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Abstract 

The hydrological functions of river catchments are affected by numerous natural and man-made 

changes. Climate change is also one among them that has a complex effect on river basins. The 

river basins are vulnerable to natural and anthropogenic disruptions, changes in land use and land 

cover, and changes in hydrological characteristics because of water resources developments. The 

present study utilized hydrological modelling and remote sensing methods to determine the 

catchment response due to LULC changes at spatial and temporal scales for a river basin in 

Ethiopia. The study envisages hydrological assessment of LULC and climate change within the 

water resources development scenarios of the Omo Gibe Basin in Ethiopia.  

Soil and Water Assessment Tool (SWAT) software was provided with inputs related to 

precipitation, topography, elevations, and soil types for hydrological modelling of the basin. 

Surface runoff, streamflow, and groundwater yield are some of the important outputs from SWAT 

for the basin. The precipitation inputs were provided with forecasts from climate models using 

different Representative Concentration Pathway (RCP) emission scenarios. The seasonal variation 

of precipitation in Gibe III dam site catchment during the summer precipitation season forecasted 

an increasing trend from 12.63 % in the midterm (during 2050s) to 13.95 % in the long-term 

(during 2080s) using RCP2.6. A similar trend exists for the RCP8.5 scenarios as well. However, 

the RCP4.5 scenario shows a decreasing trend from 3.61% in the midterm to 3.11% in the long-

term prediction for this catchment. These trend analyses have shown the future shift of 

precipitations from summer to the winter and from the winter to spring seasons. The mean annual 

maximum temperatures in the mid-term are projected to increase by 1.34°C, 1.58°C, and 1.47°C 

for the RCP2.6, RCP4.5, and RCP8.5 scenarios, respectively, whereas the mean annual minimum 

temperatures in future long-term increase by 0.98°C, 1.03°C, and 1.35°C, respectively.  

Further, SWAT was calibrated using the basin data from 1995 to 2007 and validated from 

2008 to 2015 with 3 year’s warm-up period. As there is an increase in percentage change in the 

future for precipitation in the basin, the corresponding increase in runoff is also witnessed. 

However, the evapotranspiration rates decreased in the futuristic scenarios for the basin. The mean 

annual maximum temperatures in the mid-term year (i.e., the 2050s) are projected to increase by 

1.34°C, 1.58°C, and 1.47°C for the RCP2.6, RCP4.5, and RCP8.5 scenarios, respectively, whereas 

the mean annual minimum temperatures in future long-term 2080s increase by 0.98°C, 1.03°C, 

and 1.35°C, respectively. In this portion on temperature forecasts, the geo-statistical analysis 
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shows that Root Mean Square Standardized Error (RMSSE) is nearly 0.98 for both the ordinary 

kriging and Inverse Distance Weighted (IDW) interpolation method.  

The statistical parameters Nash and Sutcliffe efficiency (NSE) criteria, the coefficient of 

determination (R2), and Percent Bias (PBIAS) for both SWAT simulated and measured streamflow 

were estimated during calibration as 0.83, 0.76, and −3.37, and during validation as 0.856, 0.825, 

and −11.42, respectively. This shows that simulations have a very good correlation with the 

monthly observed and simulated streamflow in the lower Omo-Gibe basin. Climatic situations that 

influence evapotranspiration and precipitation processes, directly affect the basin’s surface runoff, 

and soil moisture. Precipitation, evapotranspiration, and streamflow indicated increasing trends. 

The analysis revealed the impact of climate change on future annual streamflow to be directly 

correlated with an annual change of precipitation and indirectly correlated with evaporation. 

The Land-use/Land-cover (LULC) classifications are some major inputs in SWAT model. 

The LULC classifications of Omo-Gibe for different periods were deduced from satellite images 

using the normalized difference indices on areas on vegetation, water bodies, and built-ups. The 

results indicate that LULC changes from 1987 to 2017 are significant for the region. The land-

cover changes revealed an increase in the proportion of agricultural land and human settlement. 

The SWAT model assessed the impact of LULC dynamics on hydrological components. The 

calibrated and validated SWAT model simulations reveal that the percentage differences in surface 

runoffs show increasing trends while comparing the LULC changes between 1987, 2002, and 

2017. Similarly, evapotranspiration values also increased from 1987 to 2017. However, other 

processes like groundwater flow, soil moisture, lateral flow, and water yield decreased in the basin 

from 1987 to 2017. Satisfactory comparison between the observed sediment yield from the basin 

and SWAT output justified the model’s capability to use in different land-use scenarios.  

Best management practices (BMPs) like – filter strips, terracing, and reforestation were 

artificially introduced in SWAT simulations of relevant sub-basins of Omo-Gibe. The simulations 

revealed reforestation as the BMP in reducing the sediment yield. Reforestation scenario 

simulation suggested a decrease in sediment output by 49.25%, 34.55%, and 40.84% for the years 

1987, 2002, and 2017, respectively. The revelation is essential for stakeholders and policymakers 

in managing surface-water projects using the LULC scenario. 

Key words: Climate Change, LULC, SRES RCPs, Hydrological Model, GIS and RS, BMPs.  
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Chapter 1 Introduction and Background 

1.1 General 

Global warming will raise existing challenges and create new risks for both the natural and human 

systems (Pachauri et al., 2014; Nordhaus et al., 2019; Seddon et al., 2020; Rasul et al., 2020; Islam 

et al., 2020). According to climate model predictors, the global mean temperature probably will 

increase from 1.1 to 6.4 oC in the next 100 years (Islam et al., 2020; IPCC, 2001) using several 

scenarios of greenhouse gas emissions. Precipitation is an important component in the hydrologic 

cycle (Trenberth 2011) that controls the mass balance of water in a catchment to cater water supplies 

and demands under various water stresses (Seddon et al., 2020; Lacombe et al., 2016). The 

knowledge of flow and appearances of rainfall are useful to predict its effect on hydrological cycles 

in a basin. In addition, the effects of evapotranspiration are also important to address catchment 

hydrological issues. The effects of climate change on the water resources system as well as on the 

water infrastructures have to be assessed through hydrological impact studies and thereafter devise 

suitable management practices (Nordhaus et al., 2019; Tatsumi et al., 2011). As precipitation is the 

major input of water in a basin, in general, its increase provides more available water and vice versa. 

In a similar way, the influence of temperature on water availability is also ascertained by the change 

in rates of evapotranspiration that causes variability in available water (McCain, 2007; Zhao et al 

2005). This is one of the difficult challenges faced by water managers, as the available land and 

water resource in the basin are not utilized effectively to improve the livelihood and socio-economic 

conditions of the inhabitants. 

The climate change impact on water availability causes demographic and economic 

deviations in a region. The land use/land cover of a region changes due to the anthropogenic socio-

economic developments and, in addition to climate change, also influences the watershed 

hydrological responses (Mango et al., 2011, Nie et al., 2011; Berihun et al, 2019). The effect of 

land degradation in most catchments has reduced the infiltration rates and caused increased runoff 

generation from the catchment (Borrelli et al., 2021; Altobelli et al., 2020; van Roosmalen et al, 

2009). Hydrologic modelling, in such circumstances, aids in estimating water availability as well as 

assist the water resources management of a basin (Jain et al., 2021; Dwarakish and Ganasri, 2015; 

Wang et al., 2013). Climate change and hydrological impact assessment at a spatial scale are 

essential to know water resource potential as well as to study the impact of human interference on 

the watershed. The natural climate variability and anthropogenic change have a great influence on 

the surface and subsurface water resource availability and its distribution. The spatio-temporal 

hydrological modelling helps to visualize and strategize different environmentally sustainable 
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management scenarios in a basin. Henceforth, climate change effects on surface and sub-surface 

water resources must be utilized in integrated planning for a sustainable supply of water and its 

support to food security. The maximum and minimum temperatures in Ethiopia, in the last few 

years, have increased at about 0.37 °C and 0.28 °C per decades (NMA, 2007; Mc Sweeney et al, 

2008; Chaemiso et al, 2016). In Ethiopia, the vulnerability to climate change is different from place 

to place. The vulnerability of the region to climate change indicated that the net effect of sensitivity, 

exposure, and adaptive capacity are different across the region (Temesgen et al, 2006). Therefore, 

an increasing occurrence of late rains and droughts is consistent with scientific assessments on the 

impacts of climate change in the basin. Droughts can be associated with higher temperatures and 

consequential higher evaporation rates. Increased variability of rains is consistent with changes in 

local rainfall patterns. Predictions of future temperatures rise and ever-increasing rainfall variability 

indicated that both droughts and late rains would probably become more pronounced in the coming 

decades (Marius, 2009). The ecosystems and biodiversity are affected because of climate change. 

This means there will be an increase of extreme weather events as well as change in 

precipitation and atmospheric circulation patterns. Climate change will have an important impact 

on the hydrological cycle and in the magnitude and quality of water resource potentials (Watson et 

al, 1998). These variations can promote limitless changes in the availability of water resources at 

regional and national level. Ethiopia depends on agriculture (Davis and Amudavi, 2009; White et 

al., 2001), as it is the backbone of the country’s economy. Besides, the agricultural yield and 

productivity depends on the availability of water resources in the region or country. Hydrological 

extremes and the increased pollution will affect the country’s economy (Easterling et al, 2000), 

causing far reaching transformations in the economies that are dependent on the availability and 

demand for water resources (Altobelli et al., 2020; Rasul et al., 2020; Islam et al., 2020; Tundisi 

2008). The extremes in hydrological events can affect human society through floods, landslides, 

low and high flows, increase in semi-arid and dry regions (Tundisi 2008). Urban areas can be 

extremely vulnerable to these hydrological extremes. Erosion, flooding, sedimentation, and other 

damaging actions of water are a part of the water resource problem that must be given major 

attention in human settlement areas. Climate change can affect the function and operation of existing 

water infrastructures (Bates and Wu 2008; Altobelli et al., 2020; Rasul et al., 2020) like hydropower, 

flood protection structures, drainage and irrigation systems as well as water management practices.  

Estimating the possible hydrological impact due to the effect of climate change on water 

resources is important for sustenance of the society on river basins. Precipitation, in particular, 

greatly influences the amount of water flowing through the water cycle and the availability of water 

in a basin. In general, higher precipitations lead to more water availability and similarly, lower 

TH-2892_166104046



 

  

3 

  

precipitations lead to reduced water supply. The change in temperatures due to climate change 

influences the water availability of the region (Liu et al, 2009).  

A river basin is a dynamic and complex system involving a number of natural or 

anthropogenic physical processes (Tilmant et al., 2020; Deshmukh et al, 2013) that can function at 

the same time and have various spatial and temporal effects. Remote sensing data (Butt et al, 2015) 

is the primary source data for evaluating land use and land cover (LULC) and environmental 

processes in the local or global spatial scale. LULC changes alter the watershed hydrological 

responses like surface runoff, evaporation, transpiration, infiltration, subsurface interflow, 

percolation to groundwater aquifers, and base flow to the rivers, etc. (Mengistu 2009). The 

uncertainty of land-use resulting from population growth, urbanization sector expansion, and 

climate change (Tan et al, 2015) is increasing at an alarming rate. Agricultural expansion (Lee 2005) 

and intensification, urban growth, and other natural resources are expected to intensify in the coming 

decades to meet the demands of a cumulative population. Urban land-use change is mostly 

influenced by the activities of human beings due to growing population pressures (Smith et al, 2016) 

and the rise in economic levels of the region (Rajan and Ryosuke, 2001). 

The rapidly growing population and climate impact in the basin, particularly in the 

developing world (De Sherbinin et al., 2008) resulted in forest destruction. The influence of human 

activities on the land has increased exponentially over the past two centuries (Ellis et al., 2013; 

Boivin et al., 2016) due to population growth and technological progress, thereby, altering the entire 

ecosystems, and increasingly affecting both the biodiversity, nutrient and hydrological cycles of the 

environment (Tilmant et al., 2020; De Sherbinin, 2002). These changes in LULC systems have 

important environmental consequences through their impacts on soil and water, biodiversity, and 

microclimate (Lambin et al., 2003). The types of LULC will affect both the infiltration and the 

amount of runoff by falling precipitation (Hougton, 1995). Types of land cover significantly affect 

both surface and sub-surface flow. Surface runoff is mostly contributed directly from precipitation, 

whereas groundwater flow is contributed from infiltrated or percolated water. However, the source 

of streamflow during the dry and wet month is primarily from the surface runoff and the 

groundwater (Abebe, 2005). In addition, deforestation also has its own effects on hydrological 

cycles, leading to reductions in precipitation and faster post-precipitation runoff (Legesse et al., 

2003). Understanding watershed hydrology is very important to assess the potential impact of LULC 

change on catchment hydrology under land-use dynamics.  

LULC changes are highly influenced by man-made actions and natural events that happened. 

Therefore, the LULC dynamics are the product of complex interactions between environmental and 

ecological conditions that can occur at different temporal and spatial scales (Reid et al., 2000). The 
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main driving forces of LULC dynamics are: Population Growth, Economic Growth, Demographic 

conditions, and Technology (agricultural chemical) (Mather and Needle, 2000; Noe et al., 2017). 

According to (Lambin et al., 2003), evaluating the impact of LULC change on water resource 

management and formulating policies are very important in monitoring future basin-level water 

resource potential. LULC change will alter the hydrological cycle by increasing or reducing flow 

and storage (Wang, 2014). Long-term reduction in the evapotranspiration and recycling of water 

activates changes in climate and weather patterns of the region. 

Omo-Gibe basin is one of the main source of water for Ethiopia's economy. Effective use 

and management of LULC under consideration of water resources projects (Mango et al., 2011) is 

very important when considering the effect of catchment hydrology on the development of the basin. 

It requires optimizing these potential resources of water with increasing population growth. 

Analysing sensitive parameters affecting the basin and understanding how LULC influences 

streamflow will allow planners to formulate policies to minimize the unwanted effects of future 

land-use changes on the pattern of catchment streamflow. Furthermore, by changing the future 

LULC and developing different LULC scenarios will have major impacts on basin water resources 

(Zhang et al., 2015). However, to predict the future effects of LULC, it is important to accept the 

effects of historic LULCs on its flow. Land use planning and land management are inter related to 

the available water resources in the region. The land degradations in most catchments have reduced 

the infiltration rates and detention storages that have increased the surface runoffs (van Roosmalen 

et al., 2009; Carmona et al., 2013).  

The application of climate change model and hydrological model in the basin at spatial and 

temporal scale along with the LULC changes are essential to estimate the water resource potential 

as well as to study the impact of natural and human interference on the watershed. Such studies help 

to set different management scenarios that will lead to sustainable water resources and eco-systems. 

As climate change affect precipitations and its intensities, the hydrological response studies should 

accommodate climate change projections for optimal water allocation in the basin for comfort of 

the current and future human generation and ecosystems. 

1.2 Statement of problem 

The IPCC findings indicate that developing countries, such as Ethiopia, will be more vulnerable to 

climate change (Abdo et al., 2009 Evangelista et al., 2013: Matewos 2020: Daba and You 2020). 

The climate change may have far-reaching implications to Ethiopia for various reasons. The country 

is planning to boost its economy significantly by increasing water-related projects like hydropower, 
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irrigation, and water supply, etc. (Sirte et al.,2008). The effects of climate change can significantly 

impact the hydropower production as the river flows may get affected by change in temperature, 

precipitation, and evaporation (Arnell 1999a). This change in stream flow has a direct pronounced 

effect on the water-related project capacity. In order to predict the future effects of land use and land 

cover on basin flow, it is important to have an understanding of the effects of historic land use land 

cover scenario on the river flow. The impact assessment and planning of water resource 

development based on hydrological analyses under the land use land cover dynamics are essential 

(Chang et al., 2015). The hydrological responses of a basin due to water resource development as 

well as climate changes have to be integrated in planning and sustainable management of the 

resources. These studies can point out the sensitive areas in the basin that might be affected by 

natural and anthropogenic effects as well as climate changes and water resources developments. 

The agricultural activities in arid and semi-arid parts of the basin are highly dependable on rainfall 

and the systems are affected by hydro-meteorological changes as a result of climate change. Since 

water and food security are closely related and also reliable access to water increases agricultural 

yields; lack of this can be a major cause of drought, famine, and malnutrition for arid and semi-arid 

areas. Therefore, proper planning of water resource management is crucial to assess climate impacts 

that alter the precipitation, temperature, runoff, and evaporation. 

