten water resource
tensions (Gelete, 2020). At the center of the Nile Basin lies Ethiopia, with especially urgent is-
sues of shifting rainfall patterns and temperature rises. Both of these endanger agricultural
productivity and complicate water resource management (Thornton & Herrero, 2010). In addi-
tion, Ethiopia’s rapidly growing population has brought about dramatic land use and land cover
changes further stressing an already limited water re-source supply (Thornton & Herrero, 2010).
Such coupled stresses of climate change and land-use changes contribute to increasingly com-
plex water availability issues. Therefore, innovative solutions and detailed analyses are necessary
in order to make development sustainable (Gelete, 2020). Further, mega infrastructure develop-
ments like the Grand Ethiopian Renaissance Dam (GERD) usher in drastic alteration of the local
hydrology, thereby changing ET patterns and the general availability of water (World Bank,
2020). Creation of large water bodies that are dam reservoirs has the potential to increase evapo-
ration losses, decrease water storage capacity, and damage downstream assets, further worsening

water management in the area (Wang et al., 2018).

For a better understanding of these processes, evapotranspiration is expressed in two simple
ways: potential evapotranspiration (PET) and actual evapotranspiration (AET). PET is the poten-
tial maximum under ideal conditions for evaporation as a function of atmospheric conditions like
temperature, humidity, and solar radiation (Juarez et al., 2022). On the other hand, AET repre-
sents the actual water loss under current conditions, that affected by soil moisture availability
and vegetation cover (Lawrence et al., 2007). Understanding the interplay between these factors
is essential for effective water resource management as it directly influences soil moisture levels,
crop water demand, and the sustainability of freshwater resources within river basins (Schlosser
et al., 2014). Changes in temperature, precipitation patterns, wind speed, and humidity as well as
shifts in land cover can significantly impact ET rates and therefore local water availability (Zep-
pel et al., 2014). In Ethiopia, where land use changes, population increase, and climate change
are escalating pressures on already scarce water resources, the significance of these factors is es-
pecially clear (Gelete, 2020). Climate change is also expected to strongly influence the water
supply by enhancing excessive water loss by evapotranspiration in the Gilgel Gibe basin (Ale-
mayehu et al., 2023), Tekeze basin (Gebremeskel & Kebede, 2018), and upper Blue Nile basin
(Haile et al., 2017). Additionally, the GERD which leds to significant land cover changes in the
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Benishangul Gumuz region further complicates water management and evapotranspiration dy-
namics (World Bank, 2020). Therefore, understanding how these factors interact to influence ET
rates is crucial for sustainable water resource management. Therefore, this study aims to as-
sessing evapotranspiration in the vicinity of the GERD by integrating the effects of both land
cover changes and climatic variability. By utilizing satellite imagery and local meteorological

data, this study seeks to explain how these factors influence ET rates and water availability.

1.2 Statement of the Problem

One of the increasingly global issues, water shortage impacts over 2 billion individuals and is a
result of the advanced interrelationship between population increase, climatic uncertainty, and
ineffective policies for water resource management (UN Water, 2021). One of the greatest issues
the world is fighting in the twenty-first century is water scarcity that has impacted millions of
people’s daily lives (Rosegrant, 1997). It has been estimated that nearly 40% of the global popu-
lation are facing some form of water scarcity. Population increases, mismanagement of water,
and climate change (Lal et al., 2010) are the primary causes of water scarcity in Asia and the
Middle East. Numerous studies have documented a sudden fall in the semi-arid regions of Asia
and the Middle East groundwater level primarily as a result of over drawal of water for agricul-
ture (Priyan, 2021).

Climate fluctuation highly disturbs the hydrologic cycle, typified by unpredictable patterns of
rain and rising temperatures. This deeply affects evapotranspiration (ET) processes, which are
responsible for sustaining water systems at local levels (Allan et al., 2020). The impact is rather
devastating in the majority of African nations, where approximately 300 million individuals lack
guaranteed access to clean drinking water (Okesanya et al., 2024). This crisis is further exacer-
bated by in-creasing water demand caused by rapid urbanization and agricultural expansion, both
of which are also influenced by land cover and land use changes (Mastrorillo et al., 2016). For
instance, deforestation and natural landscape conversion to agricultural or urban land reduces the
coverage of vegetation capable of transpiring, which is a critical component of ET (Teuling et
al., 2019). As vegetation cover diminishes, soil moisture content levels decrease, and the result-
ing higher evaporation rates subsequently decrease freshwater resource levels (Carpente et al.,
1992).



In Ethiopia, where around 65% of its population rely on agriculture for their livelihood, it places
them in a vulnerable situation (Moreda, 2023). The country is highly vulnerable to the impacts of
climate variability, including persistent droughts and out-of-season rainfall, further affecting
farm production and food security (Berhane, 2018). LULC dynamics, driven by population pres-
sures and economic development activities, cause reduced transpiration rates and increased
evaporation, which result in negative feedback mechanisms aggravating water scarcity (Hirsch &
Johnson, 2020). The impact of altered ET dynamics is tremendous, not only in agricultural pro-

duction but also in ecosystems and in community resilience that relies on such natural resources.

The assessment of evapotranspiration (ET) dynamics in the Grand Ethiopian Renaissance Dam
(GERD) and its surrounding areas is a complex and critical problem that directly affects water
resource management in the Blue Nile basin. ET, which combines evaporation from the reservoir
surface and transpiration from surrounding vegetation, represents a major pathway of water loss,

yet its quantification remains uncertain due to several interrelated factors.

Climate variability plays a significant role in influencing ET rates. The GERD region experienc-
es highly variable rainfall patterns, temperatures, and potential evapotranspiration (PET) rates,
which fluctuate seasonally and spatially due to the basin’s complex topography and climate sys-
tems. Studies show that rainfall in the Upper Blue Nile basin ranges from 1000 mm to 2200 mm
annually, with potential evapotranspiration varying between 1000 and 1800 mm per year (HESS,
2023). Climate change projections suggest an increase in ET rates by approximately 8.3%, driv-
en by rising temperatures and altered precipitation regimes, which could intensify water losses
through ET (MDPI, 2022). This variability complicates the ability to accurately model and pre-

dict ET, especially under changing climatic conditions.

Land use and land cover (LULC) changes in the GERD vicinity further influence ET dynamics.
The Ethiopian Highlands surrounding the dam have undergone significant transformations due to
agricultural expansion, deforestation, and urbanization. These changes alter vegetation types,
density, and health, which in turn affect transpiration rates. Vegetation acts as a natural regulator
of water fluxes, and shifts in LULC modify the balance between evaporation and transpiration,
impacting the overall ET budget. However, current hydrological models and remote sensing ap-



proaches often lack detailed integration of LULC dynamics, limiting their capacity to capture
these effects accurately (HESS, 2023).

Furthermore, the study by Stonestrom et al. (2009) addressed the impacts of land use and land
cover changes on water resources, as concurrent trends have been achieved in the context of wa-
ter reservoirs, particularly delineated by Mostafa et al. (2016) within the Aswan Dam area.
Badawy (2009) studied the impacts of climate change on Aswan High Dam Reservoir evapora-
tion losses and concluded that temperature and humidity rise are to be anticipated, while declin-
ing wind speed would have negligible effects on evaporation rates. Analysis has further been
made of climate variability interactions with land use changes and their subsequent effects on the
hydrologic cycle, particularly in semi-arid and arid regions experiencing severe water scarcity
conditions, as in the case study by Bao (2019) in the Middle Yellow River Basin in China. Sim-
ultaneously, Zhang et al. (2020) noted the significance of land use change effects on hydrological
processes as well as the need to formulate integrated water resource. Liu et al. (2015) discussed
the consequences of ET for water resource management in different climatic zones, whereas
basic research, such that of Allen et al. (1998b), has offered sophisticated methodologies to esti-
mate ET. While Vicente-Serrano et al. (2014) investigated spatiotemporal changes in ET using
MODIS data to provide information on water usage efficiency, Dai et al. (2018) highlighted the
significance of climate change as a primary cause producing ET variability, particularly across

semi-arid regions.

Despite this wealth of information, many studies focus on land use change or climatic impacts
alone at the expense of the other factors, and even less often examine the synergistic interactions
among all these variables and their combined impact on ET processes. These are especially im-
portant given the large-scale land cover changes triggered by the GERD construction. Previous
research has highlighted various dimensions of land cover, land use, and evaporation trends, of-
ten overlooking an integrated consideration of interlinkages between these changes and their in-
fluences on ET This omission limits understanding of complex interlinkages between climate

variability, land use change, and ET in the GERD basin. Therefore, there is a strong need for an
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integrated approach that combines quantitative and qualitative analysis to enhance comprehen-
sion of the linkage among land use patterns, climate variability, and ET processes. To address
these gaps, the present study aims to assess the dynamics of evapotranspiration with the aim of
enhancing water resource management in the Benishangul Gumuz region that includes the
GERD.

1.3. Objectives

1.3.1 General objective

The general objective the study was to assess the evapotranspiration dynamics for improved wa-
ter resource management in the Benishangul-Gumuz region, Ethiopia focusing on GERD and its

vicinity.

1.3.2 Specific objectives

The specific objectives of the study were

+ To assess the spatiotemporal variations of evapotranspiration in the GERD and its vicini-
ty for the period of 2001 to 2023

+ To assess the climate variability in the GERD and its vicinity from the period of 2001 to
2023

+ To investigate land cover change dynamics in the study area from the period of
2001,2012 and 2023

+ To analyze the relationship LULC changes, climate variability and with evapotranspira-

tion dynamics from the period of 2001 to 2023

1.4. Research Questions

1. How can the spatial and temporal variations of evapotranspiration be accurately assessed
in the GERD and its vicinity?

2. What is the extent and nature of climate change or variability in the GERD and its vicini-
ty?

3. What are dynamics of land cover changes in the GERD and its vicinity?



4. How does land use/land cover changes and climate variability influence on the dynamics

of evapotranspiration in around the GERD and its vicinity?

1.5 Scope of the Study

This study investigated into understanding how water loss through evaporation and plant transpi-
ration changes over time in the Benishangul Gumuz region of Ethiopia, specifically around the
Grand Ethiopian Renaissance Dam (GERD) and its neighboring areas. The primary aim was to
assess that could help improve the management of water resources in this region, with a special

focus on providing insights and recommendations tailored to the GERD project.

1.6. Significance of the Study

By exploring evapotranspiration patterns, the study provides essential input for future research
and offers a foundation for those interested in understanding land-water vegetation interactions.
The results can support better environmental planning, contribute to sustainable land use, and

help protect natural resources.

1.7. Organization of the Thesis

This research document is structured into five comprehensive chapters. Chapter one provides a
brief introduction to the study, statement of the problem, research objectives, discussing the sig-
nificance of the study, limitation of the study and scope of the study. Chapter two review of rele-
vant scholarly works, situating this research within the broader academic discourse. Chapter
three details the study area and delineates the methodology and materials used in the research.
Chapter four encompasses the results, with a thorough discussion, and Chapter five provides the

conclusion, and recommendations.



CHAPTER TWO
2. LITERATURE REVIEW

2.1. Concepts of Evapotranspiration

Evapotranspiration classified evapotranspiration as the overall term for all the processes by
which water is changed from liquid or solid to a gaseous state (Pereira et al., 1999). The term,
therefore, includes evaporation from open water, transpiration from vegetation leaves, sublima-
tion from ice and snow, and bare soil (Dingman, 2002; Bahadur Roy, 2002). This phase shift is
mainly caused by the availability of solar energy on the transpiring and evaporating surfaces.
Because they occur simultaneously in influencing the environment, these two processes are vir-

tually impossible to define separately.

Moreover, it is the quantity of water lost through transpiration and evaporation from vegetation
and land surface and hence it is a key parameter in irrigation and agricultural systems (Hammer,
2020). In order for irrigation techniques and water control to be practical, evapotranspiration
must be estimated carefully (Wanniarachchi & Sarukkalige, 2022). Evapotranspiration is influ-
enced by several factors, including air temperature, speed of the wind, daylight hours, soil mois-
ture content, and air humidity. It then follows that sensors to track these conditions must form
part of any automated irrigation system in order to provide efficient irrigation. One of the main
concepts in hydrology is evapotranspiration, which is the process through which water moves
from the Earth's surface to the atmosphere through evaporation and plant transpiration. Evapo-
transpiration plays a significant role in balancing the water supplies in an ecosystem, consequent-
ly affecting the availability and distribution of water supplies (Chu et.al, 2017).
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2.2. Evapotranspiration in Africa

African continent has profound location differences driven by variability in vegetation, climate,
and land use, all of which are a product of the hydrological processes of the continent. ET values
can fall to ranges of 200-600 mm per year in desert areas, including the Sahara Desert and the
Sahel, primarily as a result of high temperatures, high solar radiation, and sparse vegetation cov-
er that restricts transpiration (Zhao et al., 2018). Conversely, dense tropical rainforests in Central
Africa, like the Congo Basin, possess the highest ET rates on the continent, typically in excess of

1500 mm a year, since such systems take advantage of high precipitation and well-vegetated



conditions that maximize transpiration (Saatchi et al., 2011). Traveling to the West and East Af-
rican savannas, ET levels increase significantly, from 600 to 800 mm annually, because of sea-
sonal rains that maintain high agricultural productivity and heterogenous vegetative cover
(Awotwi et al., 2020). Conversely, Southern Africa is not uniform; while some of the semi-arid
zones have ET values below 500 mm, temperate zones have the potential to reach up to nearly
1200 mm, thus impacting water availability as well as agriculture within the region (Thomas et
al., 2011). These local ET differences are critical to inform water resource management, crop
practice, and adaptation response to climate change, particularly since changing weather patterns

will exacerbate existing vulnerabilities (Fischer et al., 2012; Hoffman et al., 2018).

2.3. Evapotranspiration in Ethiopia

In Ethiopia is characterized by great regional variation, which is decided by the country's diverse
topography, climatic regions, and land use, all of which play important roles in hydrological pro-
cesses. In the highland areas, such as the Ethiopian Highlands, ET rates can range from approxi-
mately 800 to 1200 mm per annum with benefit of cooler temperatures and adequate rain that
favor rich vegetation, hence being very important for agriculture and water resources (Mekonnen
& Hoekstra, 2016; Awulachew et al., 2010). Conversely, in the arid and semi-arid low-land con-
ditions, such as sections of the Afar and Somali territories, rates of ET could drop to between
300 and 600 mm per year, primarily due to high temperatures, low precipitation, and infrequent

vegetation that restricts transpiration (Hurni et al., 2010).