In Omo Gibe basin, there are three existing hydropower projects and further two under 

construction and in planning stages. The project in planning stage includes irrigation project in the 

downstream as the basin has much potential for multi-purpose water resource development. Such 

projects may affect the natural flow regime and the amount of water flow into downstream ecology 

and the main inflow for Turkana Lake (Avery and Eng, 2012). There is a cascade hydropower 

project, which is under construction and in the planning stage in the basin. The change in water 

availability in the basin due to climate change may affect the performances of the water resources 

project planned at the site. Hence, climate change assessment is a vital step for optimal water 

allocation in the basin for the well-being of the human being and ecosystems. Considering the 

present challenge in the Omo-Gibe basin in Ethiopia, it is essential to understand the climate change 

effects on the basin hydrology in the present and future scenarios. The Gibe III dam is located within 

the Omo Gibe River basin in the middle part of the basin of the Omo River around 450 km by road 

South of Addis Ababa. The Gibe III dam is on the Omo River and the reservoir stretches to its 

tributaries - the Gibe and Gojeb Rivers. It is having 243 m high roller-compacted concrete dam with 

an associated hydroelectric power plant on the Omo River, which is largest hydroelectric plant in 

Africa with a power output of with a total installed capacity of 1870 MW. Besides the Gibe III dam, 

Gibe I dam (184 MW) and Gibe II power station (420 MW) are also located in the upstream part of 
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GIII. After Gibe III dam major tributaries of Omo Gibe basin downstream like Guma, Zigna, Mensa, 

and Denchiya join at the right side, while Deme, Zage and Irgene join to the system at the left side.  

1.3 Research Motivation  

Climatic change affects the natural system and disturbs hydro-ecological flow based on high and 

low streamflow. The basin streamflow depends on climatic parameters like evaporation, 

precipitation, temperature, and so on. The impact of upstream strong precipitation has the effect on 

downstream flooding and sedimentation. This ensures that the increasing year-to-year variability of 

rainfall increases both in droughts and heavy precipitation events, which decreases agricultural 

production (Gornall et al., 2010; J Tigabu et al., 2021) with associated negative effects on food 

security. Due to the increased evaporation and variability of rainfall events, the qualitative and 

quantitative availability of freshwater all over the country is likely to decline. Ecosystems and 

biodiversity are affected as a result of climate change and eventually, heavy rainfall and landslides 

would destroy the infrastructure (Marius, 2009; Amin et al., 2018; Miller et al., 2020) and disturb 

human settlement.  

LULC data at different spatial resolutions have also shown the changes that affect hydrologic 

model outputs (Wegehenkel et al., 2006; Shrestha et al., 2016). Upper Omo Gibe basin is located 

in high land and have rugged topography. Because of this complex catchment structure, there is a 

need to study how to sustain the basin hydro climatological parameter based on futuristic scenarios. 

The basin's downstream portion is lowland, with arid and semi-arid climate characteristics that are 

frequently affected by flooding and sedimentation (Miller et al., 2020; Tigabu et al., 2021; Ayalew, 

2009) (for example, August 2006 flooding and destruction). This necessitates the development of 

futuristic climate scenarios based on past and current hydro-climatic characteristics. 

1.4 Research Question 

The following research questions are pertinent to the region: 

• What are the expected physical impacts of climate change land use cover dynamics and 

hydrologic and climate-based surface water potential?  

• What effect does precipitation and evaporation have on the flow of streams under a climate 

change scenario and what are the general climate trends compared to the present situation? 

• What are the potential impacts of climate change on future hydrological and the basin's 

potential water resource?  
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• What are the potential effects of land-use land-cover changes on seasonal flow?  

• What is the current and future water resource management scenario for Omo-Gibe basin? 

1.5 Objective of the study 

The general objective of this study is Hydrological Assessment of Impact of LULC and Climate 

Change within the Water Resource Development Scenarios of Omo Gibe Basin, Ethiopia. 

1.5.1 Specific Objectives:  

➢ To develop future scenarios on climate change using spatial report emission scenario (SRES) 

and RCPs approach. 

➢ To assess the influence of precipitation and evaporation on stream flow using RCP and 

RCM scenario. 

➢ Forecasting hydrological events based on rainfall magnitude and flood frequency with in 

different return period using frequency model Under RCP scenario. 

➢ Assessment of the possible effects of climate change on future hydrological events. 

➢ Verification of suitability of SWAT hydrological model for the Omo-Gibe and its sub-basins. 

➢ Effect of land use/land cover changes on surface water availability using Best Management 

Practices (BMPs). 

➢ To simulate the water balances of the catchment and to identify sensitive parameters’ effect 

on surface water potential. 

1.5.2 Organization of the thesis 

Chapter 1 Covers the introductory and background information including significance of the study 

and its objectives 

Chapter 2, Gives a description of the study area, including the main characteristics of the Omo Gibe 

river basin including the location, rainfall characteristics or rainfall pattern, land use, topography 

and drainage sub basins.  

Chapter 3, The literature review and talks about methods how to manage water resources at a river 

basin scale. The chapter reviews the available simulation models and describes the GCMs output, 

RCMs, RCPs, dynamical Downscaling, GIS and RS, ERDAS Imagine, LULCC, SWAT and 

SWAT-CUP model, it characteristics and applications. Besides, the general condition and previous 

studies conducted in the basin are broadly discussed in the chapter. 
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Chapter 4, Describes methods and materials taken to achieve the objectives of the thesis. The chapter 

focuses on hydrological, meteorology, operational and physical data collection and analysis. 

Chapter 5 This Chapter assessment of the Impact of LULC Change on Surface water potential under 

different time based land use classification 1987, 2002 and 2017 image analysis, NDVI, NDWI, 

NDBI, hydrological model simulation results and discussion, sediment analysis and surface water 

impact analysis with conclusion and recommendation   

Chapter 6 Describes Water Management Scenario and best Management Practice scenario (BMPs) 

development, runoff mapping and including discussion and conclusion.  

Chapter 7 Deals with how GCMs output, RCM, RCPs analysis, SWAT, SWAT-CUP model was 

built for Omo Gibe river basin and how information was used and analyzed. The chapter that follows 

this presents simulation results and discussion and conclusion. 

Chapter 8 Analysis the impact of Climate change assessment in South Omo Gibe, GCM out pout 

RCPs, Evaporation, Precipitation and Streamflow, Geostatistical analysis, IDW interpolation, 

ordinary Kriging interpolation, Using Hydrological Model SWAT calibration and validation under 

analyzing downstream stream flow predication.      

Chapter 9 the thesis including the summary of overall dissertation conclusion and recommendation 

chapters, reference and the appendix sections.  

1.6 Significance of the study 

The aim of this study is to understand the complexity of the hydrological response of Omo Gibe 

basin at sub catchment level, on different timescales, and the roles of various controlling factors 

under homogeneity and heterogeneity identification (Siderius et al., 2018; Gebremicael et al., 2019; 

Miller et al., 2020; Jain et al., 2021). The study will contribute for local community and concerned 

bodies for devising appropriate management measures to minimize the undesirable effects of runoff 

and sedimentation. It can also aid in planning appropriate future land use/cover change 

developments without hampering the ecosystem. The effects of future midterm and longterm 

climate change on the catchment can be forecasted and its effect on the response of stream flow can 

be determined (Tigabu et al., 2021; Miller et al., 2020; Jain et al., 2021). 
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Chapter 2 Study Area 

2.1 Introduction and Background  

Ethiopia is located in The Horn of Africa. It has 12 river basins. The total mean flow is 

approximately 122 BCM (billion cubic meters) from these 12 river basins (MoWR, 1999, 

Awulachew et al., 2007). The Omo Gibe River Basin is geographically located between 34°55’50” 

and 38°25’42” East longitudes and between 4°25’40” and 9°2’48” North longitudes. The total area 

of the basin is about 79500 km2 (Fig 2.1).  

 

Figure 2. 1 Location of study area, Hydro-Climatological Station  

The maximum elevation of the Omo Gibe basin is 3625 m above mean sea level (amsl) at 

the upstream edge and the lowest is 235 m amsl at the downstream side of the basin flood plain. 

Gilgel Gibe and Gojeb Rivers are major tributaries to the main river of the basin. Omo-Gibe river 

basin has low rainfall during Belg (spring) season from February to May; followed by the main 

rainy season Kiremt (summer) from June to September; and the Bega (winter) season from October 
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to January. The basin's average annual precipitation and evapotranspiration is 1640 mm and 1400 

mm, respectively, and the basin's average air temperature varies from 15 to 29oC. It has a varied 

LULC including forestry, grassland, woodland, bare land, and water bodies. The amount of rainfall 

decreases throughout the Omo-Gibe catchments with a decrease in elevation (EEPCO, 2009). Due 

to rapid growth of population, demographic changes, and the interference of human beings, the 

forests and vegetation covers are reduced and consequently, runoff has become more variable, with 

much more rapid response to rainfall in the last 20 years (Avery, 2012). These rapid responses 

resulted in increased flooding that are accompanied by accelerated sediment transport in 

downstream areas. 

The basin is bounded by Baro-Akobo Basin in the western side; Blue Nile Basin in the north 

and northwest side; Awash Basin in the small area in the northeast; and Rift Valley Lakes Basin on 

the whole of the eastern side. The total length of the Omo Gibe River is approximately 1257 km. It 

has two main tributaries – Gojeb (230 km) and Great Gibe (170 km), respectively. Figure 2.2 and 

Table 2.1 shows the length of the main tributary and dam location of Omo Gibe basin. 

  

Figure 2.2 Length of the Main River and Dam locations in Omo Gibe basin  

Table 2. 1 The total length of Omo Gibe Basin Main River 

Omo Gibe Basin Main Tributary Length 

1 Gibe 107.3 Main River 

2 Gojeb 230 Main River 

3 G.Gibe 170 Main River 

4 Omo  750 Main River 

Total Basin 1257.3 km Omo Gibe River 
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2.2 Climate and Annual rainfall pattern in Omo Gibe Basin  

Annual rainfall varies from 1900 mm/annum in the north-central areas of the Omo-Gibe Basin, to 

less than 300 mm/annum in the south of the basin. The annual rainfall generally diminishes through 

the basin as the river drains from the highlands in the north to Lake Turkana in the south. The mean 

monthly rainfall pattern over the basin varies distinctly (Figure 2.3 and Figure 2.4). The figures 

show the distribution of rainfall and in the north part of the basin the rainfall pattern is uni-modal, 

whereas further downstream to the south of the basin the pattern becomes bi-modal.  

 

Figure 2.3 Past three years (2015, 2009, and 2003) Omo Gibe basin annual rainfall distribution 

 

Figure2.4 In 2003 and 2006 Year seasonal rainfall distribution in Omo Gibe basin. 

Climate of Ethiopia is classified into five zones based on the altitude and temperature. 

Namely, Wurch (cold climate and the altitude is more than 3000 m), Dega (temperate like climate 
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of high land and the altitude is between 2500-3000 m), Woina-Dega (warm climate and the altitude 

is between 1500-2500 m), Kola (hot and arid type of climate the altitude is less than 1500 m) and 

Bereha (hot and hyper arid type of climate) (NMA, 2001; Araya, et al., 2010). Since the elevation 

of the Omo-Gibe basin is lying between 235 to 3625 m above MSL, the study area is characterized 

by all kinds of the above mentioned climate zones.  

The climate of Omo river valley varies from tropical humid in the highlands to the hot arid 

climate in the southern parts of the flood plain. Intermediate between these extremes and for greater 

part of the basin the climate is tropical sub-humid. The seasonal variation in climate is associated 

with the oscillation of the Inter-Tropical Convergence Zone (ITCZ), a low-pressure area of 

convergence (Cheung et al., 2008; Araya et al., 2010; Taye et al., 2019). Between June and 

September, the ITCZ is located north of Ethiopia and the project area is under the influence of 

Atlantic equatorial westerlies and southerly winds from the Indian Ocean. These south-westerlies 

ascend over the south-western highlands of Ethiopia to produce the main rainy season. The ITCZ 

shifts northwards across southern Ethiopia from September to November and southwards from 

March to May. Some moist air from the Gulf of Aden and the Indian Ocean reaches parts of southern 

Ethiopia during the period, causing little rains.  

 

 

Figure 2.5 Topographic variation of Omo Gibe Basin 

In Ethiopia, the “Dega” or “cool zone”, is witnessed in the central sections of the western 

and eastern parts of the north-western plateau that has elevation mostly above 2400 m and having 

daily temperatures ranging from near freezing to 16oC. The “Weina Dega” or “temperate zone” is 
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observed in some parts of the central plateau and ranging in altitude between 1500 m and 2400 m. 

The “Kolla” or “hot zone” has areas below 1500 m altitude like the Danakil Depression and tropical 

valleys of the Blue Nile. Within each climate zone, seasonal variations and atmospheric pressure 

systems contribute to the creation of three seasons – Kiremt (main rainy) season, usually lasting 

from June to September, covering all of Ethiopia except the southern and south-eastern parts; Belg 

Season, the light rainy season, usually from March to May and is the main source of rain in the 

south and south-eastern parts of Ethiopia; and Bega Season, the dry season, from October to 

February, during which the whole country is dry (Araya et al.,2010; Taye et al., 2019), with the 

exception of occasional rainfall in the central sections. The difference in cross sectional elevations 

at upstream and downstream of the basin is illustrated (Figure 2.5). This large standard deviation in 

the elevation and the cross-sectional profile in area show the basin has rugged topography. The 

change of rainfall pattern and the altering stream flow on different timescales is the result of this 

complex system of catchment. 

 

Figure2.6 Rainfall pattern of the Omo-Gibe river basin 

Annual rainfall varies from 1900 mm/annum in the north/central areas of the Omo-Gibe 

Basin, to less than 300 mm/annum in the south of the basin. The annual rainfall generally diminishes 

through the basin as the river drains from the highlands in the north to Lake Turkana in the south. 

The mean monthly rainfall pattern over the basin varies distinctly (Figure 2.5). The means in the 

north part of the basin is uni-modal, but further downstream to the south of the basin the pattern 

becomes bi-modal.  

The study area mean monthly rainfall has been established from the synoptic rainfall station 

data of these identified more than 10 stations - Jinka, Assendabo, Bonga, Chida, Gibe farm, 

Hossana, Jimma, Keyafer, Konso, Teppi, Sekoru, Wolta Sodo, Wolikite, Woliso (Figure 2.6). The 

temporal distribution of the mean monthly rainfall at the area is shown as uni-modal upper basin 

and bi-modal lower basin in Figure 2.6 and the seasonal rainfall pattern for this station were defend 

in Figure 2.6.  
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Figure 2.7 Mean annual precipitation in Omo Gibe basin at different station. 

2.3 Optimum number of rain gauge stations  

Based up on the statistical principle the following statisical analysis is used to fix optimum number 

of stations for the basin. The assumption (Chen et al., 2008; Patel et al., 2016; Shahidi and Abedini 

2018) help to obtain number of gauges for a given basin optimally based on an assigned percentage 

of error estimatinig for mean aerial rainfall. The optimum number of station for Omo Gibe basin 

was evaluated using Equation 2.1.  

 N =  (
Cv

∈
)
2

                                  (2.1) 

where N = optimal number of stations, ε = allowable degree of (percentage) error in the estimate of 

the mean rainfall, and CV = coefficient of variation of the rainfall values at the existing ‘n’ stations 

(%). The allowable perecentage of error ε is normally taken as 10% (Chen et al., 2008; Patel et al., 

2016). While computing the value of Cv, if it comes less than 10%, we can assume the existing 

stations are sufficient for the basin. Based on the above analysis in Omo Gibe basin, there are 

thirteen class one stations, three class two stations, eleven class three stations, and eighteen class 

four stations. In the basin the existing station is less than the optimal number of stations (N>n). 

Therefore, it needs thirty additional estimations for stations under consideration of 10% of error.  

2.4 Stream Flow  

The river is originating from the upper escarpments located in the north-west bordering with Abbay 

Basin. Main Gibe River, which is the water source of project is passing along the fault and flows in 
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north-south direction forming Omo River system and then flows to Lake Turkana. Gibe River is not 

gauged for most of its lower portion, which is inconvenient for proper quantitative estimation of 

flow. Five or more major gauging stations are present in the upper area (Figure 2.7) that are useful 

for indirectly assessing lower catchment flow. Stream flow of the rivers highly depends on climate 

variables such as rainfall, temperature, and potential evapotranspiration of a basin. These climate 

variables directly influence the stream flow and therefore affects the amount of water available for 

supply, irrigation, and hydropower generation.  

 

Figure2.8 Mean monthly stream flow data in Asandabo, Abilate and Gojeb in Omo-Gibe basin. 

2.5 Maximum and Minimum Temperature in Basin 

 

Figure 2.9 Mean monthly maximum and minimum temperature in different station in basin  

The mean annual temperature of the entire basin varies from 16°C in the highlands in the 

north to over 29°C in the south (Figure 2.8). The monthly average temperature rises slightly as of 

January to May, however, declines afterwards in the months June to August. This is attributed to 

the fact that months June to August are the wet season of the area when peak rainfall activity is 

experienced (EEPCO, 2008).  
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2.6 Estimation of Potential Evapotranspiration 

2.6.1 Penman-Monteith Method of Evapotranspiration 

Potential evapotranspiration represents the evaporation rate from a reference surface, not short of 

water. A large uniform grass field is considered worldwide as the reference surface. The reference 

crop completely covers the soil, is kept short, well-watered and is actively growing under optimal 

agronomic conditions. Food and Agricultureal (FAO) ETO calculator software is used to calculate 

potential evaporation in this study. The software assess ETO from meteorological data by means of 

the FAO Penman-Monteith equation. This method has been selected by the FAO as the reference 

because it closely approximates grass. ETO at the location evaluated, is physically based, and 

explicitly incorporates both physiological and aerodynamic parameters and is given by (equation 

2.2 and in Figure 2.9). 