The southern and central regions, which enjoy a mix of agropastoral systems and grasslands,
possess an average ET rate of between approximately 600 and 900 mm per year that relies signif-
icantly on the rainy season climatic patterns that predominate the Ethiopian climate (Zhang et al.,
2018). The complexity of ET dynamics in Ethiopia is also compounded by the variable land use
activities, including deforestation, agricultural expansion, and irrigation, which can have the po-
tential to alter local microclimates and water supply (Beyene et al., 2018). Knowledge of these
ET regional differences is crucial in designing water resource management, enhancing agricul-
tural productivity, and combating climate change impacts, especially considering that Ethiopia is
confronted with challenges such as increasing variability in the pattern of rainfall and water scar-
city (Mastrorillo et al., 2016; Deressa et al., 2009).
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2.4. The Relationship between Water Resources and Evapotranspiration

Evapotranspiration is one of the many processes in the hydrologic cycle that have the potential to
impact the available water resources being released. Common restraints on evapotranspiration
include existing open water availability and characteristics of soil and vegetation cover (Abate &
Melesse, 2013). It is a basic part of the water cycle and of sustainable water resource manage-
ment. (Gordon et al., 2005) It is the process by which water is evaporated from the Earth's sur-
face and lost by transpiration by plants (Zeng et al., 2018). Accurate estimation of evapotranspi-
ration is essential for effective water management practices, particularly for agriculture (Jung et
al., 2010). Accurate estimation of evapotranspiration enables improved understanding of crop
water needs, and it is vital in determining irrigation schedules and optimizing application of wa-
ter. Additionally, understanding of the component’s evapotranspiration can enable analysis
whether irrigation practices can be improved and available water supplies can be used more ef-
fectively (Passioura & Angus, 2010). Also, differences in evapotranspiration rates arise from dif-
ferences in water supply and atmospheric evaporative demand (Donohue et al., 2010). The dif-
ferences bear enormous significance in terms of water availability and contribute to the overall

water balance in a region.

While water is being evaporated from the surfaces of rivers, lakes, and soil, it is being carried
into the atmosphere (Mendicino & Senatore, 2012). This leads to atmospheric moisture accumu-
lation and the formation of water vapor (Sherwood et.al., 2010). Water vapor is an essential
component for cloud and precipitation formation. As evapotranspiration returns a substantial
amount of precipitation back to the atmosphere, it is the origin of future precipitation. Therefore,
any fluctuation or alteration in the availability and distribution of surface water will directly af-
fect evapotranspiration rates and thereby the overall water resources of an area. For example,
when surface water is diminished, either due to drought or overuse, it will de-crease the amount
of water available for evapotranspiration. This can lead to lower levels of atmospheric moisture,

which affects cloud and precipitation development.
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2.5. The Relationship between Anthropogenic Activity and Evapotranspira-

tion

Evapotranspiration plays a vital role in the Earth's water cycle, with drastic consequences for
climate and water resources (Lambin et al., 2003; Coe et al., 2009). To affect human activity on
evapotranspiration, several steps can be taken. Sustainable land management can slow down the
negative impacts of human actions on evapotranspiration. This can include activities such as af-
forestation, reforestation and conservation of natural vegetation, and these can enhance evapo-
transpiration rates and encourage healthy Implement water management practices: Proper water
management could have a significant role in shaping anthropogenic impact on evapotranspira-
tion(Morid & Bavani, 2008;Liu & Gao, 2018).This can include strategies such as optimizing ir-
rigation to reduce excessive water consumption, implementing water-saving technologies, and
promoting efficient use of water in agriculture, industry, and urban sectors. By adopting these
measures, we can help mitigate the negative impacts of human activities on evapotranspiration

and promote a more sustainable and balanced water cycle.

It is an important part of the hydrological cycle, and its accurate estimation is crucial for hydro-
logical studies. Evapotranspiration rates can be significantly impacted by human activity, such as
land use change and dam construction. These activities can alter the availability and distribution
of water and thus affect the timing and amount of evapotranspiration in an area. For example, the
construction of dams can lead to increased evapotranspiration due to the big water surface areas
formed. Similarly, changes in land use patterns can lead to clearance of vegetation or planting of
new crops, which alter the evapotranspiration rates (Ekka et al., 2020). This can affect local cli-
matic conditions as well as the general availability of water. Moreover, anthropogenic processes
that modify the hydrological characteristics of river landscapes, such as inter-basin water transfer
and stream channelization, also influence evapotranspiration. These changes can potentially dis-
rupt the natural flow of water and modify the distribution of moisture within a region, leading to
changes in the rates of evapotranspiration (Ekka et al., 2004)
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2 .6. The Effect of Climate Change on Evapotranspiration

One of the severe global issues that need to be addressed right away is climate change. One way
of slowing down the effect of climate change is through increasing evapotranspiration. Evapo-
transpiration is the transportation of water from Earth's surface to the atmosphere via plant tran-
spiration and soil evaporation (Novak, 2012). There are different ways through which the func-

tion of evapotranspiration in climate change can be controlled:

1. Implementation of water conservation measures: it has the potential to lower the volume of
water lost as a result of evapotranspiration and help it be used more effectively for plant devel-
opment and ecological processes by preventing wastage of water and implementing proper irri-

gation systems into operation (Liu et al., 2019).

2. Promoting afforestation and reforestation; Trees have a significant function in the regulation
of evapotranspiration. They send the water drawn by them from the ground to the atmosphere
through transpiration. By increasing wooded cover through afforestation and reforestation activi-
ties, we can promote evapotranspiration rates and decrease the amount of water available for ap-

plications other than evapotranspiration, i.e., agricultural use or human use (Zou et al., 2019).

3. Use of climate-smart water technologies in agriculture: Those practices like re-source conser-
vation farming, micro-irrigation, and water harvesting have the potential to enhance agricultural

water efficiency and lower evapotranspiration rates (Kang et al., 2021)

2.7. Factor Affecting Evapotranspiration

In the hydrological cycle that affects the availability and distribution of water resources is evap-

otranspiration (Singh et al., 2021). The following variables influence evapotranspiration:

2.7.1. The impact of temperature on evapotranspiration

Temperature plays a major role in evapotranspiration, a key component of the horo-logical cycle
that helps to transport water from the land surface to the atmosphere. (Rahayuningsih et al.,
2019) This intricate process, where both the evaporation from surfaces like soil, water bodies,
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and vegetation and the transpiration from plant cells is greatly influenced by a change in thermal
energy. As temperature increases, the intensity of the kinetic energy of water molecules is also
intensified, thereby increasing their process of evaporation from liquid to gas (Rahayuningsih et
al., 2019).

2.7.2. The impact rainfall on evapotranspiration

It impacts considerably on evapotranspiration (ET) control, which includes water body evapora-
tion and plant transpiration and soil evaporation. Soils' water content directly relates to rainfall-
supplied water, which determines the rate at which plants can transpire and the extent of evapo-
ration from the soil surface (Daly & Porporato, 2005). After a rain event, soil moisture tends to
increase, providing plants with the water needed for transpiration. Thus, evapotranspiration rates
rise, especially in areas of high vegetation or agricultural plantings (Wang et al., 2012). Plant wa-
ter availability rises as well, not only improving higher transpiration but assisting in the growth
of the plant to form an increase in leaf area, enhancing transpiration capacity (Ozdogan et al.,
2006). Moreover, enhanced soil moisture increases evaporation from the soil, contributing to the

overall rise in evapotranspiration following rain (Brutsaert, 2005).

However, rainfall evapotranspiration relationship is not always linear, Prolonged rainfall may
saturate the soil, reducing oxygen content in the root zone, and thereby negatively impact plant
performance and limit transpiration despite sufficient water (Tardieu et al., 2015). In such a situ-
ation, evaporation is generally the predominant way of soil water loss from the soil surface
(Baldocchi, 2008). In addition, the intensity, frequency, and timing of rain showers are major
factors that regulate evapotranspiration processes. Intensive, infrequent rain events can cause
rapid evaporation, while frequent, light rain showers can yield a regular water input that can sup-
port higher transpiration in the long run (Trenberth, 2011). Rain's impact on evapotranspiration
also heavily depends on local vegetation and climate. In arid and semi-arid areas, quite low
amounts of rainfall may enhance evapotranspiration strongly, but in temperate regions, the effect
might be less severe (Dai et al., 2013). In addition, the interception from the canopy in forest ar-
eas may create a more complicated relationship in a way that some of the rainfall evaporates di-
rectly off the canopy surface before reaching the ground (Herbst et al., 2008). In brief, rainfall is

a dominant driver of evapotranspiration, influencing the levels of soil moisture and plant rates of
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transpiration, the effects of which vary with the different climates, vegetation, and soils. An un-
derstanding of the relationship is essential in the correct modeling and management of the water

cycle, particularly in agriculture and water resource planning (Jackson et al., 2000).

2.7.3. The impact of land use land cover on evapotranspiration

Importantly influence evapotranspiration (ET), a critical component of the hydrological cycle
and a determinant of local climate conditions. Different vegetation types display varying ET
rates due to differences in leaf area index (LAI), rooting depth, and physiological traits. For in-
stance, forests generally have higher ET rates compared to grasslands or agricultural areas be-
cause of their greater leaf area and ability to extract moisture from deeper soil layers (Zhang et
al., 2016; Weng et al., 2019).

Additional, urban areas characterized by impervious surfaces and reduced vegetation typically
exhibit much lower ET rates, which can lead to increased surface runoff and decreased ground-
water recharge (Zhou et al., 2018). This alteration in local hydrology may heighten the likelihood
of flooding, while urban heat islands can further influence ET dynamics through increased tem-
peratures. Agricultural practices also play a role; land cover conversion from natural ecosystems
to agricultural fields can either increase or decrease ET depending on the types of crops cultivat-
ed and management practices employed (Irmak et al., 2011). Additionally, the impact of LULC
on ET is not static and can vary by season, as changes in land cover can modify soil moisture
availability throughout the year (Mu et al., 2013). Overall, understanding the complex relation-
ships between LULC and ET is essential for effective water resource management, climate
change adaptation, and sustainable land use planning (Shah et al., 2021).

2.8. Purpose of Land Use Land Cover Information

According to Basudeb (2011) Land use application involves both baseline mapping and subse-
guent monitoring, since timely information is required to have knowledge on the state of use of
current quantity of land and to identify the land use changes time to time. This knowledge helps
to developing strategies to balance conservation, conflicting uses, and developmental pressure.

Knowledge of land use and land cover is important for many monitoring and evaluate.

The most dangerous shift in land use was found to be the development of agricultural land at the

expense of grassland and shrub lands, which resulted in the greatest change in soil erosion inten-
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sity. Change detection is valuable in many applications related to land use and land cover
(LULC) changes detection including cultivation, urban expansion and landscape changes (Tewa-
be & Fentahun, 2020). Change detection has emerged as a significant process in managing and
monitoring natural resources and urban development mainly due to provision of quantitative
analysis of the spatial distribution of the population of interest. There are a lot of available
Techniques that serve purpose of detecting and recording differences and might also be attribut-
able to change (Hassan et al., 2016). Remote sensing and GIS offer a powerful tool for LULC
changes analysis; however, studies of LULC changes based solely on remote sensing and GIS

may not be relevant or dependable for Specific environmental application at local level.

2.9. Land Use Land Cover Mapping

Land cover maps are presently being developed from local to national to global scales. The use
of panchromatic, medium-scale aerial photographs to map land use has been an accepted practice
since the 1940s. More recently, small-scale aerial photographs and satellite images have been
utilized for land use/land cover mapping (Yeshaneh et al.,2013). Land cover Mapping serves as a
basic inventory of land resources for all levels of government environmental agencies, and pri-
vate industry throughout the world Remote sensing techniques are the most practical and cost
efficiently system for obtaining a timely regional overview of land cover. Different Land cover
classes are typically mapped from digital remotely sensed data through the processes of image
classification of development, planning and management activities concerning the surface of the
earth (Basudeb. 2004).

2.10. Geographic Information System for Evapotranspiration

A GIS is computer-based tool used to capture, store, query, manage, visualize, question, analyze,
and interpret both the locations and attributes of spatial features (geospatial data) to understand
relationships, patterns, and trends. GIS technology integrates common database operations such
as query and statistical analysis with the unique visualization and geographic analysis benefits
offered by maps. These abilities distinguish GIS from other information systems and make it
valuable to a wide range of public and private enterprises for explaining events, predicting out-
comes, and planning strategies. The role of GIS technology is employed to assist decision-

makers by indicating various alternatives in development and conservation planning and by
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modeling the potential outcomes of a series of scenarios. Data are collected about the real world
and after those data are analyzed, information is compiled for decision-makers. Based on this
information, actions are taken and plans implemented in the real world (Daniel et al, 2002). Map
making and geographic analysis are not new, but a GIS performs these tasks faster and with

more sophistication than manually.

Remote sensing plays a crucial role in estimating and monitoring evapotranspiration (ET) by
providing valuable data that can enhance our understanding of hydrological processes over large
and often inaccessible areas. The application of remote sensing technology allows researchers
and policymakers to obtain spatially and temporally continuous information on land surface tem-
perature, vegetation indices, and soil moisture, which are essential for ET estimation (Anderson
et al., 2012). Several remote sensing-based methods, including the Surface Energy Balance Al-
gorithm for Land (SEBAL) and the Moderate Resolution Imaging Spectroradiometer (MODIS)
ET product, have been developed to estimate ET across various landscapes. These methods uti-
lize satellite imagery to calculate energy balance components and derive ET from the energy

available for evaporation and plant transpiration (Bastiaanssen et al., 1998; Mu et al., 2011).

2.11. The Role of Remote Sensing for Evapotranspiration

It is especially advantageous in areas where ground-based measurements are sparse or difficult to
obtain, such as in Ethiopia’s diverse and rugged terrain. It facilitates the monitoring of changes
in ET over time, allowing for better assessments of water availability, and agricultural productiv-
ity (Gao et al., 2019; Sinha et al., 2019). Integrating remote sensing data with geographic infor-
mation systems (GIS) and hydrological models significantly improves the accuracy of ET com-
putation and water resource management (Franchini et al., 2018). As climate change continues to
impact hydrological cycles, the role of remote sensing in ensuring sustainable water resource
management is increasingly becoming vital, particularly in developing countries like Ethiopia,

where agricultural productivity is heavily dependent on water resources (Mastrorillo et al., 2016)

2.12. Estimating Evapotranspiration
Estimating evapotranspiration, the process of water loss from the earth's surface due to evapora-

tion and plant transpiration is crucial for various applications such as agricultural water man-

17



agement, hydrological modeling, and climate studies (Irmak & Kukal, 2022) Several models are
commonly used to estimate evapotranspiration. These models include the Penman-Monteith
equation, the Blaney-Criddle method, the Priestley-Taylor equation, and the Hargreaves equa-
tion, among others (Yeh, 2017). These models take into account various climatic variables such
as temperature, humidity, wind speed, solar radiation, and vegetation characteristics to estimate
evapotranspiration rates accurately. Additionally, advanced numerical models, such as the Soil
Water Atmosphere Plant model or the Surface Energy Balance System for Land, incorporate
more complex processes and factors to provide more detailed estimations of evapotranspiration.
Some other sources that can be used for further information on evapotranspiration models in-
clude: - The Food and Agriculture Organization of the United Nations, which provides guide-
lines and methodologies for estimating evapotranspiration using different models. The American
Society of Civil Engineers, which offers resources and publications related to evapotranspiration

modeling.

Estimating evapotranspiration (ET) using remote sensing techniques is a topic of extensive re-
search, and various classification methods have been proposed. Here, we discuss some important
aspects of different classifications of ET estimation methods. The choice of remote sensing data
sources is crucial. Different satellites, such as MODIS, Landsat, and Sentinel, provide data at
various spatial and temporal resolutions, and the selection depends on the specific research or
application needs (Zhang et al., 2018). Evapotranspiration, or ET, is an essential hydrological
cycle activity that is also important for land climate monitoring and agricultural practice optimi-
zation. For effective water resource management, irrigation scheduling, and comprehension of
the energy-water-food nexus, accurate ET estimate is crucial (Ahmad et al., 2017; Hamad Bin
Khalifa University, 2021). Numerous techniques, such as radiation- and temperature-based
methods, have been devised to measure ET.

2.12.1. Surface Energy Balance Algorithm for Land

It is developed by Bastiaanssen et al. (1998), has emerged as a prominent remote sensing method
for accurately estimating ET by utilizing satellite data to analyze surface energy components.
SEBAL operates on the concept that the available energy at the land surface can be partitioned

into different components, specifically sensible heat, latent heat, and ground heat flux. Gao et al.
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(2019) emphasize SEBAL’s capability to provide spatially distributed ET estimates, allowing
researchers and practitioners to understand the complexities of water use in diverse agricultural

landscapes.

One of SEBAL essential applications is in agricultural water management, where it aids in as-
sessing crop water consumption and optimizing irrigation practices. Allen et al. (2020) illustrate
how SEBAL can support precise irrigation scheduling by comparing the water use patterns
across various crops, effectively identifying areas requiring supplemental irrigation. Additional-
ly, SEBAL's ability to monitor changes in ET over time positions it as an effective tool for
drought assessment. According to Zhang et al. (2020), SEBAL can capture variations in ET
linked to drought conditions, thereby providing essential data for timely agricultural interven-
tions and resource management. Furthermore, researchers like Bastiaanssen et al. (2019) have
employed SEBAL to explore the effects of climate variability on water resources, helping stake-

holders develop informed regional water management strategies.

2.12.2. Preceding studies made on evapotranspiration by using combined Penman-
Monteith and Hargreaves Methods

Potential evapotranspiration (PET) has been estimated using temperature-based techniques, such
as the Hargreaves approach (Liu, 2022). These techniques are quite easy to use and rely on tem-
perature data as the primary input parameter. Nonetheless, research indicates that radiation-based
techniques, including the Jensen-Haise and Hargreaves approaches, outperform temperature-
based techniques in PET estimation (Ahmad et al., 2017). Radiation-based techniques provide a

more thorough estimate of ET by accounting for solar radiation and other atmospheric variables.

For instance, a study carried out in the Rogerm Basin examined several PET estimating tech-
niques and discovered that the radiation-based Hargreaves approach was superior for PET calcu-
lation (Hamad Bin Khalifa University, 2021). When it comes to capturing the variability of ET,
the Hargreaves technique performed better than temperature-based methods, which makes it a
good option for areas with little access to meteorological data. To maximize the energy, water,
and food nexus, precise ET calculation is also essential in addition to PET estimation (Hamad
Bin Khalifa University, 2021). As an alternative to data-rich models, models based on remote

sensing have been put out to estimate ET (Srivastava et al., 2016). In areas where data is poor,
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these models use satellite data to predict ET, giving useful information for managing water re-
sources (Hamad Bin Khalifa University, 2021). A more thorough knowledge of water consump-
tion patterns is made possible by the ability of remote sensing-based models to incorporate both
temporal and geographical fluctuations in ET.

However, the research region and the accessibility of meteorological data may have an impact on
how accurate remote sensing-based models are (Srivastava et al., 2016). For these models to
produce accurate findings, ground-based validation and calibration are frequently necessary. In
addition, the particular research region and the required degree of precision should be taken into

account when choosing suitable remote sensing-based models.

To determine their performance, several ET estimate techniques have been examined in a num-
ber of researches. In their evaluation of six PET techniques, Lu et al., (2011) discovered that, in
comparison to other models, the Thornthwaite approach fared the poorest. In some climate situa-
tions, the Thornthwaite technique overestimates ET. Comparing several PET models, Li et al.
(2021) discovered that the Shuttle worth-Wallace model had the most association with the FAO
Penman-Monteith technique. ET estimate accuracy was higher for the Shuttleworth-Wallace

model, a more intricate model with more variables.

In recent years, machine learning algorithms have been applied to improve ET estimation. These
algorithms use historical data and other environmental variables to develop models that can ac-
curately estimate ET (Srivastava et al., 2016). For example, neural network models have been
used to estimate ET based on meteorological and satellite data (Adamala et al., 2014). These
models have shown promising results in capturing the complex relationships between environ-

mental variables and ET.

Furthermore, the use of ensemble models, which combine multiple ET estimation methods, has
gained attention in recent years. Ensemble models can provide more robust and accurate ET es-
timates by leveraging the strengths of different methods and reducing uncertainties (Ngongondo
et al., 2013). For example, a study conducted in southern Malawi compared the performance of
the FAO Penman-Monteith, Priestley-Taylor, and Hargreaves methods individually and in an
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ensemble model. The results showed that the ensemble model outperformed the individual meth-

ods, providing more accurate ET estimates.

2.12.3. Preceding Studies Made on Evapotranspiration by Hargreaves Samini Method

Investigators have made more progress in the last decade in enhancing the application and accu-
racy of the Hargreaves technique for evapotranspiration (ET) estimation. These developments
include the creation of regional calibration techniques, the incorporation of data from remote

sensing, and the assessment of the effects of climate change on ET estimate.

To further enhance the Hargreaves method's effectiveness by taking into consideration regional
differences in vegetation and climate, regional calibration techniques have been put forward. For
instance, in the Chinese Yellow River Basin, Wang, & Zhang (2017) carried out a regional cali-
bration of the Hargreaves approach. Their research showed that, in comparison to the original
Hargreaves equation, region-specific calibration factors increased the accuracy of ET estimate.

The integration of remote sensing data, such as satellite-derived vegetation indices, has also been
explored to refine the Hargreaves method. Huang, & Su (2018) incorporated the Normalized Dif-
ference Vegetation Index (NDVI) into the Hargreaves equation to consider the vegetation effect
on ET. Their study showed that the NDVI-based Hargreaves method provided more accurate ET
estimates, especially in areas with significant vegetation cover. Furthermore, utilizing the Har-
greaves technique, researchers have looked at how climate change affects ET estimation. Ac-
cording to Moradkhani &Hsu (2018) assessed the Hargreaves method's effectiveness in the US
under several climate change scenarios. In order to ensure accurate ET calculation in a changing
environment, their work demonstrated the necessity of modifying the Hargreaves coefficients to

account for variations in temperature and precipitation patterns.

Apart from these developments, a number of researches have concentrated on validating and
contrasting the Hargreaves technique with alternative ways for estimating ET. For example, ac-
cording to Kisi &Shiri (2019) examined how well the Penman-Monteith approach and the Har-
greaves method performed in various climatic zones. According to their research, the Hargreaves

technique produced accurate estimations of ET, especially in areas with a lack of data availabil-

ity.
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Overall, these advancements in the Hargreaves method have contributed to improving the accu-
racy and applicability of ET estimation. Regional calibration approaches, the integration of re-
mote sensing data, and the consideration of climate change impacts have enhanced the perfor-
mance of the Hargreaves method in various climatic regions. Future research should continue to
explore these advancements and further refine the Hargreaves method to ensure reliable and ac-

curate ET estimation in different contexts.

2.12.4. Priestley and Taylor Method Explanation

The Priestley and Taylor Method, also known as the Penman-Monteith equation, is a widely-
used method for estimating evapotranspiration rates. It takes into account various meteorological
factors such as radiation, air temperature, humidity, and wind speed to calculate the evapotran-
spiration rate from area reference surface (Cordova et al., 2015). This method is considered the
standard for calculating reference evapotranspiration and is recommended by the Food and Agri-

culture Organization.

2.12.5. Blaney-Criddle Method of Evapotranspiration Determination Explanation

The Blaney-Criddle method is a widely-used approach for estimating potential evapotranspira-
tion, which is a key parameter in various water resource management applications such as irriga-
tion scheduling and water balance calculations (Zhan & Lin Shelp, 2009). This method relies on
standard meteorological data, such as temperature and precipitation, to estimate the amount of
water that could potentially evaporate from a given landscape or crop. The method takes into ac-
count the climatic conditions of the specific region to provide a more accurate estimation (Xu &
Singh, 2001).

2.13. Conceptual Framework

The conceptual framework illustrates the interplay between Temperature and Rainfall, which
serve as key environmental components influencing Evapotranspiration, a dependent variable
that is affected by these climatic factors. Evapotranspiration further correlates with various land
cover types, which include Water Bodies, Forest, Shrubland, Agricultural Areas, and Built-up

Areas. The changes in evapotranspiration rates, driven by fluctuations in temperature and rain-
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fall, subsequently impact the distribution and health of these land cover types. Each land cover
type interacts distinctly with evapotranspiration, reflecting its unique ecological characteristics
and contributions to the overall ecosystem dynamics. The framework emphasizes that while
Evapotranspiration is dependent on the independent variables of temperature and rainfall, the

resultant land cover types play a critical role in shaping the ecological landscape of the area.

Independent Variable Dependent Variable

Land surface temprature

Rainfall

Forest

Shrubland

Built up

‘ Water
Actual evapotranspiration

‘ Agriculture

Figure 2 Conceptual framework of the study
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CHAPTER THREE
3. MATERIAL AND RESEARCH METHOD

3.1. Description of the Study Area

3.1.1 Location

The research was conducted in the vicinity of the Grand Ethiopian Renaissance Dam (GERD),
located near the Ethiopia Sudan border, approximately 620 kilometers northwest of Addis Aba-
ba. The main dam is situated about 14 kilometers from the border with Sudan, while the saddle
dam lies even closer, at a distance of approximately 3.3 to 3.5 kilometers from the border. Geo-
graphically, the study area extends between 10°00'00” N to 11°00'00” N latitude and 35°00'00”
E to 36°00'00" E longitude. The GERD itself spans roughly 2,572 meters in length and 483 me-
ters in height. The total study area covers approximately 1,409,397.44 hectares, encompassing
the GERD project and its surrounding environment. Hydrologically, the area falls within the
Blue Nile (Abay) Basin and includes parts of four major sub-basins: the Lower Abay Sub-basin,
which contains the GERD site and the main course of the Blue Nile River; the Didessa Sub-
basin; the Dabus Sub-basin; and the Beles Sub-basin. These sub-basins represent the key hydro-

logical zones influencing the water resources and catchment dynamics of the GERD area.
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Figure 3 Study area

3.1.2 Land use land cover

The area surrounding the Grand Ethiopian Renaissance Dam (GERD) discover a diverse land-
scape characterized by various land cover types. Among those 24.5% are covered by forests,
highlighting the ecological importance of these areas in terms of biodiversity and carbon seques-
tration. Water bodies account for 10% of the region, providing essential resources for irrigation
and local communities. Shrub land, covers about 46%, the remaining land built-up areas and Ag-
riculture, with built-up areas occupying around hectares (3.65%) and Agriculture extending over
(15.3%) (Figure3).
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Figure 4 LULC map the study area
(Source: Aouther,2025)
3.1.3. Climate

The annual average precipitation in the GERD and its vicinity is typically around 970.4 mm, and
the average annual temperature is approximately 30°C. The highest monthly precipitation was
recorded in May, June, July and August. The highest monthly temperature was recorded in Janu-
ary, February, March, and April. The figure below (Figure 5) data the average monthly precipita-
tion and temperature of the study area.
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3.1.4. Drainage pattern
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The Grand Ethiopian Renaissance Dam (GERD) and its surrounding drainage system demon-

strate a complex network of flow directions, with streams traversing the region in diverse pat-

terns (figure 2). This complex hydraulic system plays a crucial role in shaping the hydrological
dynamics of the area. The GERD, positioned on the Blue Nile River in Ethiopia, has the poten-

tial to influence the flow patterns of rivers and streams within its vicinity (Figure 2)
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Figure 6 Drainage pattern (source: hydro shade)

3.1.5. Sail

The main soil types within the dataset for the study area encompassing the Grand Ethiopian Re-

naissance Dam (GERD) and its surroundings were identified Calcic Xerosols and Leptosols are

also recognized as prevalent soil types in the region. highlighted the diverse soil composition

found in the study area (Figure 5). This analysis forms the basis for understanding the soil char-

acteristics of the region, providing valuable insights for land management strategies, agricultural

practices, and environmental conservation efforts surrounding the GERD.
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Figure 7 Soil map of the Study area
(Source: FAO)

3.1.6. Slope

According to the FAO slope classification, slopes are categorized based on their degree of steep-
ness as follows: flat to very gentle slopes range from 0 to 2 degrees, indicating nearly level ter-
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rain; gentle slopes fall between 2 and 5 degrees, showing a slight incline; sloping terrain is de-
fined by slopes from 5 to 10 degrees, where the incline becomes more noticeable; moderately
sloping land ranges from 10 to 15 degrees, representing a moderate incline; strongly sloping are-
as have slopes between 15 and 30 degrees, indicating steep terrain; and steep slopes are those
greater than 30 degrees, characterized by very steep or rugged landforms. This classification
provides a standardized framework for describing land surface gradients, which is essential for
soil description, land use planning, and understanding erosion potential, as detailed in FAO

guidelines on soil and landform.
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Figure 8 Slope of the study area (Source: Aouther,2025)
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3.1.7. Agro _ecological zone

The Grand Ethiopian Renaissance Dam (GERD) and its surrounding area are characterized by
distinct elevation zones that influence the local climate, hydrology, and land use. According to
common Ethiopian agro-ecological classifications, the region can be divided into three main ele-
vation belts: the Kolla (lowland) zone ranging from approximately 500 to 1500 meters above sea
level, the Woina Dega (midland) zone from 1500 to 2300 meters, and the Dega (highland) zone
from 2300 to 3200 meters. The GERD reservoir itself is situated primarily within the Kolla and
lower Woina Dega zones, with reservoir water levels reaching around 640 meters elevation at
full supply level, which places much of the dam and immediate vicinity in the lowland Kolla

zone (Ministry of Water and Energy Ethiopia, 2023; Hydropower.org, 2023).