ET0 =
  0.408(Rn−G)+γ 

900 

T+273
 U2(es−ea )

V+γ(1+0.34U2)
                            (2.2) 

where, ET0: Reference evapotranspiration (mm/day); Rn : Net radiation at the top of crop surface 

(MJm²day-¹); G: Soil heat flux density (MJm²day-¹); U2: wind speed at 2 m height (ms-¹); 

es: saturation vapor pressure (KPa); ea is actual vapor pressure (KPa); (es − ea): saturation vapor 

pressure deficit (KPa); V   slope vapor pressure (KPa/c˚); γ: psychometric constant (KPa/c˚). 

2.6.2 Hargreaves Method of Evapotranspiration  

Hargreaves and Samani model equation is an empirical radiation-based method, which is 

extensively used in the conditions of limited weather data (Hargreaves and Samani, 1985). It is 

expressed as in (equation 2.3) 

 ETo =  0.0023 × Ra × ( Tmean + 17.8) × (Tmax − Tmin)
0.5                         (2.3) 

where, Ra=water equivalent of extra-terrestrial radiation (mm/day); Tmean = mean air temperature; 

Tmax = daily maximum air temperature (°C); Tmin= daily minimum air temperature. 
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Figure 2.10 Mean monthly Potential evaporation in Omo Gibe basin at different station 

2.6.3 Priestley-Taylor Method of Evapotranspiration  

The using Priestley-Taylor equation according to Priestly-Taylor 1972 methods is defined as:  

ETo = α
∆

∆+γ
(
Rn−G

lv
)                                     (2.4) 

where ETo evapotranspiration mm day-1; α constant and equal to 1.26; and lv latent heat of 

vaporization MJ kg-1 and it  varies slightly with temperature according to 2.501×10-6−2370T (J/kg) 

(Chow, 2010). Net radiation, the latent heat of vaporization, the psychometric constant, and the 

slope of the vapour pressure-temperature curve were calculated using the FAO-56 procedure and 

the daily soil heat flux G was assumed to be 0 based on the FAO-56 recommendation for daily ET 

calculation (Allen et al. 1998). In semiarid or arid areas where the advection component of the 

energy balance is significant, the Priestley-Taylor equation will underestimate potential 

evapotranspiration. 

2.7 Geology and Topography  

Ethiopia is situated in the northern corner of the African plateau, on the southwestern edge of the 

Red Sea (Abdel-Gawad et al., 1970), close to the present location of the triple junction between the 

Red Sea, and the Gulf of Aden. The Omo Gibe basin is situated on the southwestern plateau very 

close to the main Ethiopian rift valley and the area's geology consisted of rocks ranging from 

Precambrian to Quaternary in ages (Foerster et al., 2012; Abbate & Sagri 2015). The master plan 

report revealed that this rock is the hardest and most weathering-resistant than other volcanic rocks. 
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In general, very large blocks, boulders and cobbles, trace sand, and gravel deposits are concentrated 

on the river channel at the planned diversion weir site, both of alluvial and colluvial origin. The 

bedrock, which is very sound one, is estimated to be round at a shallow depth beneath the river 

channel from close site inspection. The area's topography can be grouped into different morphology-

based geomorphic units (Abbate & Sagri, 2015). The region's major geomorphic genes are concave 

hills, higher chain of undulating hills, plateau, long, very steep slopes, and valley bottoms. 

2.8 Population 

The Omo-Gibe basin includes parts of the federal states of Oromia and SNNP. It is the second most 

populous basin in Ethiopia and the most densely populated basin in Ethiopia. Population is a major 

element in the nature of basin water resources.  

 

Figure 2.11 Regional state and zonal administration map in Omo-Gibe basin. 

Population forecast in different periods is a relevant factor for estimating potential water demands. 

In Figure 2.11, the regional and zonal population distribution is depicted. 

2.8.1 Factors affecting population growth  

A great many factors affect population growth. Natural disasters like big fires, epidemics, floods, 

earthquakes, and anthropogenic influences like war, change in education, politics, recreation, 

economic change, sudden increase in religions importance of the city, political changes in the 

adjoining country, and nearness to the national borders, can affect the growth of population in the 

region.  
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2.8.2 Method of population projection estimation 

The following are the common methods by which the projection of population is done. Arithmetic 

increase method, Geometric increase method, Incremental increase method, Decrease rate method, 

Logistic curve method, and Graphical method (Mohammed, 2013; Gawatre et al., 2016; Isard, 

1966). The master plan method used by Ethiopian statistic authority. (Equation 2.5) is used to 

estimate futuristic population.  

Pn = Po λ
kn                                               (2.5) 

where Pn = population at n decades or years, n = Decade or years, k = Growth rate. Out of the 

population forcasting methods discussed, the exponential growth rate method is used population 

projection. 

2.9 Hydropower development 

The gross hydroelectric potential of Omo-Gibe basin is 36560 GWh a-1 (Awulachew et al., 2007), 

which is second largest potential next to Abay basin, accounting for 24% of the gross hydroelectric 

potential of the country. Currently a cascade of five hydroelectric power projects (Gibe I-V) is either 

planned or being developed along the Omo-Gibe River (Figure 2.12) (Avery, 2010). The basin has 

the highest potential of sedimentation of all basins of Ethiopia with the total suspended sediment 

load of 120 ×106 t a-1 (UNESCO-WWAP, 2004). 

2.10 Irrigated Agriculture 

Large-scale and medium-scale irrigation potential are identified in the basin, with an estimated 

irrigable area of 57900 and 10028 hectares, respectively, and a total irrigable area of 67928 hectares 

(Awulachew et al., 2007). However, this figure could be much higher given the vast land area of 

lower Omo Gibe basin. The basin has 12% irrigable area of the country (WAPCOS 1995 in 

Awulachew et al., 2007).  

2.11 Developments and their Positive and Negative Impacts in the Basin 

The cascading dams in Omo-Gibe will have positive effects on generating hydroelectric power and 

regulating the flow there by reducing downstream flooding. Additionally, the downstream irrigation 

potential is also increased that can improve agro-economy. There are some adverse effects in the 

basin due to the cascading projects. Lake Turkana is almost entirely dependent on the Omo Gibe 

River for almost 80% of its inflow and its flow pattern modification in the upstream reduces the 
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lake level and associated biomass in the lake (Avery, 2010). If irrigation development takes place as 

planned in the Omo Basin, the lake will reduce, as will its biomass and fisheries (Avery 2010). Due 

to the interference of man-made impacts in the basin, forests and vegetation have been cleared and 

as a consequence, runoff has become more variable, with much more rapid response to rainfall in 

the last 20 years (Avery, 2010), resulting in increased flooding and sedimentation that are 

accompanied by accelerated sediment transport in downstream of the basin.  Figure 2.12 indicates 

the various projects on Omo-Gibe that have commenced or under construction. Gibe I, II, and III 

have completed construction and are functioning. Gibe IV is under construction, and Gibe V is set 

in a planning stage projects including a downstream Kuraz site I and site II for irrigation 

development.  

 
Figure 2.12 Location of water resource development struacture in Omo Gibe basin.  

Flood disasters in Ethiopia are attributed to rivers that overflow or burst their banks and 

inundate downstream plain lands, for instance the flood that has recently assaulted Southern Omo 

Zone (Gashaw and Legesse, 2011). The development of integrated river basin management practise 

based on federal and regional level of the Omo-Gibe Basin is crucial to address the sustainable use 

of water resources of the basin and under considering downstream ecology and Lake Turkana. 

 

2.12 Conclusion  

 The Change in Omo-Gibe river flow patterns has impacts in the flow regime in lower part of the 

basin as well as in the Lake Turkana ecology. Because of the natural and interference of human 

beings in the basin, forests and vegetation have been cleared and as a consequence, runoff has 

become more variable, with much more rapid response to rainfall in the last 20 years (Avery, 2010), 
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resulting in increased flooding, which are accompanied by accelerated sediment transport in 

downstream areas. Therefore, Integrated River Basin Management of the Omo Gibe Basin under 

the considering the impact of climate and land use land cover change is crucial to address the 

sustainable use of water resources of the basin. The majority of weather observation stations are 

located in the upstream section of the basin, with a poor distribution in the downstream part. Having 

access to hydrological and climatological data is essential when using any hydrological model. 

Without enough hydrological and climate data, using soil water assessment tools in the catchment 

was one of the most significant difficulties for accurate analysis. 
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Chapter 3 Literature Review 

3.1 Climate Change and Modelling  

Due to the dependence of the hydrological system on climate (Nathan et al., 2019; McDowell et al., 

2013), changes in local and regional water availability would be among the most important and 

immediate effects of global warming (Nathan et al., 2019; Hughes et al., 2003). These effects may 

include the magnitude and timing of runoff, flood and drought frequency and intensity, rainfall 

patterns, extreme weather events, and water availability and quality (Peterson et al., 2013). These 

changes in hydrological features in turn, influence the water supply system, power generation, 

sediment transport and deposition, and ecosystem conservation. Some of these effects may not 

necessarily be negative, however due to the great socio-economic importance of water and other 

natural resources they need to be evaluated (Andersen, 2007; Hussen et al., 2018). Predicting water 

availability, water quality, and river sediment distribution, using models is crucial for the efforts to 

maintain food safety, water supply, human health and natural ecosystems (Cosgrove & Loucks, 

2015).  

Climate change analyses can provide the basis for significant impacts on water resources 

through changes in the hydrological cycle. Changes in temperature and precipitation may have a 

direct impact on the magnitude of the component of evaporation and surface runoff (Nathan et al., 

2019; Trenberth, 2011). Changes in climate will intensify the existing challenges posed by tropical 

geography, a heavy dependency on agriculture, rapid growth, poverty, and a limited capacity to cope 

with an uncertain climate (IPCC, 2007). 

3.2 Causes of Climate Change 

Climate change is a long-term weather shift characterized by temperature variations, change in 

rainfall pattern, winds, and other measures (Change 2020; Bouwer, 2011). However, the balance 

between incoming and outgoing energy, which influences the energy balance of the Earth, governs 

its long-term state and average temperature (Nordbo et al., 2011). Factors that cause climate change 

can be divided into two categories: natural processes and human activity-related (Change 2020; 

Karl et al., 2009). Natural factors intrinsic to the climate system, such as changes in volcanic 

activity, solar output, and the Earth's orbit around the Sun will influence the Earth's climate (Palm 

et al., 2017; Wuebbles & Jain 2001). Differences in global temperature have led to climate patterns 

over the past century, but since the Industrial Revolution, greenhouse gas contributions to the 

atmosphere have had about ten times the effect of changes in the output of the sun (Karl et al., 

2009). Human activities, like the burning of fossil fuels and the conversion of land for forestry and 
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agriculture, can also cause climate change (Dale, 2011). Such practices change the soil surface and 

emit various substances into the atmosphere in addition to other environmental impacts. Since the 

Industrial Revolution, the overall effect of human activities has been a warming trend, driven 

primarily by carbon dioxide emissions and intensified by other greenhouse gas emissions (Palm et 

al., 2017; Houghton, 2009). Such climate change could have far-reaching and/or predictable 

implications for the environment, society, and economy.  

3.3 Climate change from Ethiopian situation 

Climate change is already taking place today, thereby helping to reflect possible future changes in 

the past as well as the current. Over the last decades, Ethiopia's temperature has risen at around 0.37 

°C and 0.28 °C per decade, as reported by the National Meteorological Agency (NMA 2007; Mc 

Sweeney et al, 2008). The increase in minimum temperatures is more pronounced with roughly 0.4 

°C per decade. Precipitation, on the other hand, remained stable over the last 50 years, when 

averaged over the country. 

 However, large-scale patterns are the spatial and temporal variations of precipitation that do 

not necessarily reflect local conditions. In Ethiopia, the vulnerability to climate change is different 

from place to place (Kundzewicz 2008; Kiesel et al., 2019). The net impact of adaptation, exposure, 

and adaptive potential across the region is significant. Afar, Somali, Oromia, and Tigray are 

relatively more vulnerable to climate change than the other regions. The vulnerability of Afar and 

Somali is attributed to their low level of rural service provision and infrastructure development 

(Palm et al., 2017; Temesgen et al., 2006). Tigray and Oromia’s vulnerability to climate change can 

be attributed to the regions’ higher frequencies of droughts and floods, lower access to technology, 

fewer institutions, and lack of infrastructure. SNNPR’s lower vulnerability is associated with the 

region’s relatively greater access to technology and markets, larger irrigation potential, and higher 

literacy rate (Temesgen et al., 2006; Hurni 1985).  

An increase in temperatures and increasingly variable rainfall in Ethiopia are affecting crops 

and livestocks in drought prone areas. Meanwhile, pastoralists are struggling to find enough water 

to keep their camels, cattle, goats, and sheeps alive (CRS, 2009). Therefore, a growing frequency of 

late rains and droughts is consistent with scientific assessments on the impacts of climate change in 

Ethiopia. Higher temperatures and its direct effect on higher evaporation levels can be correlated 

with the droughts. The increased rain variability is consistent with changes in the patterns of local 

rainfall. Future predictions of temperature rise and increasing variability in rainfall implies that both 

droughts and late rains are likely to become more pronounced in the coming years (Elliott et al., 
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2014; Marius 2009). The disadvantageous and beneficial impacts of the current and expected 

climate change and instability are typically widespread in socio-economic as well as natural 

systems.  

3.4 Climate models and model Scenario 

There are commonly four components of a General Circulation Model (GCM): air, surface, ocean, 

and sea ice (Popova, et al., 2012; Yongqiang et al., 2004). As the four components are interactive, 

production runs must include all four model components. The atmospheric model was initially 

developed to a fair level of sophistication, while the land phase and ocean components were very 

simplistic. Runoff incorporates simulations of the new GCM model (Popova, et al., 2012; Rowntree 

1989; Kite et al., 1994). Climate Models have demonstrated some of the problems associated with 

GCM modelling of the hydrological cycle, particularly the lack of adequate lateral transfer of water. 

Climate change has numerous impacts on an availability of basin inflows. It can change seasonal 

temperature and precipitation, shift the timing of stream flow and runoff, and reduce the capacity of 

existing sources to meet water needs. The only means available to quantify the non-linear climate 

response is by using numerical models of the climate system based on well-established physical, 

chemical, and biological principles, possibly combined with empirical and statistical methods. 

These are designed mainly for studying climate processes and natural climate variability, and for 

projecting the response of the climate to human-induced forces (Baede et al., 2001). The first models 

used to evaluate climate change examined the impacts of increased greenhouse gases on long-term 

weather patterns (Van Lieshout et al., 2004; Adem et al., 2014).  

GCMs describe the global climate system, representing the complex dynamics of the 

atmosphere, oceans, and land with mathematical equations that balance mass and energy. By 

simulating interactions among sea ice, land surface, atmospheric chemistry, vegetation, and the 

oceans, they predict future climates characterized by temperature, air pressure, and wind speed. 

Because these models are so computationally intensive, they can only be run on supercomputers at 

large research institutes. However, the results are made available to the general scientific community 

and have so far been used for studies of climate change and its impacts on natural, social, and 

economic systems (IPCC AR4, 2007; McCarthy et al., 2001). GCMs results vary due to model 

attributes, including their components, resolution, flux-adjustment, and emission scenario forcing. 

Components refer to the individual processes modeled by smaller models with in a given GCM. 

Current GCMs are referred to as “coupled models” because they are comprised of linked 

components, which model physical processes such as the atmosphere, oceans, land surfaces, and 
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sea ice. Atmospheric and ocean components are represented as grid cells in all GCMs while the 

representation of land surfaces and sea ice vary more. “Couplers” integrate these domains into one 

unified model by routing the flow of data between components. GCMs may not accurately replicate 

the current climate and required correction factors (IPCC, 1996). 

3.4.1 Climate Model Scenario 

Climate Change Impact on Ethiopia was done using the A2 and B2 scenarios, where A2 is referred 

as the medium-high emissions scenario and B2 as the medium-low emissions scenario of Hadley 

Centre Climate Prediction Models (HadCM3) output (Arsiso, et al., 2018; Abdo et al., 2009; 

Worqlul et al., 2018; Müller, 2009). The temporal and spatial resolution disparity between the 

outputs of the GCM models and the data needed for such impact studies was adjusted using the most 

common approach called the statistical downscaling method. This method is advantageous as it is 

easy to implement, and generation of the downscaled values involve observed historic daily data. 

The latter advantage ensures the maintenance of local spatial and temporal variability in generating 

realistic time series data.  

3.4.2 Types of climate scenario 

Several types of climate scenario have been developed for impact studies (O’Neill et al., 2020; 

Duinkerb and Greig, 2007; Den Elzen and Schaeffer 2002). These scenarios are generally classified 

into three main classes; synthetic scenarios, analog scenarios, and GCM output-based scenarios. 

Synthetic scenarios define methods where particular climate-related elements are altered by a 

realistic but arbitrary amount, often according to a region-specific qualitative interpretation of 

climate model simulations (Duinkerb and Greig, 2007; Carter, et al., 2001; Midhuna and Dimri, 

2019). This means baseline temperature adjustment of + 1, 2, 3 and 4°C and baseline precipitation 

of ±5, 10, 15 and 20 % could represent different magnitudes of future changes. Analogous scenarios 

are constructed by assessing documented climate regimes that might be similar to the future climate 

in a given region. At present, these records can be obtained either from the past or from another 

region. Spatial analogues are regions that today have a climate close to that anticipated in future 

study regions (Mearns et al, 2001; O’Neill, et al., 2020). Whereas temporal analogs make use of 

past climate information as an analogous to potential future climate. 

3.4.3 The SRES Emission Scenario 
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Global mean warming estimates by the year 2100 (Levermann et al., 2013; Friedrich et al., 2016; 

Ford et al., 2018) due to anthropogenic greenhouse gas emissions to the atmosphere vary from 1.8 

oC to 4.5 oC rise with current climate (Johns et al. 2003; IPCC, 2007a; Den Elzen and Schaeffer 

2002). The global change would be a sum of regional changes scattered over both sides of the global 

mean. Different climate change scenarios were constructed in the context of the IPCC assessments 

(IPCC-TGICA, 2007; Deb et al., 2018). This has to do with the global emissions scenarios, which 

are based on population and economic growth models. Climate scenario data is required to quantify 

the relative change of climatic variables between the current and future time horizon.  

The projected or generated climate variables are used as input to hydrological model for 

assessment of hydrological impacts on water structure. Based on the available data, the scenario 

generated (RegCM3 forced by ECHAM5 GCM model output with A1B emission scenario) will be 

used in this study. RegCM3 forced by ECHAM5 model output with A1B emission scenario for 

study area can be obtained from International Water Management Institute (IWMI). RegCM3 forced 

by ECHAM5 model outputs future scenarios are in the period of three decades. The baselines period 

is considered from 1991 to 2000. The future scenarios will be developed by dividing the future time 

series into two periods of 10 years: 2031-2040 and 2091-2100. The period from 1991-2000 (or here 

called as “baselines period”) will be taken as a base period with which the comparison are made. 

It is difficult to know exactly how anthropogenic emissions will change in the future. 

However, the IPCC Special Report on Emission Scenario (SRES) has developed new emission 

scenarios, the so-called “SRES scenarios”. Emission scenarios are plausible representations of 

future emissions of substances that are radioactively active (i.e. greenhouse gases). The IPCC 

attributes most of the global warming observed over the last 50 years to greenhouse gases released 

by human activities. To estimate future climate change, the IPCC (SRES 2000; Pachauri et al., 

2014; Myles, 2011; Im et al., 2012; Im et al., 2012) prepared forty greenhouse gas and sulfate 

aerosol emission scenario for the 21st century that combine a variety of assumption about 

demographic, economic, and technological driving forces likely to influence such emissions in the 

future. Each scenario represents a variation within one of four storylines such as A1, A2, B1, and 

B2 (Nakicenovic et al., 2000). The experts who created the storyline were unable to arrive at a most 

likely scenario and probabilities were not assigned to the storylines. The storylines can be 

summarized as follows:  

a)  A1 scenario family: - reflects the world as very rapid economic growth, global population 

peaks in the mid-century and decline thereafter, and rapid introduction of new and more efficient 

technologies (Nakicenovic et al., 2000) 
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b) B1 scenario family: - reflects the world as a convergent world with the same global population 

as in the A1 storyline but with rapid changes in economic structures toward a service and 

information economy, with reductions in materials intensity, and the introduction of clean and 

resource efficient technologies (Riahi 2007; Change IPOC 2001; Nakicenovic et al., 2000). 

c) A2 scenario family: - reflects the world as continuously increasing global population and 

regionally oriented economic growth that is more fragmented and slower than in other storylines 

(Swart et al., 2003; Riahi 2007; Change IPOC 2001; Nakicenovic et al., 2000).  

d) B2 scenario family: - The world emphasis goes to local solutions to economic, social, and 

environmental sustainability, with continuously increasing population (lower than A2) and 

intermediate economic development.  

3.4.4 Downscaling methods 

Downscaling is the term given to the process of deriving finer resolution data (Hewitson and Crane, 

1996) from coarser resolution GCM data. A relationship between location climate and large-scale 

(GCM grid box scale) climate can be established, which can then be used to derive more accurate 

values of the future climate on the site scale (Sailor et al., 2000; Wilby et al., 1990; Wilby et al., 

2002; Hewitson and Crane, 1996). 

a) Dynamic Downscaling Method 

Dynamical downscaling method (DDM) is one of the significant methods to obtain fine-scale 

climate information using Regional climate model based on GCM output (Xu., et al 2019).  DDM 

is a method for obtaining high-resolution climate or climate change information from relatively 

coarse-resolution GCMs (Ramírez and Jarvis, 2010). The correlation coefficient between the 

selected stations is carried out in order to find a single station for downscaling purpose that has high 

correlation with most of the other neighboring stations (Pour et al., 2014; Huang et al., 2011). In 

addition to the correlation coefficient, the quality and the available length of period of record also 

take into consideration during selection of stations for downscaling. GCM downscaled output for 

study area is used for this analysis as the daily precipitation, daily maximum and minimum 

temperature, solar radiation, and wind speeds. Statistical and dynamic downscaling outputs have 

been broadly used in the fields of climate change impact on annual water availability, seasonal 

water availability, and Extreme events (Floods and Droughts). 

b)  Empirical (statistical) downscaling  

Empirical-statistical downscaling model (ESDM) models use statistical relationships to infer local 

climate information from large-scale climate information produced by global climate models 
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(GCMs) (Hanssen-Bauer et al., 2005; Busuioc & Dumitrescu, 2018). ESDM is able to simulate all 

except the extreme climatic events (Huang et al., 2011). The model underestimates the farthest 

values in both extremes and keeps more or less an average event (Pour et al., 2014). The ESDM 

model simulated maximum temperature more accurately than minimum temperature and 

precipitation (Hassan et al., 2014; Mahmood and Babel 2013). ESDM more accurately reproduced 

monthly and seasonal climatic variables averaged over years than individual monthly and seasonal 

values in a single year.  

3.4.5 Regional climate model  

A Regional Climate Model (RCM) is a tool to add accurate, small-scale information about future 

climate change to a GCM's large projections (Rummukainen 2016; Teutschbein & Seibert 2013). 

RCMs are complete climate models and as such are physically focused, describing most or all of 

the processes, interactions, and feedback between the components of the climate system represented 

in GCMs (Richards et al., 2004; Steffen et al.,2006). In these methods of obtaining of sub-grid scale 

estimates (sometimes down to 50 km resolution) are able to account for important local forcing 

factors such as surface type and elevation, which conventional GCMs (Maraun et al., 2010) are 

unable to resolve. For this reason, very few simulations have been made for a sufficient period of 

simulated years to allow meaningful climate change statistics to be extracted. Furthermore, the 

commonest approach, nesting, is still heavily reliant on specialized GCM outputs for its boundary 

conditions. The GCMs do not always provide accurate simulations of the large-scale flow, and there 

may be inconsistencies between the behavior of the driving model's physical parameterizations and 

the regional model's finer grid (Prein et al., 2015; Maraun et al., 2010; Wang et al., 2004). 

3.4.6 Representative Concentration Pathways Scenarios   

The Fifth Assessment Report (AR5) of Intergovernmental Panel on Climate Change (IPCC) has set 

scenarios that replace the Special Report on Emissions Scenarios (SRES). The new scenarios are 

called Representative Concentration Pathways (RCPs) (Wayne 2014; Egeru et al., 2019). There are 

four pathways: RCP8.5, RCP6, RCP4.5, and RCP2.6. RCPs are referred to as pathways in order to 

emphasize that their primary purpose is to provide time-dependent projections of atmospheric 

greenhouse gas (GHG) concentrations and emphasize that it is not only a specific long-term 

concentration or radiative forcing outcome, such as a stabilization level, that is of interest, but also 

the trajectory that is taken over time to reach that outcome. The RCPs are consistent with a wide 

range of possible changes in future anthropogenic (human) GHG emissions, and aim to represent 

their atmospheric concentrations. The four RCP scenarios used in CMIP5 lead to radiative forcing 
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values that span a range larger than that of the three SRES scenarios used in CMIP3 (IPCC WGI 

AR5, 2011; Van Vuuren et al., 2011; Thomson et al., 2011). IPCC WGI Fifth Assessment Report 

also projected the potential for temperature rises of up to 4.8°C and sea level rise of up to 0.82 m by 

2100 (Stocker, 2013). 

Global mean temperature changes projected range from 4.7°–8.6°F (2.6°–4.8°C) under the 

higher scenario (RCP8.5) to 0.5°–1.3°F (0.3°–1.7°C) under the lower scenario (RCP2.6) (Hayhoe, 

K., J. et al., 2017). Lower scenarios (RCP4.5 and RCP2.6) (Tian et al 2017; You et al 2014; Jiang 

et al 2016) is similar to SRES B1, but the RCP2.6 scenarios is much lower than any SRES scenario 

and A1B is similar to Higher scenario RCP8.5. RCP4.5 is close to SRES B1, RCP6.0 is in between 

SRES B1 and SRES A1B, and RCP8.5 is higher than SRES A2 and close to SRES A1FI. RCP2.6 

is lower than any SRES scenario and very close to the ENSEMBLES E1 scenario (Johns et al., 2011 

Stocker et al., 2013). Results obtained with one GCM confirm that the only two SRES and RCP 

scenarios that are close are RCP4.5 and SRES B1, and that the temperature increase with RCP8.5 

is larger than that with SRES A2 (Dufresne et al., 2011).  

The estimated global warming distribution through the RCP scenarios is much higher than 

with SRES scenarios. RCP scenarios (Moss et al., 2010) have been applied to prescribe future 

radiative forcing. In the RCP scenarios, the concentrations of greenhouse gas are expressed as 

equivalent CO2 concentrations, and interpolated from year to year. Here we use three different RCP 

scenarios. RCP 2.6 (Jiang et al 2016) adopt strategies for reducing greenhouse gas emissions that 

cause radiative forcing to stabilise at 2.6 W/m² before the year 2100 (IPCC, AR5). RCP 4.5 adopt 

strategies for reducing greenhouse gas emissions that cause radiative forcing to stabilise at 4.5 W/m² 

before the year 2100 (used by IPCC, AR5). RCP 8.5 that have higher greenhouse gas emissions 

mean by the year 2100 (IPCC, AR5), in which radiative forcing would exceed 8.5 W/m2 (Gordon et 

al., 2000). 

3.5 Bias Correction  

The downscaled RCPs data can often not be used explicitly for impact assessment, since the 

measured variables vary systematically from those observed (Field 2014; Ekström et al., 2015; 

Liang et al., 2008). Therefore, bias correction is applied to counteract the propensity to overestimate 

or underestimate the mean of the downscaled variables. Factors for bias correction are determined 

from data on observed and simulated variables (Leander and Buishand 2007). Two bias correction 

methods were tried in this study. First, the nonlinear bias correction method proposed by (Mangistu 

2009) and the second method called “delta approach”. The formulas used for the correction of 
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rainfall and temperature bias are shown in linear and power faction. Factors of correction for each 

month of climatic variable were calculated. 

3.5.1 Bias Correction Using Delta Change Method  

The Delta Change technique is generally used for future climate change forecast instead of directly 

using the RCM simulation (Teutschbein and Seibert, 2012). In this study, the Delta Change method 

was used for correct precipitation and temperature data in Lower Omo Gibe River Basin using 

(equation 3.1 and 3.2). 

𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑃𝑜𝑏𝑠(𝑑) × [
𝜇𝑚(𝑃𝑐𝑜𝑟𝑟 ((𝑑))

𝜇𝑚(𝑃𝑟𝑎𝑤(𝑑))
]                                  (3.1) 

𝑇𝑐𝑜𝑟𝑟(𝑑) =  𝑇𝑜𝑏𝑠(𝑑) + 𝜇𝑚(𝑇𝑐𝑜𝑟𝑟(𝑑)) − 𝜇𝑚(𝑇𝑟𝑎𝑤(𝑑))           (3.2) 

where ,  𝑃𝑜𝑏𝑠,   𝑃𝑟𝑎𝑤 and Pcorr denote observed, uncorrected, and corrected precipitation, 

respecatively, while 𝑇𝑜𝑏𝑠 ,  𝑇𝑟𝑎𝑤  and   𝑇𝑐𝑜𝑟𝑟 are observed, uncorrected and corrected temperature on 

the day (𝑑𝑡ℎ) of the month (m) respectively, and 𝜇𝑚 denotes the mean. 

3.5.2 Bias Correction Using Linear Scaling Method  

A Linear Scaling technique was used to correct the monthly values depending on the long-term 

monthly average of observed and simulated. This system does not correct the bias in frequency and 

intensity distribution (Ines and Hansen, 2006). The rainfall and temperature data were adjusted 

using equation, respectively according to (Teutschbein and Seibert, 2012, Fang et al., 2015, Smitha 

et al., 2018).  

𝑃𝑐𝑜𝑟𝑟,𝑚,𝑑 = 𝑃𝑟𝑎𝑤,𝑚,𝑑 × [
𝜇(𝑃𝑜𝑏𝑠,𝑚,)

𝜇(𝑃𝑟𝑎𝑤,𝑚)
]                                  (3.3) 

𝑇𝑐𝑜𝑟𝑟,𝑚,𝑑 = 𝑇𝑟𝑎𝑤,𝑚,𝑑 + 𝜇(𝑇𝑜𝑏𝑠,𝑚) − 𝜇(𝑇𝑟𝑎𝑤,𝑚)              (3.4) 

where 𝑃𝑜𝑏𝑠,𝑚,and 𝑇𝑜𝑏𝑠,𝑚 denote the observed precipitation and temperature on a month (m), 

and, 𝑃𝑐𝑜𝑟𝑟,𝑚,𝑑  𝑇𝑐𝑜𝑟𝑟,𝑚,𝑑 and 𝑇𝑟𝑎𝑤,𝑚,𝑑 are corrected and uncorrected temperature and precipitation on 

the day (𝑑𝑡ℎ) of the month (m) respectively. (𝜇(𝑃𝑜𝑏𝑠,𝑚, ) (𝜇(𝑃𝑟𝑎𝑤,𝑚 ) denote the mean value of 

observed and uncorrected precipitation on the month (m) respectively. 

3.5.3 Bias Correction Using Power Transformation Method  
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Using Power Transformation method further adjusts the bias in standard deviation and variance an 

exponential form (Teutschbein and Seibert, 2012, Leander and Buishand, 2007). The Power 

Transformation technique was used only for rainfall data due to the use of power function. 

𝑓(𝑏𝑚) = [
𝛿𝑚(𝑃𝑜𝑏𝑠 ((𝑑))

𝜇𝑚(𝑃𝑜𝑏𝑠(𝑑))
−
𝛿𝑚(𝑝𝑟𝑎𝑤

𝑏𝑚 ((𝑑))

𝜇𝑚(𝑃𝑟𝑎𝑤
𝑏𝑚 (𝑑))

]                      (3.5) 

𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑝𝑟𝑎𝑤
𝑏𝑚 ((𝑑)                                      (3.6) 

𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑃𝑐𝑜𝑟𝑟(𝑑) × [
𝜇𝑚(𝑃𝑜𝑏𝑠 ((𝑑))

𝜇𝑚(𝑃𝑐𝑜𝑟𝑟(𝑑))
]                       (3.7) 

where 𝑃𝑜𝑏𝑠(𝑑) and 𝑃𝑟𝑎𝑤 are the observed and uncorrected daily RCM precipitations on the day (d) 

respectively. δm and μm denote the mean and standard deviation on a month (m), and is the exponent 

for the month. 

3.6 Climate model and descriptions   

Climate models are applied as an investigation tool to study and simulate the climate change, and 

for functioning resolutions, including monthly, seasonal, daily and inter annual climate forecasts 

(Furevik et al, 2003; Auffhammer et al., 2013). The dataset has a daily time based resolution and is 

available from 1979 to 2016. The data are interpolated to the Coordinated regional downscaling 

experiment—African Domain (CORDEX-Africa) grid (0.44°, ∼50 km) of the projected model data 

for comparison. For historical and future projections (period 1979–2100) we used daily maximum 

and minim temperature, daily precipitation data from 13 regional climate model (RCM) simulations 

of the CORDEX-Africa multi-model scenario. In the set of simulations, 4 RCMs (Russo et al., 2016) 

are driven by 13 different general circulation models forced with two scenarios, RCP4.5 and RCP8.5 

adopted by the Intergovernmental Panel on Climate Change (IPCC) for its fifth Assessment Report 

(AR5, Christensen et al 2013; Russo et al., 2016; Schaefer et al., 2014; Russo et al., 2014).  

Equivalent climate simulations using the other RCPs (RCP2.6 and RCP6.0) were not available.  For 

the comparison with the reanalysis we use historical simulations (Taylor et al 2012) for the period 

1979–2005.  Therefore, for more information on RCM and driving GCM from the cordex Africa 

simulations found at  

http://cordex.org/index.php? option=com_content & view=article &id=242&Itemid=769. 