These elevation zones correspond to significant climatic and ecological differences: the Kolla
zone is typically warmer and drier, the Woina Dega zone has moderate temperatures and rainfall,
and the Dega zone is cooler with higher precipitation. The presence of the GERD reservoir in the
Kolla and Woina Dega belts thus influences local microclimates by increasing humidity and al-
tering evapotranspiration patterns in these elevation ranges. This elevational context is critical
for understanding the hydrological impacts of the dam on surrounding ecosystems and agricul-
tural practices, as well as for planning water resource management in the Nile Basin (EEP, 2024;
Vajiram & Ravi, 2023).
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3.2. Methodology

3.2.1. Research design and approach

This research employs a quantitative research approach within an explanatory design framework
to comprehensively address its objectives regarding land use/land cover (LULC) changes, cli-
mate variability, and evapotranspiration in the study area. By prioritizing quantitative data col-
lection and analysis, the study aims to systematically identify patterns, relationships, and cause-

and-effect linkages among these variables

3.2.2. Sampling technique

The researchers organized the land into different categories or groups based on land use and cov-
er types of LULC such as forests, bulitup, agriculture, water and shrubland. To accurately study
these diverse areas, they randomly selected specific fields within each category. This approach

helps ensure that the sample accurately reflects the variety and characteristics of the entire land
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area, reducing the risk of bias and making the findings more reliable and representative of the

overall landscape.

3.2.3. Types and sources of data

To achieve the study’s objectives, both primary and secondary data sources were utilized. Prima-
ry data were collected through remote sensing image and metrological station data, while sec-
ondary data were sourced from, of published and unpublished materials, including books, jour-

nals, articles, and websites.

3.2.5. Meteorological data
Meteorological data, specifically maximum and minimum temperatures, were collected for the
study area., Which is crucial for determining the heat energy available to drive the evapotranspi-

ration processes.

Table 1 Meteorological station

Station name Record length Class Lat Long Elevation
Assosa station 1957 Classl 10.0634° N 345°E 1,570m
Sherkole gizen = 2000 Class2 10°41'33"N 34°47'20"E 729 m

Source: National meteorology

3.2.6. Remote sensing data

3.2.6.1. Landsat image

Landsat 7 and Landsat 8 are Earth-observing satellites that capture detailed images of the land
surface across different parts of the light spectrum, including visible, infrared, and thermal wave-
lengths. Launched in 1999 and 2013 respectively, these satellites provide high-resolution data
typically at 30 meters per pixel that allow scientists to analyze various land surface parameters
(Irons et al., 2012). Landsat 7, equipped with the Enhanced Thematic Mapper Plus (ETM+), of-
fers valuable information for assessing land cover, vegetation health, and surface temperature,
although its thermal infrared band has slightly lower resolution (Chander et al., 2009). Landsat 8,
with its more advanced sensors the Operational Land Imager (OLI) and Thermal Infrared Sensor
(TIRS) delivers improved image quality, higher radiometric resolution, and additional spectral

bands, including two thermal bands that enable more precise measurements of land surface tem-
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perature (Roy et al., 2014). This detailed information is crucial for estimating evapotranspiration
(ET), as it provides key inputs such as surface temperature, vegetation vigor, and land cover
type. By analyzing these parameters, scientists can better understand how much water is evapo-
rating from the land and transpiring through plants (McVicar et al., 2012). The enhancements in
Landsat 8 make it particularly valuable for monitoring environmental changes and supporting
water resource management through more accurate ET modeling. Landsat images, in general, are
multispectral aerial photographs that serve as a vital resource for land use planning, environmen-
tal monitoring, and resource management. They capture reflectance across multiple spectral
bands, enabling the identification of different land cover types and dynamic environmental pro-
cesses over time, and their long-term, consistent record makes them particularly useful for de-

tecting change and assessing land degradation (Wulder et al., 2012; Roy et al., 2014).

3.2.6.2. Moderate Resolution Imaging Spectroradiometer data

These datasets provide estimates of frictional velocity, which is a key parameter in surface ener-
gy flux calculations. Using frictional velocity as a proxy, the model can effectively account for
wind influences on evapotranspiration, particularly in regions where ground-based measurements
are scarce. This approach ensures that the wind component’s effect on the energy balance is in-
corporated indirectly, enhancing the accuracy of ET estimations within the SEBAL framework
(Su et al., 2015).

3.6.2.3. Climate Hazards Group InfraRed Precipitation with Station data

While CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data) is widely used
for high-resolution rainfall monitoring at approximately 5 km spatial resolution, there are other
datasets capable of providing rainfall estimates at 1 km resolution. For instance, the GPM
IMERG (Global Precipitation Measurement Integrated Multi-Satellite Retrievals) product offers
precipitation estimates at a near 1 km resolution, providing finer spatial detail suitable for local-
ized studies. These higher-resolution datasets are particularly valuable for detailed hydrological,
agricultural, and climate analyses during rainy seasons such as the fall, where localized precipita-
tion patterns are critical. GPM IMERG, in particular, combines satellite microwave and infrared
observations with ground-based data to produce daily and half-hourly rainfall estimates at ap-
proximately 0.1 to 1 km resolution, making it an excellent choice for regional- and local-scale

precipitation monitoring (Huffman et al., 2019).
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CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data) is a high-resolution

satellite-based rainfall dataset that integrates infrared satellite imagery with in-situ station data to

monitor and analyze precipitation patterns globally. Its temporal coverage, spanning several dec-

ades, coupled with its high spatial resolution (~5 km), makes it an invaluable tool for investigat-

ing climate variability over various timescales. CHIRPS is particularly effective in detecting

anomalies and trends in precipitation associated with climate phenomena such as El Nifio, La

Nifia, and regional droughts or floods. By providing accurate and consistent rainfall data,

CHIRPS enables researchers to assess the impacts of climate variability on water resources, agri-

culture, and ecosystems, especially in regions where ground-based measurements are sparse or

unreliable. Its long-term record facilitates climate trend analysis and enhances understanding of

how precipitation patterns are changing in response to global climate change (Funk et al., 2015)

Table 2 Satellite imagery

Input Parameter

Description

Source / Notes

Satellite Image Bands

Multispectral bands (visible,
NIR, SWIR) and thermal in-
frared bands

Landsat TM/ETM+ bands 1-5,7 (30m),
band 6 thermal (60m/120m); Landsat 8
OLI/TIRS bands

Derived from satellite DN after radio-

Reflectance in individual ) o :

Surface Reflectance (pi) spectral bands metric calibration and atmospheric cor-
rection
Fraction of incoming .
. Calculated from weighted sum of reflec-

Surface Albedo (o) shortwave radiation reflected tance bands (visible + NIR + SWIR)

by surface
Normalized Difference | Indicator ~ of  vegetation | Computed as (p4 - p3) / (p4 + p3) from

Vegetation Index (NDVI)

amount and condition

NIR and red bands

Land Surface Tempera-
ture (Tsor LST)

Surface temperature from

thermal infrared band

From thermal bands of Landsat

Incoming Shortwave Ra-
diation (RS))

Solar radiation reaching the
surface (W/m2)

From landsat 7 and landsat 8

Outgoing Longwave Radi-

Thermal radiation emitted by

Calculated using Stefan-Boltzmann law
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ation (RL1)

surface (W/m2)

with Ts and surface emissivity

Incoming Longwave Radi-
ation (RL))

Atmospheric longwave radia-
tion reaching surface (W/m2)

From landsat 7 and landsat 8

Surface Emissivity (g )

Efficiency of surface in emit-
ting thermal radiation

Estimated from vegetation indices

Soil Heat Flux (G)

Heat flux into soil

Estimated as fraction of net radiation
(Rn), typically G =y x Rn, with y ~ 0.1-
0.2 depending on vegetation cover

Net Radiation (Rn)

Net available radiation at sur-
face (W/m?)

Calculatedas Rn=(1-a) x RS| + RL| -
RLT-(1-g )xRL]

Air Temperature (Ta)

Near-surface air temperature

(K)

From meteorological stations

Wind Speed (U) ?'rﬁzg's“rface wind - speed | o MOD13Q1
Air Density (p) Density of air (kg/m?) Calculated from air pressure and temper-

ature

Specific Heat of Air (Cp)

Heat capacity of air at con-
stant pressure (~1005 J/kg-K)

Constant

Aerodynamic
Length (zo )

Roughness

Characterizes surface rough-
ness affecting momentum
transfer

Derived from vegetation parameters

Zero-plane
Height (d)

Displacement

Height at which wind speed
theoretically drops to zero
due to vegetation canopy

Estimated as fraction (~2/3) of vegeta-
tion height

Psychrometric  Constant

()

Relates partial pressure of
water vapor to temperature

Calculated from atmospheric pressure
and temperature

Satellite Overpass Time
and Sun Elevation Angle

()

Needed for solar geometry
calculations

From satellite metadata (header files)
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Classification of surface types

Land Use / Land Cover | (Forest, Agriculture, water, | Derived from multispectral bands using

(LULC) Shrubland, and Built up.) classification algorithms

The researcher selected time intervals 2001, 2012, and 2023 allowed for a comprehensive analy-
sis of land use land cover dynamics over 11-year gaps, a period deemed appropriate given the
gradual nature of changes in hydrological processes. The researcher initially selected 2001 as the
baseline year for the study to evaluate evapotranspiration conditions before the dam's construc-
tion, which began in 2012. This baseline data was crucial for understanding the impacts of the
dam on evapotranspiration dynamics. To analyze the changes over time, the year 2023 was later
chosen to assess current conditions, providing a comprehensive view of the long-term effects on

evapotranspiration resulting from the dam's construction.

3.2.7. Image per-processing

The satellite images were prepared for analysis by undergone The Landsat time series data used
in this study have undergone several pre-processing steps, including cloud-masking, georeferenc-
ing, resampled, and clipping to the study area boundary, all performed within the Google Earth
Engine platform (https://earthengine.google.com/). The satellite images were further prepared for
analysis by undergoing radiometric corrections, such as atmospheric correction and cloud mask-
ing, to improve their quality and enhance the images for better interpretation. Image enhance-
ment refers to the process of improving the quality and interpretability of remote sensing images

captured by satellites, aircraft, drones, or other platforms (Lillesand et al., 2015).

Additionally, MODIS data was resampled to the appropriate spatial resolution using bilinear in-
terpolation to serve as input for the SEBAL model, enabling the estimation of wind speed indi-
rectly. The panchromatic bands were also resampled within Google Earth Engine using bilinear
interpolation to ensure consistency in spatial resolution and improve the accuracy of the analysis.
Bilinear resampling was chosen because it provides a good balance between preserving data
quality and enhancing the spatial detail, especially when working with continuous data like

MODIS and panchromatic bands.
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3.2.8. Software used

Multiple software tools were employed to analyze the study area, each serving a specific func-
tion to ensure accurate results. All pre-processing, classification, and analysis of the Land
Use/Land Cover (LULC) information were performed on the Google Earth Engine (GEE) plat-
form, which facilitated the processing of multispectral imagery and provided a robust environ-
ment for the extraction of LULC data. Evapotranspiration calculations, including Actual Evapo-
transpiration (AET), were also conducted within GEE, enabling the modeling of water loss
through evaporation and plant transpiration. Excel was used to generate graphs. ArcGIS 10.8.2
was employed for the display and visualization of maps, enabling effective spatial analysis and
presentation of results. In addition, R software was utilized for Random Forest regression, a ma-
chine learning technique used to model relationships and make predictions based on the study's
environmental data, including temperature, rainfall, and AET. This approach is particularly use-
ful for handling large datasets and complex patterns, ensuring robust and accurate results in the
analysis. Furthermore, the Mann-Kendall trend test was applied to detect significant trends in
temperature and rainfall data, providing insights into temporal changes in these variables. The
Random Forest regression model was used to explore and predict relationships between tempera-
ture, rainfall, and AET.

3.3. Data Analysis Techniques

3.3.1 Computing of evapotranspiration

To calculate actual evapotranspiration this study was used b surface energy balance algorithm for

land.

3.3.1.1. Surface energy balance algorithm for land

Evapotranspiration (ET) using remote sensing techniques is a topic of extensive research, and
various classification methods have been proposed. The choice of remote sensing data sources is
crucial. Different satellites, such as MODIS, Landsat, and Sentinel, provide data at various spa-
tial and temporal resolutions, and the selection depends on the specific research or application
needs (Zhang et al., 2018). Energy balance methods are widely used in remote sensing-based ET

estimation. These methods leverage remote sensing data to estimate energy components like net
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radiation, sensible heat flux, and latent heat flux (Bastiaanssen, 2000). Surface Energy Balance
Models consider the energy balance at the Earth’s surface, accounting for heat fluxes, heat stor-
age, and changes in surface temperature. They often rely on remote sensing data, such as land
surface temperature and vegetation characteristics (Allen et al., 2007).

Among these energy balance methods in this research, the SEBAL algorithm-based model was
applied for the dynamics of actual evapotranspiration over the study region. SEBAL utilizes digi-
tal images produced by sensors such as Landsat that can capture radiation throughout the visible,
near-infrared, and thermal infrared bands. Developed by Bastiaanssen et al. (1998), the SEBAL
model has become a valuable tool in various fields, such as agriculture, hydrology, and environ-
mental studies. It operates on the basic principle of energy balance at the land surface. SEBAL
model is the most widely used algorithm for estimating ET throughout the world that involves

application for and water resources management and water balances

The SEBAL model offers precise information that can be determined remotely over a large spa-
tial scale and aggregated across time and space, making it practically relevant in the absence of
ground data and beneficial for research pertaining to irrigation water use. It is easy to utilize and
may find widespread application in diverse habitats and climates. For this reason, the SEBAL
model is a helpful tool for studies pertaining to hydrology.