Table 3.1 Climate Model and description   

Model ID Institutions Name /centre Resolution (lat/lon) Reference  

CGCM1 Canadian Centre for Climate 

Modelling and Analysis Canada 

Atmospheric component: 

~3.7° × 3.7°  

Flato et al., 2000 
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HadCM2  Met Offce Hadley Centre, UK 2.5°× 3.75° Johns et al., 1997 

HadCM3  Met Offce Hadley Centre, UK 2.5°× 3.75° Gordon et al., 2000 

RegCM3 National Center for Atmospheric 

Research, USA 

RegCM3 ~50 km Giorgi et al., 1993 a, b 

ECHAM4 

 

the Deutsch Klimarechenzentrum 

(DKRZ), Germany 

~2.8° × 2.8° Roeckner et al., 1996 

Climate projections are distinguished from climate predictions (Auffhammer et al., 2013) in order 

to emphasise that climate projections depend upon the emission/concentration/radiative forcing 

scenario used, which are based on assumptions concerning, for instance, future socioeconomic and 

technological developments that either or realised the uncertainty of the projection.  

3.7 Hydrological Modelling  

Modelling is defined as the process of organizing, synthesizing, and integrating component parts 

into a realistic representation of the prototype (van Delden., 2011; Sass and Oxman, 2006). Some 

of the benefits of modelling are:  

• Models help sharpen the definition of hypotheses,  

• Define and categorize the state of knowledge,  

• Provide an analytical mechanism for studying the system of interest, and  

• Can be used to simulate experiments instead of conducting the experiments on the watershed 

itself.  

 

Hydrological models are characterizations of the real world system. Modelling of the rainfall 

runoff processes of hydrology is needed for many different reasons and one of the main reasons 

being the limited range of hydrological measurement techniques and limited range of measurements 

in space and time (Beven, 1999). Therefore, it is necessary to develop a means of extrapolating from 

those available measurements in space and time to ungauged catchments and into the future to assess 

the likely impact of future hydrological changes. The researchers use a wide range of hydrological 

models; however, the applications of those models are highly dependent on the purposes for which 

the modelling is made. Beven (1999), stated that many rainfall-runoff models are carried out purely 

for research purposes as a means of enhancing knowledge about hydrological systems. He also 

added that other types of models are developed and employed as tools for simulation and prediction 

aiming ultimately to allow decision makers to improve decision making about hydrological 
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problems. Before developing the hydrological models, it is very important to understand how the 

catchment responds to rainfall under different conditions. 

Even though, estimates of sediment yield are required in a wide spectrum of practical studies 

for the planning, design, operation, and maintenance of water resources structures, the measurement 

and sampling of sediment transportation is very lengthy and costly. One of the options is usage of 

hydrological models. Most runoff - sediment modelling uses physically based models or/and 

empirical models (Babovic and Keijzer, 2002; Vieira et al. 2018; Chang and Franczyk 2008). The 

sediment yield from any drainage system is calculated by averaging the data collected over a period 

of years. It is, therefore, an average of the results of many different hydrologic events. 

3.7.1 Types of Hydrological Models  

Hydrological modelling can be defined as the characterization of real hydrologic features and 

system by the use of small-scale physical models, mathematical analogues, and computer 

simulations (Allaby and Allaby, 1999). There are two types of hydrological models - Lumped and 

Distributed. In lumped models, the parameters of hydrologic models do not vary spatially within 

the basin and thus, basin response is evaluated only at the outlet, without explicitly accounting for 

the response of individual sub basins (Refsgaard and Knudsen 1996; Pechlivanidis et al., 2011). 

Parameters of lumped models often do not represent physical features of hydrologic processes and 

usually involve certain degree of empiricism. The impact of spatial variability of model parameters 

is evaluated by using certain procedures for calculating effective values for the entire basin. The 

most commonly employed procedure is an area-weighted average (Haan 1982). Lumped models 

are not usually applicable to event scale processes. If the interest is primarily in the discharge 

prediction only, then these models can provide just as good simulations as complex physically based 

models (Beven 1999). 

a) Semi-distributed models 

Parameters of semi-distributed (simplified distributed) models are partially allowed to vary in space 

by dividing the basin into a number of smaller sub basins. There are two main types of semi-

distributed models: 1) kinematic wave theory models (KW models, such as HEC-HMS), and 

probability distributed models (PD models, such as TOPMODEL). The KW models are simplified 

versions of the surface and/or subsurface flow equations of physically based hydrologic models 

(Beven 1999). In the PD models, spatial resolution is accounted for by using probability distributions 

of input parameters across the basin. 

b) Distributed models 
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Parameters of distributed models are fully allowed to vary in space at a resolution usually chosen 

by the user. Distributed modelling approach attempts to incorporate data concerning the spatial 

distribution of parameter variations together with computational algorithms to evaluate the influence 

of this distribution on simulated precipitation-runoff behaviour. Distributed models generally 

require large amounts of (often unavailable) data for parameterization in each grid cell. However, 

the governing physical processes are modelled in detail, and if properly applied, they can provide 

the highest degree of accuracy. 

3.7.2 Selection of Hydrological Model 

Every model type requires some application, and selecting an appropriate model structure depends 

heavily on the function the model needs to serve (Asl-Rousta et al., 2018; Yuan et al., 2020; 

Cunderlik et al., 2003; Samadi et al., 2009). There are various requirements that can be used to 

select the appropriate hydrological model for a particular problem. Such standards are always 

project based, since each plan has its own particular needs and requirements. Further, some criteria 

are also user-depended.  

In this research, the physically based Soil and Water Assessment Tool (SWAT) model was 

used as the hydrological model. The model was selected by considering the criteria on inclusive of 

availability of data, level of application, purpose, required accuracy, space and time scale, catchment 

area, simplicity, previous trends (studies) in the surrounding area and Ethiopia as a whole. SWAT 

model is physically based, spatially distributed and belongs to the public domain. Rather than 

incorporating regression (Asl-Rousta et al., 2018) equations to describe the relationship between 

inputs and output variables, SWAT requires specific information about weather, soil properties, 

topography, vegetation, and land management practices occurring in the watershed. It has been 

tested (Yuan et al., 2020; Zhang, et al., 2018) that the model has obvious advantages as a 

hydrological modelling tool that includes modularity, computational efficiency, ability to predict 

long-term impacts as a continuous model, and ability to use readily available global datasets. The 

availability of a reliable user and developer support has contributed to its acceptance as one of the 

most widely adopted and applied hydrological models worldwide. It is computationally efficient for 

simulations of very large basins or a variety of management strategies. The SWAT models were 

also tested for prediction of runoff and sediment in basin with satisfying results and good 

performance.  

3.7.3 Description of Selected SWAT Model 
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Jeff Arnold for the USDA Agricultural Research Service (ARS) developed the SWAT model. 

SWAT was developed to predict the effect of land management activities on water, sediment, and 

agricultural chemicals yields over long periods in large complex watersheds with varying soils, land 

use, and management conditions (Neitsch et al., 2005). In recent years, SWAT model (Arnold et al., 

1998) has gained international acceptance as a robust interdisciplinary watershed modelling. SWAT 

is currently applied worldwide and considered as a versatile model that can be used to integrate 

multiple environmental processes, which support more effective watershed management and the 

development of better-informed policy decision.  

The model is a physical based, semi-distributed, continuous time and operating on daily time 

step. As a physical based model, SWAT uses Hydrological Response Units (HRUs) to describe 

spatial heterogeneity in terms of land use, soil types and slope within a watershed. As SWAT 

simulates at catchment scale, the catchment is divided into hydrological response units (HRUs) 

based on soil type, land use, and slope classes that allows a high level of spatial detail simulation. 

The major model components include hydrology, weather, soil erosion, nutrients, soil temperature, 

crop growth, pesticides agricultural management, and stream routing. The model predicts the 

hydrology at each HRU using the water balance equation, which includes daily precipitation, runoff, 

evapotranspiration, and percolation and return flow components. In the model, the surface runoff is 

estimated using two options, Natural Resources Conservation Service Curve Number (CN) (USDA-

SCS, 1972) and Green and Ampt (Seyfried 1991) methods. The percolation through each soil layer 

is using storage routing techniques combined with crack-flow model (Arnold, 2001). SWAT 

estimates evapotranspiration using three options: Priestley-Taylor (Priestley 1972), Penman-

Monteith (Monteith 1965), and Hargreaves (Hargreaves, 1985). The flow routing in the river 

channels is computed using the variable storage coefficient method or Muskingum method (Chow 

2010) SWAT is a basin-scale, continuous-time model that operates on a daily time step and is 

designed to predict the impact of management on water, sediment, and agricultural chemical yields 

in ungauged watersheds.  

The model is physically based, computationally efficient, and capable of continuous 

simulation over long periods. Major model components include weather, hydrology, soil 

temperature and properties, plant growth, nutrients, pesticides, bacteria and pathogens, and land 

management. In SWAT, a watershed is divided into multiple sub watersheds, which are then further 

subdivided into HRUs that consist of homogeneous land use, management, and soil characteristics. 

The HRUs represent percentages of the sub watershed area and are not identified spatially within a 

SWAT simulation. Alternatively, a watershed can be subdivided into only sub watersheds that are 

characterized by dominant land use, soil type, and management. There are only few reported 
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applications of SWAT model to Ethiopian conditions and that too in relatively small watershed 

areas (Dilnesaw, 2006; Haile et al., 2013). Hence, the application of SWAT for the entire Omo-

Gibe basin is highly relevant and informative. 

3.8 Hydrological components of SWAT model  

The simulation of a watershed hydrology is categorized into two categories (Rahman et al., 2013). 

One is the land phase of the hydrological cycle, which controls the amount of water, sediment, 

nutrient, and pesticide loading in each sub basin to the main channel. Hydrological components 

simulated in land phase of the hydrological cycle are canopy storage, infiltration, redistribution, 

evapotranspiration, lateral subsurface flow, surface runoff, ponds, tributary channels and return flow 

(Neitsch et al., 2011). The second is the routing phase of the hydrologic cycle that can be defined 

as the movement of water, sediments, nutrients and organic chemicals through the channel network 

of the watershed to the outlet (Neitsch et al., 2011; Gleeson et al., 2012). 

3.8.1 Hydrological process modeled by SWAT tools using water balance equation 

𝑆𝑤𝑡 = 𝑆𝑤𝑜 ∑ (Rday − Qsurf − Ea − Sseep − Qgw
t
i=1 )              (3.8) 

where, Swt =final soil water content (mm), Swo = initial soil water content on day i (mm), Qsurf =Amount 

of surface runoff on day i (mm), Rday = Amount of precipitation on day i (mm), Ea = Amount of 

evapotranspiration on day i (mm), Wseep = Amount of water entering the vadose zone from soil profile 

on day i (mm), Qgw = Amount of return flow on day i (mm). There are two methods available to estimate 

surface runoff. They are - the USDA Soil Conservation Service SCS curve number procedure, and the 

Green & Ampt method of infiltration. The SCS curve number method was used in this study to estimate 

infiltration of the surface runoff. FAO Penman-Monteith, Priestley−Taylor method and Hargreaves 

method was used to estimate potential evapotranspiration (PET). The SCS curve number is described 

by equation (3.9) 

      Qsur =
(R−0.2S)

(R−0.8S)

2

                                               (3.9) 

For R > 0.2S,  

Q = 0.0 for R < 0.2S,  

𝑆 = 251 (
100

CN
− 1) 

 𝐶𝑁1 =   
200(100−CN2)

100−CN2+e2.553−.0636(100−CN2)
                                   (3.10) 
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 CN3 =  CN2 × (e(0.00673(100−CN2) ) 

where, Q = daily surface runoff (mm): R = daily rainfall (mm), S = retention parameter (mm); CN = 

curve number. The SCS curve number is a function of the soil’s permeability, land use, and antecedent 

soil water conditions. SCS defines three antecedent moisture conditions.1-dry (wilting point), 2–average 

moisture, and 3–wet (field capacity). CN1 and CN3 are found out as function of CN2.  

3.8.2 SWAT model predicts lateral flux 

𝑄𝑙𝑎𝑡 = 
0.024 (2SSCsinα)

θdC
                                             (3.11) 

where, Q
lat

= lateral flow (mm/ day); S = drainable volume of soil water per unit area of saturated 

thickness (mm/day), SC = saturated hydraulic conductivity (mm/h); L = flow length (m); α = slope of 

the land: θd= drainable porosity. 

3.8.3 SWAT-model estimates the base flow 

 𝑄𝑔𝑤  = Qgwie
(−αgw×∆t)  +  Wrchg × (1 − e

(−αgw×∆t))           (3.12) 

where, Q
gwj

= groundwater flow into the main channel on day j; α
gw

= base flow recession constant; 

Δt = time step 

3.8.4 Evapotranspiration 

SWAT model calculated Evapotranspiration using different methods like Penman-Monteith, 

Hargreaves, and Priestley-Taylor (listed in section 2.5). 

3.8.5 SWAT lateral flow is calculated 

Qlat = (Q′lat + Qlatstor,i−1). [ 1 − exp |
−1

TTlag
|]                      (3.13) 

where Qlat  is the amount of lateral discharged to the main channel on a given day (mmH2O), Q′lat 

is the amount of lateral flow, Qlatstor,i−1is the lateral flow, TTlag is the lateral flow travel time(day). 

3.8.6 SWAT model used to calculate the amount of water percolating to the ground 

Wperc,jy = SWly,excess × (1 − exp |
−∆t

TTperc
| )                       (3.14) 
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where Wperc,jy is the amount of water percolating to soil, SWly,excess the volume of water in soil 

layer. −∆t is the length of the time step (hrs), TTperc is the travel time for percolation (hrs). 

SWAT water balance for the shallow aquifer is  

aqsih,j = +aqsh,j−1−Qgw  − wrevap +wpump,sh −wrchrg.sh             (3.15) 

where aqsih,j is the amount of water stored in the shallow aquifer day i. aqsh,j−1 is the amount of 

water stored in the shallow aquifer on day i-1, Qgw is groundwater flow, wrevap the soil zone in 

response to water deficiencies. wpump,sh is the amount of water removed from shallow aquifer by 

pumping on day i. wrchrg.sh recharge entering the shallow aquifer on day.  

3.8.7 SWAT water balance for the deep aquifer 

aqdp,i = aqdp,j−1 +wdep −wpump,dp                            (3.16) 

where aqdp,i the amount of water stored in deep aquifer on day i.  aqdp,j−1 the deep aquifer on dayi-

1 wdep water percolating from the shallow aquifer into deep aquifer on day i.  wpump,dp water 

removed from the deep aquifer by pumping on day i. 

3.8.8 SWAT Model Adaptation in Ethiopia 

The model has been evaluated by few researches in different regions of the country. Zerihun (2011) 

used SWAT to estimate watershed’s sediment yield to the Tendaho dam. The recommendations of 

this research emphasized that small sub-basins should be adjusted separately within the system to 

capture the processes effectively on a small scale. Tensay (2011) used SWAT model to predict the 

sediment yield to Ribb dam reservoir. His assessment indicates that the observed values show good 

agreement with simulated value for both flow and sediment. He also recommended that the 

calibrated model can be used for further analysis of the effect of climate and land use change as well 

as other different management scenarios on stream flows and soil erosion Joel et al., (2010; 

Narsimlu et al, (2015); and Meng et al, (2018). used SWAT model to assess the suitability of SWAT 

model as sediment yield modelling tool in the Nile river basin, with particular interest in the tropical 

regions. (Yacob 2010) used SWAT model to analyse and quantify the effect of land use change on 

sediment yield and runoff. Model predictions on monthly basis show a strong relation between water 

yield and land use change during the calibration and validation periods, as indicated by model 

performance parameters (Wolka and Zeleke 2016; Betrie et al. 2011; Choto and Fetene 2020). 
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The results of these studies on SWAT model application suggested that poor catchment 

representation of important hydrological features might lead to poor performance of the model. 

However, based on the review, SWAT model seems to perform satisfactorily in the catchments of 

Nilotic countries and there exist prospect for its wide applications in the region. Despite the basins 

being characterized by scarce data, the use of SWAT models allows some perception to the 

hydrological characteristics of the region.  

3.8.9 Limitation of SWAT model  

The popularity of the SWAT model is largely due to the multi-disciplinary coverage of processes 

representing the hydrology, soil science, erosion/sediment transport, crop growth, in-stream water 

quality and the agricultural management, but it has limitation on its low capacity to capture the 

spatial variability associated with precipitation within a large watershed and it does not simulate 

detailed event-based flood and sediment routing (Francesconi et al, 2016; Narsimlu et al, 2015; 

Meng et al, 2018). Since SWAT is a process-based model, it intentionally incorporates simplified 

representations of most processes so that many parameters can be obtained from readily available 

geospatial coverage (Francesconi et al, 2016; Narsimlu et al, 2015; Meng et al, 2018). Another 

criticism on SWAT model is that the method of estimating runoff is by means of curve number 

method that applies universal soil loss equation that considers runoff caused when rainfall intensity 

rate is higher than infiltration capacity of the soil. In addition, when infiltration is higher than 

overland flow, the method of changing the algorithm of previous SWAT CN method to water 

balance method for estimating runoff entails the runoff. 