ETa=Rn—-G-H (1)
Rn= (1—a) -Rshort—Rlong (2)
H=p-Cp:(Ts—Ta) u @)
G=vy-LST4 ()

Where’re: Net radiation: soil heat flux ;Sensible heat flux; a: Albedo, which is a measure of re-
flectivity of the surface ;R short: Incoming shortwave radiation long: Outgoing long wave radia-
tion ; p: Air density ;Cp: Specific heat of air (approximately 1005 J/(kg*K)) ; Ts: Surface tem-
perature ;Ta: Air temperature ; U: Wind Speedle\gammay: A coefficient (often taken as a fraction
of net radiation, typically around 0.1 or 0.2, depending on vegetation cover);LST: Land Surface

Temperature .
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3.3.2. Computing of Climate Variability

3.3.2.1. Mann-Kendall test

The trend analysis for rainfall and temperature from 2001 to 2023 was conducted using the
Mann-Kendall test statistic (S) alongside Sen's slope (Q). The Mann-Kendall test, introduced by
Mann in 1945, is a widely used nonparametric statistical method for analyzing trends in envi-
ronmental time series data (Frimpong et al., 2022; Nkiaka et al., 2017a). This test offers two
main advantages: it does not require the data to follow a normal distribution, and it is robust
against abrupt changes in inhomogeneous time series. To estimate the trend's magnitude, Sen's
estimator a nonparametric method introduced by Sen in 1968 and referenced by Mustapha
(2013) and Nkiaka et al. (2017b) is applied. This method calculates the slope of the trend and
indicating annual changes A positive value for Sen's slope indicates an increasing trend in the
time series, whereas a negative value signifies a decreasing trend. Two types of statistics depend
upon the number of data values i.e.; S is the statistics used if several data values are less than 10
while Z is the statistics (normal approximation/distribution) for data values greater than or equal
to 10. S is calculated based on total signs (it is always between —1, 0, and 1). In cases in which N

> 10, the standard Z is calculated as follows:
S=Xi5 2jti+1sgn(xj — xi) ©)

where the Xi is the actual time data for the time series of i = 1, 2, 3, ..., n, and n is the sample
size.

The value of sgn (Xj — Xi) is calculated as follows

sgn(xj —xi) = 1ifxj—xi >0
=0ifxj—xi=0
=-lifxj—xi<1

The S-statistics approximately behave as normally distributed, and the test is performed with

normal distribution with the mean and variation as given in the below equations:
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n(n—-1)(2n+5)-Y %, t(t—1)(2t+5)

var(S) = o

(6)

Standard Z for one limit test is as shown below in Equation the positive value of Z shows an in-

creasing trend and the negative value shows a decreasing trend.

(s—1)/y/var(s) $>0
F) = Dy __sm ™)
' Toar®

Then, the MK test from the Z value was computed annual land surface temperature and annual

rainfall time series data.

8= () ©

j—i

where 3 represents the median value of the slope values between data measurements xi and xj at
the time steps i and j (i, j), respectively. A positive value of Sen’s slope () indicates an increas-
ing trend and a negative value suggests a decreasing trend in the time series. The trend from

Sen’s slope (B) estimation was computed based annual rainfall and temperature time series data.

3.3.3. Computing of Land Use Land Cover

3.3.3.1. Image Classification
The adoption of supervised image classification methods, particularly employing the Random

Forest Classifier, is warranted due to their efficacy when sample training data is available for the
study area. This approach is selected for its ability to accurately categorize pixels into different
land cover classes. The Random Forest algorithm, developed by Leo Breiman and Adele Cutler,
is a popular machine learning method that combines the outputs of multiple decision trees to
yield a single, more robust result. The approach is widely adopted due to its ease of implementa-
tion and its capacity to handle both classification and regression problems effectively. The
strength of Random Forest lies in its ability to improve accuracy and manage complex datasets
by leveraging the collective predictions of the ensemble of decision trees. The versatility and ef-
fectiveness of the Random Forest algorithm have contributed to its widespread adoption across

various domains. For this land use/land cover (LULC) mapping task, the study classified the land
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cover into five broad classes: Water, Forest, Shrubland, Built-up, and Agriculture. These classes

were identified and mapped to analyze land use/land cover changes over time.

The supervised classification method utilized in this study was implemented within the Google
Earth Engine platform, which allows for efficient processing of large remote sensing datasets.
The process of supervised classification generally includes four main steps: preprocessing the
image, selecting features based on specific criteria to define patterns, choosing a classifier (in
this case, the Random Forest algorithm), and evaluating the accuracy of the classification. This
method was chosen for its ability to handle complex and diverse datasets, which is crucial for
accurately mapping and analyzing land cover changes in the study area (Belay & Mengistu,
2019; Yesuph & Dagnew, 2019).

Image classification methods, like supervised classification, have been widely used to classify
data based on established input features (Abburu & Golla, 2015). Furthermore, machine learning
techniques, such as Random Forest, are increasingly used in remote sensing for improved classi-
fication and interpretation of satellite data (Alpaydin, 2020). This aligns with previous research
that emphasizes the importance of these algorithms in producing more accurate thematic maps of
Earth's surface elements, such as vegetation, buildings, and highways (Mahmon et al., 2015).
Among various machine learning classifiers such as support vector machine, classification and
regression tree, and RF available for classification, the RF classifier outperforms others (Pelletier
et al. 2016). The RF classifier was employed as the classification method due to its robustness
and its ability to handle multi-dimensional datasets. The RF classifier has shown convincing re-
sults in LULC classification in various studies (Pelletier et al. 2016). A total of 100 trees per

node were selected for the present study.
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Table 3: Description of the LULC classes

Land use land cover classes

Description

Forest

The area comprises natural and manmade forests

and vegetation of different types

Agricultural area

The land covered by farmlands, crop lands and

range lands

Water body The area covered by rivers, ponds and reservoirs.

Built up area The land area used for settlement, urban areas,
transportation and construction services

Shrub land Land covered by short trees, grasses and bush
lands

Source: FAO

3.3.3.2. Change Detection Analysis
Change detection analysis was conducted to assess and visualize the spatial and temporal pat-

terns of land use and land cover (LULC) changes throughout the study period. This process en-
tails comparing classified images from different periods to identify areas where land cover has
undergone modifications. Post-classification comparison techniques were employed for change
detection, with the utilization of Delta Cue, an application tailored for identifying changes in re-
motely sensed imagery acquired at two different dates (Thambawita et al., 2023). Delta Cue op-
erates on co-registered image data and employs differentiating as its primary change detection
method. To quantify the total extent of LULC change between 2001 and 2023.

3.3.3.3. Accuracy assessments of land use land cover
The accuracy assessment of the Land Use and Land Cover (LULC) classification was conducted

using a confusion matrix to evaluate the correctness of the classification results. Confusion ma-
trices were generated to compare the LULC classifications for the years 2001, 2012, and 2023,
using training data collected within Google Earth Engine. For each LULC class, at least 50 train-
ing points were gathered, and the dataset was split into 80% for training and 20% for testing, in
accordance with best practices for classification accuracy evaluation when fewer than 100 sam-
ples are available. The Random Forest Classifier was employed in Google Earth Engine to per-

form the classification, and the confusion matrix was used to assess the classification accuracy.
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3.3.4. Random forest regression

It is the most frequently utilized non parametric machine learning algorithm for identifying non-
linear relationships for classification and regression (Cohen et al., 2003). In this study, non-
parametric machine learning algorithm (random forest regression algorithm) was tested to cli-
mate variability to predict the actual evapotranspiration outcomes and to measure each variable

importance during prediction.

To build the model, it is generally advised that datasets with fewer than 100 observations use an
80/20 split, allocating 80% for training and 20% for testing. This approach ensures there is
enough training data for effective learning (Cutler et al., 2007). For datasets containing between
100 and 500 observations, a 70/30 split is commonly accepted, providing a significant amount of

data for training while still having sufficient data for testing (Liaw & Wiener, 2002).
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3.4. Methodology Flow Chart of the Study

Below the figure 6 the overall flowchart of the study.
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Figure 10 Methodology flowchart

45



CHAPTER FOUR
4.RESULAT AND DISSCUSSION

This chapter covers the results and discussions analyzing data that were obtained from primary
and secondary data to answer. To analyses the collected data in line with the overall objective of
the research undertaking.

4.1. Spatiotemporal Variations of Evapotranspiration in the GERD and its

vicinity for the period of 2001 to 2023

From 2001 to 2012, the maps show progressive intensification of high evapotranspiration re-
gions, mainly in the central and southern regions, as a result of vegetation growth and land use
changes. After 2020, the areas of high evapotranspiration in the south and south-west, differenti-
ated by yellow and red colors (up to 12 mm/day), corroborate that dam management and water
handling play a major role in shaping regional hydrological cycles, Overall, the evidence verify
that filling of the GERD has accelerated evapotranspiration in affected regions substantially,
again pointing towards ongoing hydrological observation.

Spatial pattern of mean AET (actual evapotranspiration) of 2001-2023 study period, as shown in
figure (11), shows a clear rise in evapotranspiration, particularly after impounding GERD reser-
voir in 2020. This trend agrees with earlier work by Ahmed et al. (2020), who found that grand
dam impoundments significantly influence regional evapotranspiration by changing local micro-
climates and adding to surface moisture availability, particularly in riparian and adjacent regions.
Other similar dam construction leads to an increase in water surface area, which in turn increases
evaporation and can also affect transpiration rates from vegetation around the reservoir (New &
Xie, 2008).
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The spatiotemporal analysis of actual evapotranspiration (AET) in the study area from 2001 to
2023 reveals a significant increase following the impoundment of the Grand Ethiopian Renais-
sance Dam (GERD) reservoir beginning in 2020. Prior to reservoir filling, AET ranged between
9.9 and 11.9 mm/day, primarily governed by natural seasonal variations, temperature, and pre-
cipitation. However, since the first filling phase in July 2020, AET has steadily increased, reach-
ing approximately 12 mm/day by 2023, demonstrating the reservoir’s substantial hydrological
influence. This rise aligns with findings by Yihdego et al. (2019), who noted that large reservoirs
expand surface water area and alter vegetation, thereby enhancing local evapotranspiration rates.
Similar phenomena have been observed at other major reservoirs worldwide, such as China’s
Three Gorges Dam, where increased surface evaporation altered microclimates, elevating humid-
ity and modifying rainfall patterns (Wu et al., 2020; Mengistu et al., 2023). Furthermore, studies
by Azagegn et al. (2024) and assessments published in Tawfik & Dombrowsky (2017) confirm
that GERD’s filling and operation have increased evaporation losses and altered downstream hy-
drology and flow regimes.

The reservoir’s large volume holding up to 74 billion m? of water results in estimated evapora-
tion losses around 1.5 to 1.7 km?3 annually, which, although lower than losses from downstream
reservoirs like Lake Nasser, still represent a significant water volume (MDPI Water, 2022).
While these changes may enhance agricultural productivity through improved soil moisture re-
charge as noted by Kamble et al. (2021), the increased AET raises serious concerns for down-
stream water availability in the Nile Basin. Evaporative losses reduce river flow to downstream
countries such as Sudan and Egypt, complicating water-sharing agreements and heightening ge-
opolitical tensions as highlighted by Hirsch & Johnson (2020). However, coordinated manage-
ment among the Nile Basin countries could mitigate some negative impacts by spreading reser-
voir filling over several years and optimizing releases. Overall, the GERD reservoir’s construc-
tion has transformed local and regional hydrology, affecting climate, agriculture, and trans-
boundary water resource management in the Nile Basin Azagegn et al., 2024; Zulkifli et al.,
2022).
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Figure 12 AET annual from 2001 to 2023

The analysis of evapotranspiration (AET) from 2001 to 2019 in the study area shows relatively
stable values, with limited variability likely maintained by natural inter-annual climatic fluctua-
tions, indicating consistent land surface and hydrological conditions before the GERD reservoir
construction. However, since the dam filling began in 2020, there has been a rapid and sustained
increase in AET, rising from approximately 5.4 mm/day in 2020 to a peak of 6 mm/day by 2023.
This sharp increase strongly suggests that the reservoir impoundment has significantly influ-

enced local evapotranspiration processes.

The expansion of the reservoir’s surface water area has increased surface dampness and altered
the local microclimate, raising humidity and contributing to enhanced evapotranspiration, as
supported by Smith et al. (2018), who demonstrated that large reservoirs intensify evapotranspi-
ration through microclimate modification and increased surface moisture. Such hydrological and
climatic changes are consistent with observations from other large reservoirs worldwide, includ-
ing the Three Gorges Dam in China, where increased evaporation and microclimate shifts have
been documented (Wu et al., 2020; Mengistu et al., 2023). While the connection between dam
filling and increased AET is clear, it is important to consider other factors such as climate varia-
bility and land use changes that may also contribute. Overall, the GERD reservoir has not only

transformed local evapotranspiration dynamics but has also altered broader hydrological and
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climatic conditions in the region, impacting downstream water resources, groundwater recharge,

vegetation health, and regional temperature patterns (Aty, 2022).

This comprehensive impact underscores the critical role of large reservoirs in modifying local
environments and highlights the need for integrated water and climate management strategies in
the Nile Basin. Dam construction significantly increases the surface area of water, leading to a
substantial rise in evaporation (Tian et al., 2021). A study in the Shiyang River Basin found that
cascade dams significantly increased evaporation and altered isotope composition in landscape
water, highlighting the potential for water loss in arid regions (Zhu et al., 2021). Research on the
Three Gorges Dam in China demonstrated that the dam's impoundment had both cooling and
warming effects on the surrounding climate, impacting vegetation dynamics and evapotranspira-
tion (Yang et al., 2024).

4.2. Climate Variability in the GERD and its Vicinity form the Period of 2001
to 2023

Below the graph of figure (13) shows the annual Land Surface Temperature (LST) around the
Grand Ethiopian Renaissance Dam (GERD) from 2001 to 2023. From the findings, there is a
general pattern of temperature decline year after year but with fluctuations. In most years, the
temperature is 36°C with a variation from a high of 37.3°C in 2010 and a low of 33°C in 2023.
The observed trend of decreasing temperature may be attributed to land use, vegetation, or the
impact of the artificial lake of the dam after its impounding had commenced. To confirm such a
decline is perceived, some studies indicate that big reservoirs like the artificial lake of the GERD
influence nearby temperatures Similarly, Hwang et al. (2007), indicate that large reservoirs also
have a cooling influence in adjacent areas via land use change and the moderation of the water
body.

Water bodies take longer to heat and cool compared to land, yielding more equalized tempera-
tures and, therefore, having the potential to be the source of the cooling effect observed in Figure
(9).Similarly, Ahmad (2024), in their research study of the Aswan High Dam, observed that after
the reservoir behind the dam was filled, there was a reduction in surface temperatures in compar-
ison with the surrounding environment and attributed this to evaporative cooling effects from the

water body. The cooling effect is also improved by Chen et al. (2020), which in their research
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found that following the impoundment of the Three Gorges Dam in China, the local region ex-
hibited a significant reduction in LST via evaporative cooling and local climate modification.
Furthermore, Mase et al. (2015), found the same patterns in major reservoirs, noting that after
construction and filling, moderating effect of the water body brings significant temperature
drops. In line with the pattern seen in Figure (13), temperatures have been decreasing year on
year, particularly after reservoir filling began. The GERD reservoirs lead to increased evapotran-
spiration, which can cool the surrounding air. The result shown that this cooling effect can be
noticeable, especially near the reservoir. The dam construction can even lead to a decrease in av-

erage annual temperature in the reservoir area.
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Figure 13 LST from 2001 to 2023

Below the figure (14) is the GERD catchment area annual rainfall record for the period between
2001-2023. The records show variability in rainfall with an increment between 2020-2023, The
increased moisture from reservoir evaporation can contribute to changes in precipitation patterns.
noted that surplus precipitation over decades in catchment areas upstream results in enhanced
flow of water, causing the dam to be filled more rapidly. Mostafa et al. (2016), through their
study on the Aswan High Dam, also concluded that inter seasonal variation in rainfall in the Nile
Basin was directly influencing the reservoir water level and allowing the filling to occur more

rapidly in wetter years. Muchuru et al. (2014), in case study of Kariba Dam in Southern Africa
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had investigated the impact of season variation of rainfall on the reservoir level. The study found
that increased rain in some seasons meant faster filling, and dry seasons meant slower filling. As
much as the same can be noticed in the GERD as well where 2020-2023 with moderate addition-
al rain may have caused faster filling of the reservoir. Further, Chen et al. (2020), in the case of
the Three Gorges Dam in China, noted the implication of rain in relation to changing the rate at

which gigantic reservoirs fill.

Their research indicated that excess rainfall translates to high water inflows, indicating a rapid
filling rate and steady hydroelectric production. In the same way, the slight increase in rainfall
throughout the filling period of GERD can be viewed as a factor in the provision of better condi-
tions for water storage within the dam. In general, Figures (13) and (14) illustrate relationship

between temperature and precipitation regimes across the GERD area.

The declining trend of temperatures of Figure (10) from 37.3°C in 2010 to 33°C in 2023 is con-
sistent with the moderating effect of the GERD artificial lake. Parallel to this, the marginal in-
crease in precipitation from 2020 to 2023 also indicated by Figure (10) had something to do with
perhaps causing the reservoir filling to increase at a faster rate since there was an additional vol-
ume of water that had to be stored due to favorable climatic conditions, The joint impact of tem-
perature change and changes in rainfall points to the overarching influence of GERD filling and

construction in altering the regional climate and water supply.
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Figure 14 Rainfall from 2001 to 2023
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Table 4 Man Kendall trend test of climate variability

Rainfall LST
Kendall's tau 0.047 0.27
S 12 69
Var(S) 1432.6 1433.6
p-value (Two-tailed) 0.77 0.073
Alpha 0.05 0.05
Sen’'s Slope 2.6 -0.07

Based on the above table 4 trend analysis for the GERD and its vicinity from 2001 to 2023 dis-
cover important patterns in local climatic variables, particularly annual rainfall and Land Surface
Temperature (LST). The analysis shows no statistically significant trend in annual rainfall (Ken-
dall’s tau = 0.047, p = 0.77), although there is a slight increasing tendency reflected by the Sen’s
Slope value of 2.6 mm/year (Table 4). This suggests potential changes in precipitation that could
be related to the presence of the GERD reservoir. Conversely, the analysis of LST indicates a
weak decreasing trend (Kendall’s tau = 0.27, p = 0.073), with a Sen’s Slope of 0.07 °C/year, re-
flecting signs of localized cooling. Although these trends do not reach statistical significance at
the 5% level, they align with early indications of microclimatic modifications associated with the
filling of the GERD reservoir, which began in 2020. The filling of the reservoir is significant, as
it introduces a substantial artificial lake into the landscape, likely impacting local climatic dy-

namics.

The observed contrasting trends of increasing rainfall and decreasing LST can be attributed to
the newly formed reservoir. Research indicates that large water bodies, such as reservoirs, can
significantly alter local climatic conditions by enhancing evapotranspiration, increasing atmos-
pheric moisture availability, and moderating surface temperatures due to water's high thermal
capacity (Yihdego et al., 2019; Mengistu et al., 2023).
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This results in microclimatic cooling and localized increases in precipitation, a phenomenon also
observed in other large dam environments. A study by Wu et al. (2020) on the Three Gorges
Reservoir in China highlighted significant changes in local precipitation and temperature patterns
due to the creation of the reservoir, leading to similar trends of increased rainfall and moderated
temperatures. Similarly study by, Kamble et al. (2021) found that the presence of the Sardar Sa-
rovar Dam in India caused localized rainfall increases and a cooling effect in the surrounding
areas. Additionally, the Three Gorges Reservoir has been shown to cool nearby land surface
temperatures by approximately 0.1 to 1.5°C, as reported by Song et al. (2017), along with an in-
creasing trend in annual precipitation. Likewise, Chen et al. (2022) highlighted that dam con-

struction caused a decrease of about 0.12 °C in temperature in the reservoir area.

The GERD, being one of Africa's largest hydroelectric projects, has created a notable new water
body, and its presence is likely contributing to these observed trends. While the statistical signif-
icance of the identified trends is marginal, the general direction of change aligns with the ex-
pected climatic influence of large reservoirs. This alignment suggests that the filling of the
GERD is beginning to exert its influence on local weather patterns, albeit subtly at this stage. As
the reservoir stabilizes and reaches its full capacity, it is plausible that these microclimatic effects
will intensify, further influencing precipitation and temperature trends in the region. The ob-
served trends reflect not only the immediate impacts of the GERD on local climate but also the

potential for longer-term changes as the ecosystem adapts to the new hydrological conditions.

Continued monitoring and the collection of long-term data are essential to confirm these initial
signals of climate adjustment induced by the GERD project. A similar approach was used by
Omran. (2019), who emphasized the need for ongoing assessment of climate impacts following
dam construction to understand the broader ecological ramifications in the affected regions. Un-
derstanding these dynamics is vital for predicting future climatic patterns and for assessing the
cumulative impacts of large-scale water infrastructure projects. While the current analysis indi-
cates only marginal statistical significance in the observed trends, the direction of change aligns
with findings from other studies that indicate large reservoirs can modify local climates. This
underscores the importance of ongoing research and monitoring to fully comprehend the implica-
tions of the GERD on regional climate dynamics as it evolves.
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4.3. Land Cover Change Dynamics in the Study Area form the Period of 2001,

2012 and 2023

Remote sensing data, particularly from Landsat satellites, plays a crucial role in understanding
Earth's environmental processes. It helps analyze the impact of land cover on these processes
(Huete et al., 2002; Lotsch et al., 2003). Landsat imagery, with its multispectral and multitem-
poral features, is commonly used for land use and land cover mapping. In the area the Grand

Ethiopian Renaissance Dam (GERD) and its vicinity.
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Figure 15 LULC map of the study area

Based on the above figure (15) the construction of the Grand Ethiopian Renaissance Dam
(GERD) has led to significant in the land use and land cover (LULC) dynamics observed be-
tween 2001, 2012, and 2023. Due to the construction of the dam has displaced approximately
20,000 people (Elsanabary & Ahmed, 2018), a common consequence of large dam projects glob-

ally. Similar studies suggest that dam construction often results in decreased agricultural land
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due to inundation or displacement of farming communities (Shuka et al., 2022), which aligns
with observed patterns near GERD. Moreover, the case of China’s Three Gorges Dam illustrates
how such large infrastructure projects cause extensive hydrological disruptions and displacement
of communities (Huang et al., 2019; Zhao et al., 2012). Conversely, some dam projects, as re-
ported by Liu et al. (2021), can lead to increased vegetation cover over time, owing to ecological

succession and land regeneration processes.

The LULC changes observed in the vicinity of GERD highlight these complex interactions. The
sharp increase in water bodies from approximately 1,920 hectares in 2001 to over 51,240 hec-
tares in 2023 is directly attributable to reservoir formation, inundating large areas and fundamen-
tally altering the landscape (Seddon et al., 2020). This pattern is consistent with other dam im-
pact studies, which have documented substantial landscape inundation and natural land cover
changes (Fearnside, 2016). Over the same period, shrub land increased steadily. The sharp reduc-
tion in forest cover from 969,564 hectares in 2001 to 483,852 hectares in 2012 indicates signifi-
cant deforestation linked to dam construction and related infrastructure development. This pat-
tern is also observed in the Nashe watershed study, where dam construction similarly caused for-
est loss (Fikadu & Olika, 2023).

However, forest cover partially recovered to 746,210 hectares by 2023, likely due to natural re-
generation or reforestation efforts (Raju et al., 2017). Agricultural land initially surged, potential-
ly due to land redistribution or changing land use patterns, but eventually declined, likely im-
pacted by inundation from the reservoir and resettlement of farming communities a trend con-
sistent across other dam affected regions (Kumar et al., 2021). Built-up areas expanded signifi-
cantly until 2012, driven by infrastructure development associated with the dam, but decreased

by 2023, indicate due to ongoing displacement of people.

The land use and land cover (LULC) changes observed between 2001, 2012, and 2023 in the vi-
cinity of the GERD reflect significant environmental transformations associated with large dam
construction. The sharp increase in water bodies from approximately 1,920 hectares in 2001 to
over 51,240 hectares in 2023 is directly attributable to the formation of the reservoir, which in-
undated extensive areas of land (Seddon et al., 2020). This phenomenon is consistent with other

studies on dam impacts, highlighting how reservoirs lead to substantial change of land use land
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cover (Fearnside, 2016). The initial decline in forest cover from 969,564 hectares in 2001 to
483,852 hectares in 2012 aligns with findings that dam construction often results in deforestation
due to land clearing and infrastructure development (Raju et al., 2017). The partial recovery of
forest cover to 746,210 hectares by 2023 could be linked to natural regeneration or reforestation
efforts following initial disturbance. Meanwhile, agricultural land initially surged before declin-
ing likely impacted by inundation from the reservoir and the resettlement of farming communi-
ties parallelling patterns observed in other dam-affected regions (Kumar et al., 2021). The Nashe
watershed study (Fikadu & Olika, 2023) exemplifies similar dynamics, due to the reason of dam

construction decrease forests.

Research in other contexts underscores the significant impacts of large-scale infrastructure pro-

jects on LULC. Similar study, an assessment of the Three Gorges Dam in China revealed similar
effects, such as substantial alterations in land cover and an increase in water bodies (Zhang et al.,
2020). Similarly, studies conducted in Lake Victoria indicated comparable patterns of land cover
change resulting from dam construction, emphasizing issues related to community displacement
and shifts in land use (Nassali et al., 2020). Moreover, in Brazil has demonstrated that hydroelec-
tric projects can cause considerable deforestation and alterations in local land use patterns (Bar-
ros et al., 2019).

Research in other contexts underscores the significant impacts of large-scale infrastructure pro-
jects on LULC. Similar study, an assessment of the Three Gorges Dam in China revealed similar
effects, such as substantial alterations in land cover and an increase in water bodies, which re-
sulted in the loss of arable land and disrupted local ecosystems (Zhang et al., 2020). Similarly,
studies conducted in Lake Victoria indicated comparable patterns of land cover change resulting
from dam construction, emphasizing issues related to community displacement and shifts in land
use (Nassali & Fangninou, 2020). Moreover, in Brazil has demonstrated that hydroelectric pro-
jects can cause considerable deforestation and alterations in local land use patterns (Barros et al.,
2019).

57



3,000,000.00

2,500,000.00

2,000,000.00

1,500,000.00

Area in ha

1,000,000.00

500,000.00

D — ]

0.00
Forest Water Shrubland Agriculture Built-up

—e—2001 (ha) —e—2012 (ha) 2023 (ha)

Figure 16 LULC in ha

In land cover classes surrounding the Grand Ethiopian Renaissance Dam (GERD) are closely
linked to the construction and operational phases of the dam, which have significantly impacted

land use and ecosystem dynamics in the region.

The initial decrease in forest cover from 925,572.15 hectares in 2001 to 787,459.32 hectares in
2012, followed by a slight increase to 831,211 hectares in 2023, may be attributed to the dam's
construction activities, which often involve deforestation for infrastructure development, access
roads, and other construction-related land clearing. During the early phases, large-scale land
clearing to facilitate dam construction and related infrastructure likely caused substantial forest
loss. Once the construction phase concluded and strategies for land management and reforesta-
tion were implemented, some forest regeneration might have occurred, contributing to the gradu-

al increase in forest cover by 2023 (Zeleke & push, 2020).

The notable increase in water bodies from 14,902.47 hectares in 2001 to 64,788 hectares in 2023
reflects the dam's reservoir expansion and associated water management activities. The im-

poundment of water for hydroelectric power generation naturally expands water bodies in the

58



immediate vicinity, impacting local hydrology and surrounding ecosystems (Gebreegziabher et
al., 2018).

Similarly, changes in shrubland, agriculture, and built-up areas indicate land use shifts driven by
development activities related to dam construction, population displacement, and infrastructural
development. The increase in shrubland area may be a result of land abandonment or secondary
succession following initial disturbance, while the fluctuations in agricultural and built-up areas

reflect ongoing land management and urbanization trends influenced by the dam project.