3.9 Previous Studies in the Study Area  

The Omo-Gibe River Basin Development Master Plan Study was carried out under the support of 

the government of Ethiopia between 1993 and 1996 with external assistance provided by the African 

Development Bank (Stevenson 2018; Asefa 2011; Taye et al., 2018; Mereta et al., 2019; 

Dagnachew et al., 2020; Deribew et al., 2020). The aim of the study was to prepare a master plan 

for the Omo-Gibe Basin that makes optimum use, both at a regional and national level, with the 

minimum possible adverse environmental impact (Chaemiso et al., 2016; Estifanos 2014). The 

research analysed basin surface water resource using a model of rainfall-runoff, preliminary 

hydropower, and large irrigation sites of the scheme. Under the guidance of the Ethiopian Electric 

Power Corporation and the research report (Avery and Eng 2012; Merrick 2018; Adem et al., 2016), 
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the hydrological analysis of the movement of sedimentation over the Gibe III Basin and the the 

sediment deposit distribution within the reservoir were estimated.  

3.10 Runoff and Sedimentation 

There are a variety of terms and phrases used to describe sediments such as mud, dirt, and sludge 

(Owens 2008; IKHSAN 2010) that are often used by the public or non-scientific community when 

referring to sediments. Mud is also a term used for organic and inorganic fine-grained material, 

which means clay and silt-sized material as opposed to coarse-grained sediment. Problems and 

issues of sediment management arise, that is, lack of understanding and consensus on what sediment 

is (Morris and Fan, 1998). Sediment yield (Ran et al., 2013) is the amount of sediment exported 

over a time by a river basin, which is also the amount that will enter a reservoir at the downstream 

limit of its tributary watershed. It is also the volume of eroded sediment at any given point drained 

by a stream (Yang et al., 2014).  

The yield of the sediments is always lower than and often much lower than that of erosion 

within the same watershed (Morris & Fan 1998). Surface run off and reservoir sedimentation is a 

severe off-site consequence of soil erosion with significant environmental and economic 

consequences. However, on the other hand, runoff and reservoir sedimentation also provide valuable 

information in a drainage basin about erosion problems and sediment transport. Water erosion of 

the soil and man-made environmental changes (Hooke 2006) are one of the most important problems 

of land degradation. Long-term runoff and sediment yield estimates have been used for many 

decades to size the storage pool of sediments and to estimate the reservoir life. Thus, reservoirs 

accumulated sediments higher than originally planned. Most sediments are exported from 

catchments during a relatively short flood discharge period, and long-term sediment yield trends 

over decades may also have an impact on reservoir sediment management (Ahmed et al., 2009). 

Estimates of erosion and transport of sediments in major rivers reflects the difficulty of obtaining 

reliable sediment concentration and dumping values due to human activities such as deforestation, 

poor agricultural practices, road construction, and so on (FAO 1998). Many types of sediment-

related problems can occur upstream as well as downstream of dams, and sediment interference 

(Chandra et al, 2014) may also interfere with the beneficial use of diverted water. Converting 

sedimentation reservoirs into sustainable resources that generate long-term benefits requires 

fundamental changes in the design and operation of reservoirs. This involves replacing the idea of 

a reservoir existence restricted by sedimentation with a concept of controlling both water and 

sediment in order to maintain reservoir function. 
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3.10.1 Runoff and Sediment Management Practice 

Planning for soil and water conservation requires knowledge of the relationship between factors 

causing loss of soil, water, and those helping to reduce such losses. Soil and water conservation is 

a major part of watershed management intervention, which involves the creation of resource 

management and utilization systems for soil, water, and land use. Both conservation practices 

influence soil erosion rate, and are useful parameters to be considered in the modelling of runoff 

and erosion (Chandra et al., 2014). Sediment management strategies are the same for large 

reservoirs and small reservoirs, and sediment management practices for those two reservoir 

categories are often as different as their magnitudes.  

In upstream watershed measures such as structural steps, land use land cover adjustments 

measures and tillage practices are generally taken to reduce the sediment load entering the reservoir 

/ dam. Terraced fields, flood prevention and drainage works, gully head protection works, river 

protection works, check dams, and silt trapping dams are best management strategies (Higaki et al., 

205). Vegetative measures include growing soil and water conservation forests, Filter striping, 

closing off hillsides, and reforestation (Abbasi et al., 2019). Contour farming, ridge and furrow 

cultivation, pit planting, grain and grass rotation, deep ploughing, intercropping and inter-planting, 

and no tillage farming (Ranzi et al., 2012; Refsgaard & Knudsen, 1996). For different watershed 

sizes, the effectiveness of soil conservation measures in reducing the sediment inflow to a reservoir 

varies. In the short term, soil conservation can hardly be effective for a large basin with poor natural 

conditions. 

3.10.2 Sediment rating curve preparation  

Data requirement for sediment is widely issued for assessing long-term sediment yield of the 

catchment (Miller, 1951; Adib, & Tagavifar, 2010; Tabatabaei, & Salehpour 2017), to know 

sediment capacity of the basin and to identify and undertake management scenario changes to 

minimize further reservoir sedimentation. Lack of available sediment data is experienced in the 

country as a whole and it is quite difficult to assess the watershed modelling with the scarce data. 

An option to solve this kind of scarcity is by generation of sediment rating curve (Tabatabaei, and 

Salehpour 2017), (developing exponential relationship between river discharge and sediment 

concentration for the existing data). However, such rating curves might increase uncertainty, which 

is not as equal as the real observed values. A supplementary analysis is carried out in this paragraph 

aimed to define the suspended sediment rating curve at the Gibe III dam section, that is the 

relationship Qs = aQw
n
 
 where Qs is the suspended sediment transport in tons/day, Qw is the 
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discharge in m3/s, a and n are the coefficients of the correlation. This relationship will permit the 

calculation of the sediment load at a given flow rate and therefore it may represent a powerful tool 

to predict the suspended sediment transport in the Omo River especially if combined with the 

hydrometrical campaign currently in progress (Tabatabaei, & Salehpour 2017). Since no direct 

measurement exists at the dam site, a classical statistical procedure has been applied to the sediment 

data of the upstream gauged stations in order to assess the proper correspondence between liquid 

and solid flow. Data of the five main monitored catchments (Abelti, Wabe, Walga, Asendabo, and 

Shebe) within the Gibe III Catchment have been considered and specifically only official gauges of 

the 94 Omo Gibe basin Master plan (OGMP) sampling programme have been adopted. Suspended 

load and discharge have been both normalized by the median of the record and consequently all data 

have been homogenized and joined in a larger sample.  

3.11 Water Management Scenarios  

3.11.1 SWAT model based Best Management Practice (BMPs) Scenario 

Scenarios will have to be built to investigate the impact on surface runoff and sediment loading in 

order to manage the various farming activities in the Omo Gibe basin taking into account segregated 

sub-basin using SWAT tools. The region is also witnessing population pressure and urbanization. 

The modelling incorporates alternative scenarios for possible outcomes for analysing possible future 

events (Fazeli 2018; Mereta et al., 2019; Dagnachew et al., 2020; Deribew et al., 2020). The 

analysis is designed to encourage rational decision-making and evaluation by focusing more clearly 

on possible outcomes and their consequences (de Vente et al., 2016). Developing water resource 

planning and management strategies and assessing the impacts of potential environmental changes 

are often guided by an analysis of multiple possible future water management scenarios (Chekol, 

2006; Li et al., 2013). For this purpose, the following catchment management scenarios were 

developed and in order to use the model as a tool for evaluating the effects of various management 

measures for runoff and sediment transport in the study area. This scenario involves the introduction 

of Best Management Practices (BMPs) (Betrie et al., 2011) and the parameters for these scenarios 

were incorporated in the management input data. Some of them are: 

a) In Scenario 1, when the watershed existing conditions is considered. 

b) In Scenario 2, If different filter strip widths have been imposed on all agricultural HRUs that 

are a combination of LULC, all soil types and slope groups since the filter strip has the 

function of filtering the runoff and trapping the sediment in a given plot (Bracmort et al., 

2006). Therefore, this research used 5 m long filter strip for the analysis. 
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c) In Scenario 3, when parallel terraces with different slope length and stone bunds were placed 

on HRUs that are the combination of land use, all soil types, and slope classes. Thus for this 

study, 75% reduction of slope length was incorporated. 

d) In Scenario 4, Reforestation. (López-Ballesteros et al., 2019; Wu et al., 2021).  The actual 

land use database, a digital map of land use defined as the baseline land use (Pandey et al., 

2021). The scenarios were used to evaluate the effect of reforestation on stream flow Omo 

Gibe Basin increase in population and the resulting need for farming, opening up the 

vegetation for various uses, and other infrastructure need accelerated land degradation. Since 

accelerated soil erosion is caused by the activities of man and is responsible for depleting 

soil productivity, destroying land and filling reservoirs with sediment, there is an 

intervention to implement the watershed management plan to protect the catchment water 

development. The reforestation has a function to reduce overland flow and rainfall erosivity 

(Pandey et al., 2021). The reforestation effect was simulated by introducing land use change, 

not by parameters changes. 

 

4.12 Conculusion 

The availability of published literature in the region is one of the major challenges in terms of 

climate change and land use land cover in Omo Gibe River Basin. This demonstrates that, Omo 

Gibe basin, very little work has been done to measure or estimate in detail the effects of climate 

variability or extremes at various levels. The lack of many literatures indicated that in the past and 

present on climate and climate change related problems in the basin had made the complex. 

Furthermore, based on the studied literatures for the entire country, they predicted that the maximum 

and minimum temperatures in Ethiopia will continue to rise, as well as a modest shift (increasing 

sign) in precipitation, but no one of them put any clear justification regarding to precipitation 

change, land use land cover dynamics and best managements practices scenario in the base for 

current and future case. As a result, this study will have a great input in filling of this missed gap in 

the area of climate change, land use land cover dynamics and water resource managements practice 

study in Omo Gibe Basin. 
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Chapter 4 Hydro-Climatological Data Analysis 

4.1 Introduction to Analysis of Hydrological Time Series 

According to the theories discussed below, there are two basic data sets (spatial and temporal) 

required for modelling and analysing the hydrological and climatic time series, which satisfy the 

hypotheses of homogeneity, randomness, non- periodic, and stationary (Machiwal and Jha 2012). 

As a result, for all water resources studies involving the use of data from hydrological time series, 

preliminary statistical analyses must be performed to validate whether the hydrological time series 

has all the required assumptions / characteristics (Dahamsheh & Aksoy 2007). Many analyses of the 

time series are performed using standard methods though. The method used in this research for 

testing independence and stationarity is the Wald-Wolfowitz (W-W) test (Pohlert 2016). The test 

for checking the homogeneity and stationarity used is Mann-Whitney (M-W) test (two sample of p 

and q, p ≤ q) (Hamed & Rao 1999). The tests for trend analyses used are Mann-Kendall (non – 

parametric) and Spearman’s Rho (non – parametric) (Yue et al., 2002). The Linear Regression 

(parametric) test procedures are checking the homogeneity, stationarity, and outliers (Hamed & Rao 

1999). Hydrological data analysis is critical for testing the quality and consistency of the results. 

The objective of this study is to assess the possible effects of hydro-climatological time-series and 

analysis of hydrological events.  

4.2 Statistical Methodology of the study  

4.2.1 Filling Missing Data   

Before using a runoff record of a station, it is necessary first to check the data for continuity. The 

integrity of a record may be disrupted with missing data due to numerous reasons such as: observer 

absence, and instrument malfunction or failure (Zakaria and Noor 2018; Ibbitt, and Henderson 

1998). The missing data (Kotsiantis et al 2016; Anjomshoa aand Salmanzadeh, 2019) can be 

calculated using adjacent station data. There are various methods of filling missing data such as 

method of arithmetic average, method of normal ratio or other methods of approximation. All of the 

above approaches, however, require more than one local station and records at the same time. The 

missing data can be extrapolated /interpolated using the local or regional relationships between the 

dependant and the independent runoff (Kotsiantis et al., 2016; Anjomshoaa & Salmanzadeh, 2019).  

4.2.1.1 Linear Regression 

A suitable way adopted for this project is to fit a linear regression line between dependent and 

independent runoff (equation 4.1 and Figure 4.2). The linear regression is of good correlation, if the 

TH-2892_166104046



 

  

45 

  

correlation coefficients are in the range 0.6 < r < 1.0 (Schober et al., 2018; Chok, 2010). The 

correlation coefficient signifies the understanding of two variables, and how well the value of one 

can be used to predict the value of the other. The correlation coefficient r ranges between -1 and +1. 

A positive indicates that the variable allows perfect prediction of the other. A negative r values 

indicates that variable increases the other variable decreases and correlation coefficient of 0 

indicates no relationship between the two variables. Abelti station is dependent in Assandabo 

because it is located upstream of the catchment, while Gojeb station is independent because it is 

located downstream of the catchment. (Figure 4.1) indicate that both gojeb and assandabo gauge 

station good correlation with Abelti gauge station  

Y = aX + b                                         (4.1) 

a = (
∑ XYN
i=1 − ∑ XN

i=1 × ∑ YN
i=1

∑ X2 −N
i=1 (∑ YN

i=1 )2
) 

 b =
∑ YN
i=1 ∑ Y2N

i=1 − ∑ XN
i=1 ∑ YN

i=1

∑ X2 − (∑ XN
i=1 )N

i=1

2  

r =
N∑ XY −N

i=1 ∑ XN
i=1 ∑ YN

i=1

√(N∑ X2N
i=1 − (∑ XN

i=1 )2) (N∑ YN
i=1

2
− (∑ YN

i=1 )2)   

 

where, a & b are constant, Y = dependent average runoff, X = independent average runoff, r = 

correlation coefficient. Using the above procedure, the regression coefficient between mean annual 

runoff and rainfall at station Ascendabo is found to be greater than 0.6 (Figure 4.1). Hence, the 

linear correlation between runoff in neighbor gauged catchment station is used to fill the missing 

data.  
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Figure 4. 1 Linear regression analysis.  

A non-linear method of correlating a station’s long -term runoff data to an adjacent known 

base station is by using Dicken’s and Ryve’s (Chandramohan et al 2018; Jena and Nath, 2020) 

formula (Equations 4.2).  

Qsim = Qobs (
AX

AY
)
0.67

                                          (4.2) 

where Qsim and Qobs are discharge in m3/sec of regressed and the station, Ax and Ay are the 

corresponding catchment areas in sq.km. 

4.2.1.2 Extension of Flow Record 

In many cases, a stream gauge in one site may have short period records (Yi, i = 1, 2, 3…, n) and 

another gauging station may have long records (Xi, i =1, 2, 3, 4,...N). As per the statement, n <N 

and that records for both stations exists for the period i= 1, 2, 3… The correlation between X and Y 

may be explored to estimate the Y records, by estimating a set of N-n flows for the period during 

which there was an X record, but no Y record (Moog et al., 1999). The obvious approach to this 

problem is to use regression to estimate Y as the function of X. However, it is not the particular 

value of Yi that is important, but the full collection of estimates of Y, which means a set of Y values 

those possess the correct statistical properties of Y. The simplest version MOVE 1, presents the 

variance and mean of Y using the (equation 4.3): 

Yi = a + bXi                                             (4.3) 

where,  

𝑏 =  √
𝑆𝑦𝑦

𝑆𝑥𝑥
⁄ × Sign(𝑟) 
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𝑎 =  𝑌̅ − 𝑏𝑋̅ 

𝑆𝑥𝑥 =∑ (𝑋 − 𝑋̅)2
𝑛

𝑖=1
 

𝑆𝑦𝑦 =∑ (𝑌 − 𝑌̅)2
𝑛

𝑖=1
 

and Sign (r) = the sign of correlation coefficient , Sxx and  Syy the sample of covirance and X̅ is the 

mean ot the sample. By using this method for this particular study, the flow recorded at different 

station has been observed for only for short years, but the other flow records at different station has 

been recorded for long time. Thus, the method of MOVE-1 technique (Moog et al., 1999) is to 

extend the short years recorded station data to long years of flow record using the known station 

data.  

4.2.1.3 Thomas –Fiering Model  

The model is used to produce dynamically the monthly and weekly or 10 daily volume of the 

discharge from a serially based sequence the Markov Model's extension (Harms and Campbell 1967; 

West and Harrison 2006) with the implies the monthly or regular variable depends only on the 

current one or two variable involving non-stationary mean and variance using equation 4.4. 

Qj+1 = Qavj+1 + bj,i+1(Qi − Qav) + ZiSj+1√1 − Rj,i+1
2               (4.4) 

where Qj+1 , Qj are the discharge volume during (j+1)th and jth month; Qavj+1and Qavj the mean 

monthly discharge volume for (j+1)th and jth Months ; Sj+1 and Sj stander deviation for (j+1)th and jth 

Months; Rj,i+1
2  the correlation coefficient between the months j and (j+1); Zj the random 

independentvariate with zero mean and unit variance ; bj,i+1 = Rj,i+1
2 (

Sj+1

Sj
). 