Figure 17 Dam sit (source: filed survey ,2024)
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Figure 18 Artificial Lake (source: filed survey 2024)

In figurel7 the GERD Dam Site as a bustling construction zone situated along the banks of the
Blue Nile River in Ethiopia. This visualization captures the essence of ongoing construction ac-
tivities, showcasing a plethora of workers, heavy machinery in operation, and the gradual devel-
opment of the physical infrastructure of the Grand Ethiopian Renaissance Dam. Moving on to
Figure 18, shifts to the GERD Atrtificial Lake, a consequential reservoir that is taking shape be-
hind the dam structure. This depiction compresses the transformation of the once flowing river
into a massive body of water, illustrating the reservoir's formation, the containment provided by
the dam, and the surrounding landscape that will be influenced by the presence of this artificial

lake.

4.3.1. Change detection analysis
4.3.1.1. Change detection

The transformation of land cover classes from 2001 to 2012, 2012 to 2023, and cumulatively
from 2001 to 2023 around the Grand Ethiopian Renaissance Dam (GERD) construction site un-
veils a complex narrative of environmental dynamics and human interventions (Figure 19). The
significant decline in forest cover between 2001 and 2012 by 138,112.83 hectares is likely at-
tributable to infrastructure development, land clearing, and deforestation associated with dam
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construction activities (Gebreegziabher et al., 2018). During this period, water bodies decreased
by 9,028.17 hectares, possibly due to alterations in river flow, dam operation, or water resource
management. Conversely, the expansion of shrubland by 72,797.49 hectares suggests ecological
succession or land use change following initial disturbances. The notable increase in agricultural
land by 171,933.97 hectares indicates land conversion driven by population growth and settle-
ment expansion linked to the dam’s development (Yami et al., 2020). The decrease in built-up
areas by 97,590.33 hectares may reflect initial land clearing, with subsequent urban development

occurring in later years.

Between 2012 and 2023, forest cover showed signs of recovery, increasing by 43,751.68 hec-
tares, possibly due to reforestation or afforestation efforts. Water bodies expanded by 58,913.7
hectares, largely influenced by the reservoir filling and hydrological changes caused by the dam
(Gebreegziabher et al., 2018). The stabilization of shrubland with marginal growth supports the
idea of ecological resilience amidst ongoing land use shifts. Meanwhile, the significant reduction
in agricultural land by 171,933.97 hectares suggests land abandonment, changes in land use poli-
cies, or environmental constraints on agriculture. The expansion of built-up areas by 70,280.84
hectares aligns with continued urbanization driven by dam-related infrastructure and population

dynamics.

Cumulatively, from 2001 to 2023, these land cover changes depict a landscape shaped by the
combined impact of human interventions and environmental factors. Forest cover decreased by
94,360.47 hectares, reflecting long-term deforestation pressures, while water bodies increased,
possibly due to dam-induced hydrological regulation. Shrubland growth underscores ecological
adaptation or secondary succession, and the decrease in agricultural and urban areas indicates
ongoing land use restructuring (Zeleke & Push, 2020). These insights highlight the pressing need
for sustainable land management and continuous environmental monitoring to mitigate adverse

ecological effects stemming from dam construction (Yami et al., 2020).
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4.3.1.2. Transition matrix

® Change (2012-2023)

Change (2001-2023)

A Land Cover Change Matrix records that each land cover category will change to the other cat-

egory (Peiman, 2011). comparing the land cover from respective years Comparing the land cov-

er from the respective years 2001-2023 in the GERD (Grand Ethiopian Renaissance Dam) and

its vicinity was informative, as it provided a better understanding of the changes.

Table 5 LULC transition area.

2023\ 2001 | Water | Forest | Agriculture | Built-up | Shrubland
Water 88.5 0.5 12 4.8 5

Forest 1 83 3.5 6.5 6
Agriculture | 2.5 5 65 18 9.5
Built-up 5 8 15. 55 17
Shrubland 3 35 15.3 16.7 62
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In the vicinity of the Grand Renaissance Dam in Ethiopia, land cover dynamics between 2001
and 2023 reveal a landscape with moderate stability as well as dramatic changes due to human
interventions and development. Water bodies have also not changed much, with about 88.5% of
the cover still in water, while part of the water areas about 4.8% has been developed to built-up
land, an indication of infrastructural growth related to dam construction and expansion. Forest
cover is also much intact, with about 83% remaining intact; however, part of it about 6.5% has
been altered to built-up land, an indication of localized deforestation or clearance for develop-
mental purposes. Agricultural land still dominated, with 65% of the land remaining under culti-
vation, but a significant portion (approximately 18%) has been transformed into built-up land,
suggesting increasing human settlement and infrastructure near the dam. Built-up lands have in-
creased hugely, with some 55% remaining as urban land, and some of it about17% has been con-
verted to shrubland. Conversely, shrubland has been relatively more resilient, with 62% intact,
although approximately 16.7% has been converted into urbanized land, and 15.3% into agricul-
ture, indicating ongoing changes in land use due to urbanization and exploitation of resources.
Overall, the evidence indicates both resistance of natural features of the landscape as well as the
insidious impacts of development associated with the dam and the surrounding region.

4.3.2. Accuracy assessment land cover types

The LULC mapping was conducted using the Random Forest classifier within the Google Earth
Engine platform. The classification system assigned specific values to different land cover clas-
ses: O for Forest, 1 for Water, 2 for Shrubland, and 3 for built up and 4 for Agriculture. The Ran-
dom Forest classifier was trained using training samples derived from Landsat images captured
in the years, 2001, 2012, and 2023. Each class was represented greater than 50 training samples.
The overall accuracy and kappa coefficient of the land use land cover classification was calculat-

ed using a code.
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Table 6: Accuracy assessment

Year Overall accuracy Kappa coefficient
2001 0.9 0.89
2012 0.95 0.94
2023 0.97 0.96

Based on Table 6 the accuracy of the land use and land cover (LULC) classification for the
GERD region, validated using Google Earth Engine (GEE) and Landsat satellite imagery,
demonstrated consistent improvement over the study period (2001-2023). The overall accuracy
rose from 0.90 (90%) in 2001 to 0.95 (95%) in 2012 and further to 0.97 (97%) in 2023, reflecting
advancements in remote sensing technology and refined classification methodologies. Similarly,
the Kappa coefficient, which quantifies the agreement between classified data and ground-truth
references, increased from 0.89 in 2001 to 0.94 in 2012 and 0.96 in 2023. These high accuracy
scores align with globally recognized standards for LULC mapping (Congalton & Green, 2019),
underscoring the reliability of observed trends such as deforestation, urbanization, and reservoir
expansion. The progressive enhancement in accuracy can be attributed to the integration of ad-
vanced Landsat sensors, improved machine learning algorithms and expanded ground truth vali-
dation datasets (Christofi et al., 2025). The use of GEE further ensured scalable and reproducible
processing of multi-temporal satellite data, minimizing misclassification errors and enhancing
spectral discrimination of complex land covers like fragmented forests and urban sprawl (Gorel-
ick et al., 2017).

4.4. The Relationship between LULC, Climate Variably and Evapotranspira-
tion Dynamics from the Period of 2001 to 2023

The current studies used random forest regression model to testing how AET trends explain by
rainfall and LST climate variables based on R? in form scatter plot figure, and as well how the

value of AET is parallelly increasing the water bodies land use classes.
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As random forest regression result demonstrated, both rain fall and land surface temperature ex-
planatory variables are explained the actual evapotranspiration trends from 2001-2023, the result
of regression R? between rainfall and AET scored 0.93, this indicating rainfall strongly explain
the AET trend. Similarly, the LST are another climate variable explained the AET in the present
study, with value of 0.87 R%.

In contrast, the rainfall is over explained AET rather than LST. This result indicating the trend of
AET is explained by the trends of LST, and rainfall climate variables, as well as the water body
similarly shown increment with AET, as the above LULC result revealed particularly in water
bodies.by -based regression two scatter plots that clearly demonstrate the relationships between
Actual Evapotranspiration (AET), Land Surface Temperature (LST), and rainfall in the vicinity
of the Grand Ethiopian Renaissance Dam (GERD). These relationships highlight significant mi-
croclimatic changes triggered by the formation of the GERD reservoir, which has reshaped the

local climate.
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Figure 20 Random Forest regression

The spatial patterns observed in the GERD region reveal that areas with increased water cover-
age and vegetation exhibit elevated actual evapotranspiration (AET) rates, which actively en-
hance atmospheric moisture recycling. This feedback loop not only supports the observed rise in

local rainfall but also underscores the bidirectional relationship between land surface processes
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and regional precipitation dynamics. These findings are consistent with similar studies indicating
that increased AET from reservoirs and forested areas amplifies atmospheric moisture content,
subsequently promoting regional rainfall (Abdelrady et al., 2021; Mengistu et al., 2023). Addi-
tionally, AET plays a pivotal role in sustaining soil moisture and vegetation-driven transpiration,
further reinforcing land-atmosphere coupling (Gebremichael et al., 2023; Deng et al., 2022).

The GERD reservoir serves as a case study of how engineered water infrastructure can modulate
regional climate by fostering evaporative cooling a phenomenon that has been documented glob-
ally in large dam systems and is known to offset localized warming trends (Wu et al., 2004; Grill
et al., 2015). These insights align with broader research emphasizing the dual role of land use
and land cover (LULC) changes in both enhancing hydrological recycling and contributing to
thermal regulation through increased surface water and vegetation (Pathak et al., 2018). Collec-
tively, this body of evidence positions AET as a critical driver in the feedback loop between land
surface modifications and regional climate behavior, reinforcing the climate-modulating poten-

tial of large-scale hydrological interventions such as the GERD.

Moreover, In the context of the GERD and its vicinity, the random forest regression analysis re-
veals that rainfall significantly influences Actual Evapotranspiration (AET), especially during
the dam filling period. The model with rainfall as the predictor exhibits a lower MAE of 0.32,
indicating more accurate predictions compared to the LST-based model. This validity is support-
ed by studies showing that the filling of large reservoirs like the GERD leads to increased local
and regional rainfall and water body expansion due to altered hydrological cycles (Gebremedhin
& Kebede, 2020). The increased water availability results in higher evaporation rates, which in
turn elevate AET levels consistent with prior research demonstrating that reservoir impoundment
and water surface expansion enhance evapotranspiration (Yohannes et al., 2019). Simultaneous-
ly, the expansion of water bodies and increased moisture content tend to decrease Land Surface
Temperature (LST) in the surrounding region due to the cooling effect of water surfaces and in-
creased humidity (Zhang et al., 2018). These environmental modifications underscore the inter-
connected impacts of the GERD filling on regional hydrology and climate variables, emphasiz-
ing the importance of considering water surface dynamics and rainfall in hydrological modeling

and water resource planning within this region.
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CHAPTHER FIVE
5.CONCLUSION and RECOMMENDATION

5.1. Conclusion

This study provides crucial insights into the dynamics of actual evapotranspiration (AET) in the
Benishangul Gumuz region, particularly in the vicinity of the Grand Ethiopian Renaissance Dam
(GERD). The findings demonstrate that since the GERD reservoir was impounded in 2020, there
has been a significant increase in AET, rising from approximately 5.4 mm/day in 2020 to 6
mm/day in 2023. These changes in AET, moisture availability, and local temperature regulation
highlight the profound impact of the dam on local microclimates and regional hydrological dy-
namics, fostering moisture recycling and contributing to ecological resilience. The analysis also
reveals that, prior to the dam’s construction, AET remained relatively stable, averaging about 3
mm/day between 2001 and 2019, reflecting consistent land surface and hydrological conditions.
However, with the impoundment of the reservoir, the increase in AET signals a shift in the re-
gional hydrological cycle, driven in part by enhanced evaporation from the dam’s large water
body and its interaction with local temperature and precipitation patterns. Land use/land cover
(LULC) analysis underscores the broader ecological transformations in the region, including de-
forestation, urbanization, and the expansion of water bodies and built-up areas. These LULC
changes, largely attributed to the GERD’s construction and operational activities, introduce both

opportunities and challenges for sustainable land and water management.

The shifting land cover poses challenges for ecosystem conservation and necessitates integrated
land management strategies that account for both infrastructure development and environmental
sustainability. Given the significant influence of the GERD on AET, climate, and land cover, this
study emphasizes the need for a holistic approach to water resource management in the Nile Ba-
sin. These results indicate that rainfall explains 93% of the variability in AET, making it a
stronger predictor than LST, which explains 87% of the variance. The lower MAE in the rainfall
model also indicates higher predictive accuracy. The introduction of floating solar panels on the

GERD reservoir could provide an innovative solution to reduce evaporation, maintain water lev-

67



els, and generate renewable energy, contributing to long-term water quality monitoring and sus-
tainable resource management. Ultimately, the findings highlight the necessity for continuous
monitoring, reforestation, and responsible land use planning to enhance the resilience of the re-
gion's ecosystems and ensure the sustainable management of water resources. Collaboration
among stakeholders, effective governance, and strategic planning will be essential in addressing
the complexities of climate variability, infrastructure development, and regional water resource
management in the Nile Basin. This study calls for a proactive, integrated approach to managing
the evolving environmental conditions in the GERD region, ensuring that both the natural envi-

ronment and local communities’ benefit from sustainable water and land use practices.

5.2. Recommendation

The findings of the research conducted provide numerous suggestions to enhance the manage-

ment of water resources.

1. The use of floating solar panels on the artificial lake of GERD: This will reduce water evapo-
transpiration substantially as well as aid in renewable energy generation. The Ethiopian fed-
eral government is advised to manage monitoring of water levels, vertical flow of water, and
the overall quality of water in order to minimize environmental impacts. There is a need to
collaborate with government agencies for optimal planning and management of this project.

2. Strategies for Integrated Land Management: Environmentalists are prompted to advance and
advocate land management practices that contribute towards the sustainable coexistence of
forest conservation and agricultural activities. Strategies should be formulated to minimize
the adverse impacts of agricultural land expansion on forests. Environmentalists should stress
emphasizing such practices to ensure ecosystem maintenance, biodiversity protection, and
provision for the sustainable use of water resources.

3. Enhancing Reforestation Activities: Reforestation and restoration activities are recommended
to be given high priority in areas where forests are degraded. These activities will reinstate
bio-diversity, improve water holding capacity, and support overall landscape health. It is im-
portant that respective stakeholders, including government departments, environmental
NGOs, and local communities, own such activities to ensure long-term success and sustaina-

ble land management.
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4. Promotion of Sustainable Farming Techniques: It is recommended that the adoption of sus-
tainable agriculture practices in the GERD region should be enhanced to save water and en-
hance the efficiency of water use. Techniques such as crop rotation, agroforestry, and con-
servation tillage can help in maintaining soil, enhancing water holding capacity, and lessen-
ing the adverse impacts of agriculture on the environment. It is necessary that farmers, agri-
cultural extension programs, and government officials come together in promoting these
practices to ensure long-term agricultural production and water resources sustainability of the
GERD region.