4.2.2 Checking Homogeneity and Consistency of the Stations 

4.2.2.1 Checking Homogeneity 

Homogeneity or consistency implies that all the collected hydrologic time series data belong to the 

same statistical population having a time invariant mean (Feng and Qian, 2004; Agha et al 2017). 

So, the tests to check the homogeneity or consistency of data series are based on evaluating the 

significance of changes in the mean value. By checking consistency and homogeneity of individual 

stations, the data qualities regarding possible temporal and spatial variations or errors are 

investigated. Rainfall stations within each sub-basin is non-dimensionalised and plotted to compare 

the homogeneous stations (Feng and Qian, 2004; Agha et al 2017) within the watershed. This 
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procedure helps in filling missed values in the stations. The results of the homogeneity (non-

dimensional) form data analyses are shown below (Figure 4.2 and equation 4.5). The non-

dimensionalising of the month’s value was calculated as; 

 Pi = 100% ×
(Pi)

P
                                          (4.5) 

where, Pi=is non-dimensional value of month rainfall for station i, Pi̅ = Over year-averaged monthly 

rainfall at the station i, P ̅= the over year -averaged yearly rainfall of the station. 

 

4.2.2.2 Checking Consistency of the stations 

If the conditions relevant to the recording of a rain gauge station have undergone a significant 

change during the period of record, inconsistency would arise in the rainfall data of that station. This 

inconsistency would be felt from the time the significant change took place. 

 

Figure 4. 2 Homogeneity and Consistency test in Upper Gibe catchments  

The checking for inconsistency of a record is done by double mass curve technique 

(Subramanya, 1998). The above graphs showed all points set on or from almost the straight lines, 

which was plotted for checking of consistency of rainfall, all stations were consistent. Therefore, 

the stations did not need further adjustment.  

4.2.3 Trend analysis for hydrologic data 

Trend analysis of a time series consists of the magnitude of trend and its statistical significance. In 

general, the magnitude of trend in a time series is determined either using regression analysis 

(parametric test) or using Sen’s estimator method (non-parametric method) (Partal and Kahya 

2006). Both these methods assume a linear trend in the time series. Regression analysis is conducted 

with time as the independent variable and rainfall/temperature as the dependent variable. The 
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regression analysis can be carried out directly on the time series or on the anomalies (i.e. deviation 

from mean). A linear equation, Y = mX + B defined by B (the intercept) and trend m (the slope), 

can be fitted by regression (Kahya & Kalayci 2004). The linear trend value represented by the slope 

of the simple least-square regression line provided the rate of rise/fall in the variable. Sen’s estimator 

has been widely used for determining the magnitude of trend in hydro meteorological time series. 

In this method, the slopes (Ti) of all data pairs are first calculated by equation 4.6.  

T𝑖 = 
X𝑗−X𝑘 

j−k
              for i=1, 2, 3….N                              (4.6) 

where Xj and Xk are data values at time j and k, where j > k always. The median of these N values 

of Ti is Sen’s estimator of slope, which is calculated as  

β =  {

𝑇𝑁+1
2

  for odd N

1

2
(𝑇𝑁

2

+ 𝑇𝑁+2
2

)    for even N
                        (4.7) 

A positive value of β indicates an upward (increasing) trend and a negative value indicates a 

downward (decreasing) trend in the time series. 

4.2.3.1 Significance of trend 

Non-parametric Mann-Kendall (MK) test is used to assess the existence of statistically significant 

changes in hydrological climate variables, such as temperature and precipitation with respect to 

climate change (Yue et al., 2002). The MK test tests the null no-trend hypothesis against the 

alternative hypothesis of increasing or decreasing trend existence. The statistics (S) is defined as in 

equation 4.8 

S =  ∑ ∑ Sgn(Xj − Xi)N
j=i+1

N−1
i=1                            (4.8) 

where N is the number of data points or the length of the sample, Xj and Xi are from 𝑘=1, 2, …, n-

1 and 𝑗= 𝑘+1, …, Which is the number of positive differences minus the number of negative 

differences. If S is a positive number, observations obtained later in time tend to be larger than 

observations made earlier. If S is a negative number, then observations made later in time tend to 

be smaller than observations made earlier. Assuming (Xj – Xi) = θ, the value of sgn (θ) is computed 

as follows:       

Sgn (θ) =  {
+1       if θ >  0
0      if θ =  0
−1      if θ <  0

                                      (4.9) 
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This statistics represents the number of positive differences minus the number of negative 

differences for all the differences considered. For large samples (N > 10), the test is conducted using 

a normal distribution, with the mean and the variance as follows:  

E[S] = 0 =Mean, 

Var(s) =
N(N−1)(2N+5)−∑ tk(tk−1)(2tk−5)n

k−1

18
                      (4.10) 

where n is the number of tied (zero difference between compared values) groups and tk the number 

of data points in the kth tied group. The standard normal deviate (Z-statistics) is then computed as: 

ZMK = 

{
 

 
S−1

√var(s)
       S > 0

0               S = 0
S+1

√var(S)
        S < 0

                                    (4.11) 

A positive (negative) value of MK indicates that the data tend to increase (decrease) with time. If 

the computed value of |ZMK| > zα/2, the null hypothesis (H0) is rejected at α level of significance in 

a two-sided test. In this analysis, the null hypothesis was tested at 95% confidence level and ZMK is 

accepted. Trends test of flow in upper Gibe Basin Using Mann-Kendall from 1985-2008. 

 

Table 4. 1 Statistical analysis of flow for upper Omo-Gibe basin selected station.  

Variable Observations Minimum Maximum Mean Std. deviation 

Gojeb_flow 50 110.016 255.008 153.29 36.94 

Assandabo_flow 50 22.26 62.7596 39.59 10.65 

Abelti_flow 50 88.189 372.95 200.72 76.61 

Megecha_flow 50 15.319 45.275 27.035 7.0004 

Table 4. 2 Mann-Kendall trend test for mean monthly flow of upper Omo-Gibe basin  
 

Gojeb_flow Assandabo_flow Abelti_flow Megecha_flow 

Kendall's tau 0.468037 0.106514 0.534618 0.043372 

S 571 130 649 53 

Var(S) 14281.6 14282.6 14266.3 14285.6 

p-value  < 0.0001 0.28 < 0.0001 0.66 

alpha 0.05 0.05 0.05 0.05 
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The Mann-Kendall trend test results for mean monthly flow indicates that a positive trend for the 

given data of stream flow with significant level at α = 0.05, or 95% confidence level because S value 

is greater than zero (S > 0) and p value is less than α (i.e., α = 0.05, p < α = 0.096 < 1.96 indicated 

in (table 4.2 and Figure 4.4). Therefore, the P-value is less than (or equal to) α, reject the null 

hypothesis we can chose the alternative hypothesis and the P-value is greater than α, do not reject 

the null hypothesis. This means that, the result of the mean monthly flow of the Mann-Kendall trend 

test analysis has revealed that the extreme values of flow have an increasing trend with a statistical 

significance. If the null hypothesis Ho is true, then S is approximately normally distributed with, 

𝜇 = 0, 𝛿 =  (𝑛
(𝑛 – 1)(2𝑛 + 5)

18
)  𝑎𝑛𝑑 𝑍 =  | 𝑆𝑥 | / (𝛿)0.5 /. The other Gojeb, Asandabo, and 

Megecha River stream flow time’s series are defined in Appendix 3.  

 

Figure 4.3 Trend of mean monthly flow of upper Omo-Gibe sub basin of selected stations Abelti  

4.2.3.2 Spearman's Rho (Non parametric)  

Two variables, where the value r = 1 means a perfect positive correlation and the value r = -1 means 

a perfect negative correlation. Spearman’s Rho is a non-parametric test used to measure the strength 

of association between the two variable statistically significant. This is a rank based test that 

determines whether the correlation between two variables is significant.  
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ρs  =
Sxy 

(Sx Sxy )
0.5
 
                                         (4.12) 

where, ρs = Spearman’s rank correlation coefficient, Sx = ∑(Xobs – X̅ )
2, Sy  =  ∑(Yobs − Y̅)

2, 

and Sxy  =  ∑(Xobs  − X̅ ) (Yobs − Y̅ ) . By using Spearman's Rho (Non parametric) methods 

Abelti gauge station flow had been accepted because the value of R is 1 and the two tailed value of 

p is 0. By normal standards, the association between the two variables would be considered 

statistically significant with mean of 0 and variance 1. 

4.2.4 Hydrological event analysis using Probability Distributions 

Frequency analysis is the hydrological term used to describe the likelihood of a hydrological event 

such as rainfall, flooding, and drought occurrence (Favre et al 2004; Field et al., 2014). Evaluation 

of these extreme rainfall events is critical for hydrological risk analysis and water-related 

infrastructure design (Biniyam and Kemal 2017). Distribution of probability functions and statistical 

measurement of location, measurement of distribution, and measurement of skewness is important. 

Analysis of the frequency usually requires hydrological data recorded. Hydrological data either are 

recorded as a continuous record (water level or point, rainfall) or in a discrete series (mean daily / 

monthly / annual flow or rainfall, annual series, part series, etc.). 

Probability distribution is a function representing the probability of occurrence of a random 

variable (Chow 2010). Some of the frequently used density functions in hydrological analysis are: 

Normal Distribution, Log-normal, Weibull, Gamma, Gumbel, Exponential, and Pareto. There are a 

lot of methods for estimating probability distributions like: Weibull, Hazen, and Californian 

(Ewemoje ,& Ewemooje, 2011; Kang, & Ko,2018 ). The Simulation & Probabilistic Analysis (SPA) 

Software Development Kit (SDK) supports over 50 continuous and discrete probability 

distributions. The SDK supports a number of continuous distributions divided into four categories 

(distribution types) like: Bounded; Unbounded; Non-negative; and Advanced Distributions. The 

following advanced distributions are robust and famous: Generalized Extreme Value, Generalized 

Logistic, Generalized Pareto, Log-Pearson3, and Wakeby. The Wakeby distribution is widely used 

for the modelling of extreme events. Each of the supported generalized distributions combines two 

or more simpler distributions. The generalized extreme value (GEV) distribution combines the 

Gumbel, Frechet, and Weibull families (Ewemoje ,& Ewemooje, 2011; Kang, & Ko,2018 ). The 

probability density function (PDF) is the probability that the variate has the value x: 

f(x) = P(X = x)                                           (4.13) 
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The cumulative distribution function (CDF) is the probability that the variate takes on a value less 

than or equal to x:  

F(x) = P(X ≤ x)                                            (4.14) 

Survival Function; the survival function (or reliability function) is the probability that the variate 

takes on a value greater than x: and is displayed similarly to the CDF. 

S(x) = P(X > x) = 1 − F(x)                           (4.15) 

The survival function is often used in reliability and related fields to denote the probability a unit 

survives beyond time (Ewemoje, and Ewemooje, 2011; Kang, and Ko,2018 ). Hazard Function (also 

known as the failure rate) is the ratio of the probability density function to the survival function. 

The hazard function is used in reliability applications to describe the instantaneous failure rate at 

any point in time. 

h(x) =
f(x)

s(x)
=

f(x)

1−F(x)
                                    (4.16) 

4.2.4.1 Quantile-Quantile Plot 

Quantile-Quantile (Q-Q) Plot (Almeida et al., 2018; Yue and Jin-yang ,2021; Easton and 

McCulloch, 1990; Korkmaz, et al., 2014) is a graph of the input (observed) data values plotted 

against the theoretical (fitted) distribution quantiles. Both axes of this graph are in units of the input 

data set. The quantile-quantile graphs are produced by plotting the observed data values xi (i = 1... 

n) in the X-axis, and the following values in the Y-axis:  

F−1(Fn (xi) −
0.5

n
)                               (4.17) 

where: F -1(x) inverse cumulative distribution function (ICDF); Fn (x)  empirical CDF; n-sample 

size. The Q-Q plot will be approximately linear if the specified theoretical distribution is the correct 

mode. (Ewemoje ,& Ewemooje, 2011; Kang, & Ko,2018 )  

4.2.4.2 Generalized Logistic distribution 

Generalized Logistic distribution have three parameters that are continuous (shape (κ), scale (δ) and 

location (μ)) parameter and the scale parameter is greater than zero. The domain generalized 

Logistic Value 1 +  κ
X−μ

δ
 >  0 for shape parameter is different from zero and the value of X is less 

than from positive infinitive and greater than negative for shape parameter is equal to zero (Kang, 

& Ko, 2018). The probability density function (PDF) is 
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f(x) =  
(1+kz)−1−1/k

σ(1+(1+kz)−1/k)2
 for k ≠ 0                             (4.18) 

f(x) =  
exp (−z)

δ(1+exp(−z))2
 for k = 0                                   (4.19) 

Cumulative Distribution function (CDF) is 

F(x) =  
1 

1+(1+kz)
−
1
k

   for k ≠ 0                             (4.20) 

F(x) =  
1

1+exp(−z)
    for k = 0                              (4.21) 

where, Z =  
x−μ

δ
 

4.2.4.3 Log-Pearson Type 3 Distribution  

Log-Pearson Type 3 Distribution have three parameters α (α>0), β (β  ≠ 0 and Y, which is a 

continuous parameter with in the domain 0 < x ≤ ey  for β < 0 and ey ≤ +∞ for β > 0 .  

The probability density function (PDF) is  

f(x) =  
1

x|β|Ґ(α)
(
ln(x)−γ

β
)
α−1

exp (−
ln(x)−γ

β
)                   (4.22) 

Cumulative Distribution function (CDF) is  

F(x) =  
Ґ(ln(x)−γ)/β(α)

Ґ(α)
                                  (4.23) 

4.2.4.4 Generalized Pareto Distribution 

In Generalized Pareto Distribution there are a continuous (shape (κ), scale (δ) and location (μ)) 

parameter and the scale parameter is less than zero with a domain α ≤ x < +∞ for κ ≥ 0 , and μ ≤

x <≤ μ −
δ

κ
 for κ < 0.  

The probability density function (PDF) is  

f(x) =
 1

δ
(1 +

κ(x−μ)

δ
)
−1−

1

k
 for k ≠ 0                           (4.24) 

f(x) =
1

δ
exp (−

x−μ

δ
) for k = 0                                 (4.25) 

Cumulative Distribution function (CDF) is 
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F(x) = 1 − (1 + k
(x−μ)

δ
)
−
1

k
for k ≠  0                          (4.26) 

F(x) = 1 − exp (−
x−μ

δ
) for k = 0                               (4.27) 

4.2.4.5 Wakeby Distribution  

The Wakeby distribution is defined by quantile function with all continuous parameters α, β, γ, δ, ζ 

the following conditions are imposed. α ≠ 0 or γ ≠ 0, β + δ > or β = γ = δ = 0, if α =

0 , then β = 0, if γ = 0 then δ = 0, γ ≥ 0 and α + γ ≥ 0 With the domain of ζ ≤ x < ∞ if δ ≥

0 and γ > 0, or ζ ≤ x ≤ ζ +
δ

β
−
γ

δ
if δ < 0 or γ = 0. Therefore, the Wakeby distribution (Ewemoje, 

& Ewemooje, 2017) is defined by quantile function.  

x(F) =  ζ +
α

β
(1 − (1 − F)β) −

γ

δ
(1 − (1 − F)−δ              (4.28) 

4.2.4.6 Extreme-Value Type I Distribution (Gumbel’s Method) 

Gumbel’s Extreme Value Distribution is a model developed for predication of hydrological events 

such as flood peaks maximum rainfall maximum wind speed, etc. Extreme-Value Type I 

Distribution has continuous two parameters scale (δ) and location (μ)) parameter. The probability 

density function (pdf) and cumulative distribution function (cdf) (Gumbel 1954; Kundzewicz et al., 

2014) are formulated for random variable X as follows. 

The probability density function (PDF), is 

f(x) =
1

β
exp[−(z + exp(−z))]                            (4.29) 

where Z =
x − μ

δ
;−∞ < x < ∞  

Cumulative Distribution Function (CDF) is  

F(x) = exp ⌈− exp (− 
x−μ

δ
) ⌉                             (4.30) 

where μ location parameter and δ scale parameter with a range  -∞<x<∞. 

Extreme-Value Type I Distribution (Kotz, & Nadarajah, 2000) is also commonly known as 

Gumbel's distribution. It is one of the most widely used probability distribution functions for 

extreme values in hydrologic and meteorological studies for prediction of flood peaks, maximum 

rainfalls, and maximum wind speed (Ewemoje, & Ewemooje, 2017).  
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This extreme value theory of Gumbel is mostly applicable to annual extremes. In the Gumbel 

method the data are ranked in ascending order and it makes use of the probability of non-exceedance 

the probability that the annual maximum flow is less than a certain magnitude and with the return 

period. Therefore, the annual data series of extreme events such as floods and maximum rainfall 

depths are selected for this study 

4.2.5 Parameter estimation  

A number of methods can be used for parameter estimation. These include the maximum likelihood 

method (MLM), method of moments (MOM), method of regression (MR), and probability weight 

method (PWM) (Shabri & Jemain 2013; Izinyon & Ehiorobo 2014). The above four methods are 

considered here in the study. The method of moments is employed for those distributions whose 

moment estimates are available for all possible parameter values, and do not involve the use of 

iterative numerical methods. The MOM is a natural and relatively easy parameter estimation method 

(Behr & Tente 2008; Spinoni et al., 2015). MLM estimates are usually inferior in quality and 

generally are not as efficient as MR estimates, especially for distribution with large number of 

parameter (three or more) because higher order moments are more likely to be highly biased in 

relatively small samples. 