5. Informing Agriculturalists within the GERD Region and its vicinity: Sensitize agriculturalists
to the impacts of climate change on water resources and agriculture within the GERD region.
The common awareness should be on release of information regarding sustainable agriculture
technology such as water-saving irrigation devices and soil-saving techniques. As an agricul-
tural expert, it is important to empower farmers with the necessary information and equip-
ment to counter the weather changes so that they continue farming activities keeping produc-
tion on and conserving water.

6. Collaborative Governance: Promote collaboration among stakeholders, including government
agencies, Nongovernmental organization, and local communities, to develop and implement

effective water resource management.
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APPENDEX

This code performs land use/land cover classification in Google Earth Engine by preprocessing
landsat imagery, using training data, and applying a Random Forest classifier.

Imports (15 entries) B

var Forest: FeatureCollection (6@ elements) | )
var water: FeatureCollection (68 elements) [ 7
var Shrubland: FeatureCollection (51 elements)
var builtup: FeatureCollection (61 elements) [ (]
var Agriculture: FeatureCollection (52 elements)
var Forestl: FeatureCollection (70 elements) )
var waterl: FeatureCollection (59 elements) |

var Shrublandl: FeatureCollection (58 elements)
var builtupl: FeatureCollection (64 elements) |
var Agriculturel: FeatureCollection (55 elements)
var Forest2: FeatureCollection (64 elements) [ ;
var water2: FeatureCollection (66 elements) [ [©
var shrubland2: FeatureCollection (56 elements)
var builtup2: FeatureCollection (76 elements) |

var Agriculture2: FeatureCollection (54 elements)

// Load your boundary asset
var boundary = ee.FeatureCollection('projects/ee-enatihuny/assets/enat’);

N selh 85 Fle % L RS A8 MS JA .. R Ak S 4

-

// Define the date ranges for the years
var startDate200l = "2081-21-81°;

var endDate200l1 = '2001-12-31";

var startDate2012 = "2012-01-91°;

var endDate2@12 = '2012-12-31";

var startDate2023 = "2023-01-@1';

var endDate2023 = '2622-12-31";
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// Load the Landsat Collection 2 ImageCollections
var landsat7 = ee.ImageCollection(’ LANDSAT/LE®7/C02/T1");
var landsat8 = ee.ImageCollection( ' LANDSAT/LCO8/C02/T1");

// Function to filter, mask clouds, and create a median composite for Landsat 7
function createCompositelandsat7(startDate, endDate) {
var filtered = landsat7
.filterDate(startDate, endDate)
.filterBounds(boundary);

function maskClouds(image) {
var cloudMask = image.select('QA_PIXEL');
var clouds = cloudMask.bitwiseAnd(1 << 4).eq(2); // Clouds
var cloudShadows = cloudMask.bitwiseAnd(1 << 3).eq(@); // Cloud shadows
return image.updateMask(clouds).updateMask(cloudShadows);

¥

var cloudfFree = filtered.map(maskClouds);

// Create a median composite
var composite = cloudFree.median().clip(boundary);

// Handle scanline gaps
var gapFilledComposite = composite.unmask(calculateGapFill(composite, cloudFree));

return gapFilledComposite;

function calculateGapFill(original, cloudFree) {
// Use the cloud-free collection to fill gaps
var filled = cloudFree.median().clip(boundary);

// Create a mask from the original composite
var mask = original.mask(); // Mask to identify valid pixels

// Replace missing values (value equals zero) with cloud-free image values
return original.unmask(filled); // Fill gaps where original is missing with filled

}

// Function to filter, mask clouds, and create a median composite for Landsat 8
function createCompositelandsat8(startDate, endDate) {
var filtered = landsat8
.filterDate(startDate, endDate)
.filterBounds(boundary);

var composite = filtered.median().clip(boundary);
return composite;

¥

// Create composites for the years (using Landsat 7 for 2001 now)

var landsat7Composite20@l = createCompositelandsat7(startDate20@l, endDate2001);
var landsat7Composite2012 = createCompositelandsat7(startDate2012, endDate2012);
var landsat8Composite2023 = createCompositelandsat8(startDate2023, endDate2023);
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// Define visualization parameters

var visParams = {
bands: ['B4', 'B3', 'B2'], // True color visualization (RGB)
min: @,
max: 390@

¥

// Optional: Export the composite images to Google Drive
Export.image.toDrive({

image: landsat7Composite2001,

description: ‘Landsat7_Composite 2801°,

scale: 3@,

region: boundary.geometry(),

maxPixels: 1el3

1)

Export.image.toDrive({
image: landsat7Composite2012,
description: ‘Landsat7_ Composite 28127,
scale: 30,
region: boundary.geometry(),
maxPixels: 1el3

s

Export.image.toDrive({
image: landsat8Composite2023,
description: 'Landsat8 Composite 2023',
scale: 30,
region: boundary.geometry(),
maxPixels: 1el3

s

// Define training points for each year

var trainingPoints2001 = water.merge(Forest).merge(Shrubland).merge(builtup).merge(Agriculture);

var trainingPoints2012 = Forestl.merge(waterl).merge(Shrublandl).merge(builtupl).merge(Agriculturel);
var trainingPoints2023 = Forest2.merge(water2).merge(shrubland2).merge(builtup2).merge(Agriculture2);

// Sample the images for training

var training2001 = landsat7Composite200l1.sampleRegions({
collection: trainingPoints20e1,
properties: ['land'], // Ensure class labels are in the 'land' property
scale: 3@

1
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var training2012 = landsat7Composite2@12.sampleRegions({
collection: trainingPoints2012,
properties: ['land’],
scale: 30

1)

var training2@23 = landsat8Composite2023.sampleRegions({
collection: trainingPoints2@23,
properties: ['land’],
scale: 3@

1)s
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// Train the classifier using a Random Forest method for each year
var classifier2001 = ee.Classifier.smileRandomForest(50).train({

features: training20e01,
classProperty: 'land’,

I H

inputProperties: ['B4', 'B3', 'B2'] // Choose appropriate bands for classification

var classifier2012 = ee.Classifier.smileRandomForest(50).train({

features: training2012,
classProperty: 'land’,
inputProperties: ['B4', 'B3', 'B2"]

1)s
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var classitier2023 = ee.Classitier.smileRandomForest(5@).train({
features: training2023,
classProperty: 'land’,
inputProperties: ['8B4', 'B3', 'B2']

1)s

// Classify the images using the trained classifiers

var classified2001 = landsat7Composite200l.classify(classifier2001);
var classified2012 = landsat7Composite2@12.classify(classifier2012);
var classified2023 = landsat8Composite2023.classify(classifier2023);

// Define visualization parameters for classified images
var classifiedVisParams2e01 = {
min: @,
max: 4, // Adjust based on the number of classes
palette: [
‘#2a4708', // forest (green)
'#033fd6', // water (blue)
‘#ffi1ds6’, // builtup (red)
‘#ffe923", [/ Agriculture (yellow)
'#2efblb', // shrubland (light blue)

var classifiedVisParams2e12 = {

min: @,
max: 4, // Adjust this based on the number of classes you have for 2012
palette: [

'#0a4bl1', // Forestl (green)
'#2156ff', // Waterl (blue)
‘#ff1949', // builtupl (red)
'#889916°, // Agriculturel (yellow)
'#poffee’', [/ Shrublandl (light blue)

]
¥
var classifiedVisParams2023 = {
min: @,
max: 4, // Adjust this based on the number of classes you have for 2023
palette: [
'#19642b', // Forest2 (green)
'#1336ff°, // Water2 (blue)
'#ff135a', // builtup2 (red)
‘#fffdad’, // Agriculture2 (yellow)
'#13ff4b", // Shrubland2 (light blue)
1
¥

// Visualize the classified images for each year

Map.addLayer(classified2001, classifiedVisParams20@1, 'Classified 20081');
Map.addLayer(classified2012, classifiedVisParams2012, ‘Classified 2012');
Map.addLayer(classified2@23, classifiedVisParams2023, ‘Classified 2023");
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// Optional: Center the map on your area of interest for better visualization
Map.centerObject(boundary, &);

// Export the classified images to Google Drive
Export.image.toDrive({

image: classified2e01,

description: ‘'Classified_Image_2@01°',

scale: 38,

region: boundary.geometry(),

maxPixels: 1lel3 // Adjust if necessary

s

Export.image.toDrive({
image: classified2012,
description: 'Classified_Image 2012',
scale: 30,
region: boundary.geometry(),
maxPixels: 1el3

s

Export.image.toDrive({
image: classified2023,
description: 'Classified_Image_ 2023°,
scale: 30,
region: boundary.geometry(),
maxPixels: 1e13

s
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// Function to split the training points into training and validation sets
function splitTrainingValidation(trainingPoints) {
var withRandom = trainingPoints.randomColumn('random'); // Add a random column
var trainingSet = withRandom.filter(ee.Filter.lt('random', @.8)); // 80% for training
var validationSet = withRandom.filter(ee.Filter.gte('random’, ©.8)); // 20% for validation
return { trainingSet: trainingSet, validationSet: validationSet };

¥

// Split training and validation sets for each year

var split2@el = splitTrainingValidation(trainingPoints2001);
var split2e12 = splitTrainingValidation(trainingPoints2012);
var split2023 = splitTrainingValidation(trainingPoints2@23);

// Sample the images for training]

var training2e6@1 = landsat7Composite2@@l.sampleRegions({
collection: split2@01.trainingSet,
properties: ["land’], // Specify class property accordingly
scale: 30

1)

var training2@12 = landsat7Composite2012.sampleRegions({
collection: split2@12.trainingSet,
properties: ['land'],
scale: 39

1)s

var classitier2023 = ee.Classitier.smileRandomForest(59).train({
features: training2023,
classProperty: 'land’,

inputProperties: ['8B4', '83', 'B2']

s

// Validate the classified outputs and calculate accuracies
var validation2001 = landsat7Composite2@01.sampleRegions({
collection: split2@01.validationSet,
properties: ["land'],
scale: 3@
}).classify(classifier2eel);

var validation2012 = landsat7Composite2012.sampleRegions({
collection: split20@12.validationSet,
properties: ['land’'],
scale: 32

}).classify(classifier2e12);

var validation2023 = landsat8Composite2@23.sampleRegions({
collection: split2@23.validationSet,
properties: ['land’],
scale: 30

}).classify(classifier2023);

Dependent and independent variable

Below The table dependent variable is Actual evapotranspiration the independent
variable is land surface temperature and rainfall.
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Table 1: dependent and independent variable

AET in mm/day Rainfall in mm/ year LSTin°C
4.1 1400 26
4.2 1300 27
3.9 1334 32
3.7 1446 31
4.1 1236 32
4.2 1330 29
3.97 1425 28.5

4 1300 25
4.1 1325 29
4.7 1425 26
4.16 1340 27
4.78 1350 25
4.8 1390 29.5
4.7 1450 27
4.8 1330 26
4.8 1450 27.5
4.7 1400 32
4.6 1390 30
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4.5 1320 26.5
4.75 1452 27.3
4 1300 26.5
5 1400 26
4.07 1320 27.5
3.9 1200 27
5 1490 28.5
5 1485 26
3.85 1230 29
3.9 1220 32
3.9 1200 33
4.1 1390 31
4.7 1400 31
4.9 1100 23
5 1115 22
5.1 1120 21.99
4.8 1023 23.5
6.1 1250 20
5.2 1189 21
4.9 1036 23
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5.1 1121 21.8
5.2 1200 20.5
4.79 1222 23.4
5.2 1223 20.8
5.1 1245 20.92
4.9 1004 22
4.5 989 24
5.6 1250 19
5.7 1290 18.9
5.15 1050 22
5.2 1298 21
4.9 1029 23
5.1 1290 21.8
5.2 1275 20.5
4.79 989 234
5.2 1300 20.8
5.1 1298 20.92
4.9 1002 22
4.5 908 24
5.6 1340 19
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5.7 1345 18.9
5.15 1290 22
4.95 1187 245
4.8 1009 25
2.9 1000 37
2.7 998 37.5
2.73 999.5 37.2
2.6 1002 38
2.4 987 39
2.8 1024 37

3 1250 35
3.1 1254 34
2.9 1200 36.5
2.7 1197 37.1
2.85 1198 36.5
2.16 992 38.5
2.3 998 36.5
2.5 997 345
2.6 1070 33.5
2.7 1089 32
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2.89 1000 31
2.9 998 37
2.7 999.5 37.5
2.73 1002 37.2
2.6 987 38
2.4 1024 39
2.8 1250 37

3 1254 35
3.1 1200 34
2.9 1197 36.5
2.7 1198 37.1
2.85 992 36.5
2.16 998 385
2.3 997 36.5
2.5 1070 345
2.6 1089 335
3.7 1027 32
3.6 1009 33
3.4 1098 34
3.1 997 345
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3.65 1195 315
3.5 1200 31.7
3.55 1209 32

3 987 36
2.9 970 37
3.6 1270 31
3.4 1265 33
3.6 1267 29.5
2.9 1100 34
2.9 908 34.1
3.21 1002 31.7
3.15 1000 32
31.6 1027 31.9
3.7 1009 32
3.6 1098 33
3.4 997 34
3.1 1195 34.5
3.65 1200 315
3.5 1209 31.7
3.55 987 32
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3 970 36
2.9 1270 37
3.6 1265 31
3.4 1267 33
3.6 1100 29.5
2.9 908 34
2.9 1002 34.1
0.9 956 39.5
0.1 880 40
0.8 900 39.3
0.01 870 41
0.8 890 39.2
0.7 902 39.9
0.6 870 40.1

1 997 38.9
1.2 1000 38.1
0.75 870 42
0.9 900 40
0.78 976 41
0.76 976 41.1
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0.78 967 40.5
0.1 840 42
0.001 760 42.5
0.9 978 395
0.1 870 40
0.8 956 39.3
0.01 752 41
0.8 867 39.2
0.7 765 39.9
0.6 702 40.1

1 978 38.9
1.2 988 38.1
0.75 867 42
0.9 900 40
0.78 898 41
0.76 870 41.1
0.78 879 40.5
0.1 745 42

0.001 700 42.5
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