However, according to (Duhachek et al., 2000; Rukhin et al., 2000; Moore et al., 2008) the 

maximum likelihood method (MLM) is considered the most efficient method since it provides the 

smallest sampling variance of the estimated parameters, and hence of the estimated quantiles 

compared to the other methods. For some particular cases such as Pearson type Ш distribution, the 

optimality of the ML method is only asymptotic and small sample estimates may lead to estimates 

of inferior quality (Moore et al., 1991). 

The PWM method (Shabri & Jemain 2013; Green wood et al., 1979; Hosking 1986a) gives 

parameter estimates that are comparable to ML estimates. In some cases, the estimation procedures 

are much less complicated and the computations are simpler.  

4.2.6 Quintile Estimation  

If distribution parameters are determined, quintile estimates (XT) may be calculated that correspond 

to the different return periods (Ginos 2009). The relation between return period and the probability 

of non-exceedance (F) is given by  

F = 1 −
1

T
                                             (4.31) 

where F = F(XT) is the probability of having a flood of magnitude XT or smaller.  
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The problem thus reduces to evaluate XT for a given value of F. Chow et al., (1988) and 

Izinyon and Ehiorobo (2014) has shown that most frequency-distribution functions applicable in 

hydrologic studies can be expressed by the following equation known as the general equation of 

hydrologic frequency analysis: (Han 2011).  

XT =  μ + KTδ                                       (4.32) 

where, XT = value of the variate X of a random hydrologic series with a return period T, μ = mean 

of the variate, σ = standard deviation of the variate, KT = frequency factor that depends upon the 

return period T and the assumed frequency distribution. 

4.2.7 Standard Error of Estimate (SEE) 

It is clear that a point estimate of a certain quantile corresponding to a return period may be of no 

real significance unless there is an indication of the accuracy of the estimates (Cunnane 1989). A 

measure of the variability of the estimated value is the (SEE) ST, which is defined as  

ST = √E{ẌT − E(ẌT)}2                                         (4.33) 

The standard error of estimate accounts for the error due to small samples, but not the error due to 

the choice of inappropriate distribution. The standard error of estimate depends in general on the 

method of parameter estimation method (MOM, ML, PWM) (Duhachek et al., 2000). For example, 

the parameter estimation by using Method of Moments for Gojeb flow near to Shebe is given in 

Table-4.3:  

Table 4. 3 Parameter estimation by using Method of Moments  

Parameter estimation μ α δ κ β γ 

Gamma - 7.1153 - - 20.24 - 

Gamma(3p) - 45.707 - - 7.88 -216.4 

GEV 122.72 - 52.67 -0.21   

Log-Pearson 3 - 5.29 - - -0.19 5.88 

Lognormal 4.89 - 0.43 - - - 

Weibull 2.67 - - - 159.35 - 

Gen.Pareto 55.80 - 161.49 -0.83 - - 

 

4.2.8 Goodness of Fit Tests 
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Goodness of fit tests (GoF) measure a random sample's compatibility with a theoretical distribution 

of probability function (Cirrone et al., 2004; Zeng et al., 2015). These tests show how well the 

distribution have chosen fits in with the data and used to compare fitted distributions. The following 

GoF measures are commonly used in analysis: Kolmogorov-Smirnov, Anderson-Darling, and Chi-

Square. 

4.2.8.1 Kolmogorov-Smirnov Test 

The Kolmogorov-Smirnov test (Neter et al., 1988) with significance correction (Dallal & Wilkinson 

1986) is based on the greatest discrepancy between the sample cumulative distribution and the 

normal cumulative distribution. This test is used to decide if a sample comes from a hypothesized 

continuous distribution. It is based on the empirical cumulative distribution function (ECDF). The 

empirical CDF is denoted by  

Fn(x) =
1

n
 [Number of Observation ≤ x]                   (4.34) 

The Kolmogorov-Smirnov statistic (D) is based on the largest vertical difference between the 

theoretical and the empirical cumulative distribution function:  

D = max
       1≤i≤n

(F(xi) − 
i−1

n
,
i

n
− F(xi))                           (4.35) 

The hypothesis regarding the distributional form is rejected at the chosen significance level (α) if 

the test statistic, D, is greater than the critical value obtained from a table. The fixed values of α 

(0.01, 0.05, etc.) are generally used to evaluate the null hypothesis (H0) at various significance 

levels. The P-value, in contrast to fixed α values, is calculated based on the test statistic, and denotes 

the threshold value of the significance level in the sense that the null hypothesis (H0) will be accepted 

for all values of α less than the P-value.  

4.2.8.2 Chi-Square Test 

The Chi-Square test is used to determine if a sample comes from a population with a specific 

distribution. The Chi-squared goodness-of-fit test is applied to binned data (Snedecor & Cochran, 

1989) and requires a larger sample size than the other two tests. This test is applied to binned data, 

so the value of the test statistic depends on how the data is binned. Although there is no optimal 

choice for the number of bins (k), there are several formulas that can be used to calculate this number 

based on the sample size (N). SDK employs the following empirical formula:  

K = 1 + log2 N                                         (4.36) 
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The data can be grouped into intervals of equal probability or equal width. The Chi-Square statistic 

is defined as,           

χ2 =  ∑
( 𝑂𝑖−𝐸𝑖)

2

Ei

k
i= 1 ,                                     (4.37) 

where Oi is the observed frequency for bin i, and Ei is the expected frequency for bin i calculated 

by 𝐸𝑖 = 𝐹(𝑋2) − 𝐹(𝑋1), where F is the CDF of the probability distribution being tested, and x1, x2 

are the limits for bin i. The hypothesis regarding the distributional form is rejected at the chosen 

significance level (α) if the test statistic is greater than the critical value defined as  χ2 1−α,κ−1,. 

Meaning the Chi-Squared inverse CDF with k-1 degrees of freedom and a significance level of (α). 

Though the number of degrees of freedom can be calculated as k-c-1 (where c is the number of 

estimated parameters), the SDK calculates it as k-1 since this kind of test is least likely to reject the 

fit in error (Bagdonavicius & Nikulin, 2011; Goual, & Seddik-Ameur, 2014). The P-value, in 

contrast to fixed α values, is calculated based on the test statistic, and denotes the threshold value of 

the significance level in the sense that the null hypothesis (H0) will be accepted for all values of α 

less than the P-value. The SDK calculates the P-values based on the Chi-Square test statistics ( χ2) 

for each fitted distribution (Bagdonavicius & Nikulin, 2011; Goual, & Seddik-Ameur, 2014).  

4.2.8.3 Anderson-Darling Test 

The Anderson-Darling procedure is a general test to compare the fit of an observed cumulative 

distribution function to an expected cumulative distribution function (Sinclair et al, 1990; Engmann, 

& Cousineau, 2011). The Anderson-Darling statistic (A2) (Engmann, & Cousineau, 2011) is defined 

as: 

A2 = −n −
1

n
∑ (2i − 1)[LnF(𝑋𝑡) + Ln(1 − F(Xn−t+1))]
1
i=1              (4.38) 

where F(Xt) is the assumed (Normal) distribution with the assumed or sample estimated parameters 

(µ, σ); X(t) is the tth sorted, standardized, sample value; “n” is the sample size; “ln” is the natural 

logarithm (base e) and subscript “i” runs from 1 to n 

The hypothesis regarding the distributional form is rejected at the chosen significance level 

(α) if the test statistic, A2, is greater than the critical value obtained from a table. In general, critical 

values of the Anderson-Darling test statistic depend on the specific distribution being tested. The 

Anderson-Darling test implemented in the SDK uses the same critical values for all distributions. 

These values are calculated using the approximation formula, and depend on the sample size only.  
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4.2.8.4 Goodness of fit by using easy fit for Abelti station flow data 

Easy Fit software generates fitted distributions as well as evaluating the level of fit or goodness for 

certain models at various significance levels.  

Table 4. 4 Goodness of fit result   

critical Value(α) 0.2 0.1 0.05 0.02 0.01 

Kolmogrov-Smirnov 0.18 0.2108 0.24 0.26 0.28 

Anderson-Darling 1.37 1.93 2.51 3.28 3.90 

Chi-Square 4.64 6.25 7.81 9.84 11.34 

Assuming the flow distribution is normal, the Goodness of fit results in the Table 4.4 shows that α 

value at 80% and 99% of confidence interval should be accepted. The P-value and α based on critical 

value shows the null hypothesis is rejected or accepted at all predefined significance levels.  

4.2.9 Med-Calc tools offers the following tests for Normal distribution 

The D'Agostino-Pearson test (Sheskin et al., 2011; Almeida et al., 2018; Yue and Jin-yang ,2021) 

computes a single P-value  for the combination of the coefficients of Skewness and Kurtosis. Using 

the histogram it can be evaluated visually whether the data are distributed symmetrically, normally 

or whether the distribution is asymmetrical or skewed. When the distribution is not Normal, it cannot 

accurately be described by mean and standard deviation, but instead the median, mode, quartiles, 

and percentiles have to be used (Yue and Jin-yang ,2021; Korkmaz, et al., 2014). Therefore, in this 

case, whether the data is distributed symmetrically is shown (Figure 4.5). 

 

Figure 4.4 Histogram of Normal distribution 

 

Cumulative Normal distribution curve displayed together with the cumulative distribution of the 

data (Easton and  McCulloch, 1990; Korkmaz, et al., 2014) . The cumulative Normal distribution 

(with Mean and Standard Deviation of the data represented in the graph or curve is displayed as a 
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smooth line. When this option is selected the cumulative frequency distribution (Figure 4.6 

Cumulative frequency polygon and/or Cumulative dot plot) (Strahler. 1954;Almeida et al., 2018; 

Yue and Jin-yang ,2021; Easton and McCulloch, 1990; Korkmaz, et al., 2014)) is plotted using a 

different algorithm, allowing better visual comparison of the observed frequency distribution with 

the theoretical Normal distribution.  

 

Figure 4.5 Cumulative Normal distribution curve and Normal plot graph.  

 

The Normal plot is a graphical tool used to judge the Normality of the distribution of the sample 

data. A straight reference line represents the Normal distribution. If the sample data are near a 

Normal distribution, the data points will be near this straight line.  

 

Figure 4.6 Box-and-whisker plot 
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Figure 4.7 the expected and observed, Box plot, and Cumulative frequency of Asandabo flow 

 

In the Box-and-Whisker plot in (Figure 4.7) (Spitzer et al, 2014), the central box represents the 

values from the lower to upper quartile (25 to 75 percentile) (Tirumala et al., 2017). The middle 

line represents the median. The horizontal line extends from the minimum to the maximum value, 

excluding outside and far out values, which are displayed as separate points. 

4.3 GIS based Spatial Rainfall Interpolation techniques 

The spatial interpolation techniques are used to produce daily rainfall data of a finer scale from 

regional climate modelling. (Yang et al., 2015) Common interpolation techniques were compared 

with ANUDEM, Spline, IDW, and Kriging and assessed against rainfall data from stations. For this 

research, two forms of interpolation method are used - IDW and Ordinary Kriging (Mueller et al, 

2004; Shahbeik et al, 2014). 

4.3.1 Inverse Distance Weighted Interpolation (IDW) 

The IDW method predict the unknown value based on the neighbourhood measured value. It 

calculates the cell values by means of a weighted combination of sample points. The weight is an 

inversely distant function (Yang et al., 2015). The interpolated surface is that of a location dependent 

variable (Tatalovich et al., 2015). In the interpolation, nearby data will have the most effect, and the 

surface will have more detail.  
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Inverse distance weighted (IDW) interpolation explicitly implements the assumption that 

things that are close to one another are more alike than those that are farther apart. To predict a value 

for any unmeasured location, IDW uses the measured values surrounding the prediction location 

(Mueller et al, 2004; Shahbeik et al, 2014). The measured values closest to the prediction location 

have more influence on the predicted value than those farther away.  

Yp = ∑ wiYi
N
i=1 , 

wi =
di
−a

 ∑ di
−aN

i=1

                             (4.39) 

where Yp refers to the unknown rainfall data (mm); Yi refers to the known rainfall data (mm), N is 

the amount of rainfall stations, wi is the weighting of each rainfall stations, di is the distance from 

each rainfall stations to the unknown site, α refers to the power, and is also a control parameter.  

4.3.2 Ordinary Kriging 

The Kriging approach is a geostatistic method for generating and predicting unknown values from 

a set of points (Gunarathna et al., 2016; Diggle and Ribeiro, 2002). It is a method of interpolation 

based on statistical relations and the distance among measured points (Gotway et al., 1996; Yang et 

al., 2015). The term “kriging” is derived from the name of D. G. Krieg who introduced the use of 

moving averages to avoid systematic overestimation of reserves (Campozana, & Lake 2008). 

Kriging is based on the regionalized variable theory, which assumes that the statistical surface to be 

interpolated has a certain degree of continuity. There are two types of Kriging interpolations - 

ordinary Kriging and universal Kriging. Ordinary kriging assumes the model: 

Z(𝐬)  =  µ +  ε(𝐬)                                            (4.40) 

Where, µ is an unknown constant. One of the main issues concerning ordinary kriging is whether 

the assumption of a constant mean is reasonable. Sometimes there are good scientific reasons to 

reject this assumption. However, as a simple prediction method, it has remarkable flexibility. 

Universal kriging assumes the model. 

Z(𝐬)  =  µ(𝐬)  +  ε(𝐬)                                        (4.41) 

where µ(s) is some deterministic function andwhich has the same data that was used for ordinary 

kriging concepts, the observed data is given by the solid circles. 

4.4 ArcGIS Geo-Statistical Analyst  
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Geostatistics is a class of statistics used for the analysis and prediction of values associated with 

spatial-temporal occurrences (Johnston et al, 2001). It integrates the spatial and temporal 

coordinates of the data. Most geostatistic methods were originally developed as a practical means 

of representing spatial patterns and interpolating values for places, where measurements are not 

performed. Geostatistics is commonly used in many areas of science and technology, including 

temperature prediction, precipitation, and evaporation, as well as associated variables (Johnston et 

al, 2001). Geostatistical assessment has also been developed from univariate to multivariate and 

provides processes for incorporating secondary data sets that complement a primary interest 

variable, thus allowing interpolation that is more accurate and uncertainty models to be constructed. 

The extension of ArcGIS geostatistical analyst provides the surface modelling capability using 

deterministic and geostatistic methods (Krivoruchko & Gotay, 2003). 

4.5 Prediction error statistics  

The mean of the prediction errors should be near zero for unbiased predictions (Cressie, N. 1990; 

Roy and Aher 2017). However, this value depends on the scale of the data. In ordinary, and universal 

kriging (assuming the data is normally distributed), the quintile and probability maps depend on the 

kriging standard errors as much as the predictions themselves (Papritz & Stein 1999). If the average 

standard errors are close to the root mean squared prediction errors, the analyses are correctly 

assessing the variability in prediction. If the average standard errors are greater than the root mean 

square prediction errors, the analyses are overestimating the variability of predictions; and if the 

average standard errors are less than the root mean squared prediction errors, the analyses are 

underestimating the variability in predictions (Papritz & Stein 1999). The performances were 

assessed by the mean absolute error (MAE), mean relative error (MRE), root mean squared error 

(RMSE), and the spatial and temporal distributions.  

Mean Error is the averaged difference between the measured and the predicted values. 

𝑀𝐸 = ∑
𝐙(𝐗𝐨𝐛𝐬)−𝐙(𝐗𝐬𝐢𝐦)

𝐧

𝐧
𝐢=𝟏                                      (4.42) 

RMSE indicates how closely the model predicts measured values. The smaller this error, the better.  

𝑅𝑀𝑆𝐸 = √∑   
𝐙(𝐗𝐨𝐛𝐬)−𝐙(𝐗𝐬𝐢𝐦)

𝟐

𝐧
𝐧
𝐢=𝟏                                    (4.43) 

ASE—the average of the prediction standard errors.  

𝐴𝑆𝐸 = √(∑ 𝛅𝟐 × (𝐗𝐬𝐢𝐦)) 
𝐧
𝐢=𝟏                                             (4.44) 
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MSE- the mean of the standardized errors. This value should be close to 0.  

𝑀𝑆𝐸 = ∑ [
𝐙(𝐗𝐨𝐛𝐬)−𝐙(𝐗𝐬𝐢𝐦)

𝛅(𝐗𝐬𝐢𝐦)
]
𝟐

 𝐧
𝐢=𝟏                                      (4.45) 

RMSSE this should be close to one if the prediction standard errors are valid. 

𝑅𝑀𝑆𝑆𝐸 = √∑ [
𝐙(𝐗𝐨𝐛𝐬)−𝐙(𝐗𝐬𝐢𝐦)

𝛅(𝐗𝐬𝐢𝐦)
]
𝟐

/ n 𝐧
𝐢=𝟏                                  (4.46) 

where Xobs and Xsim is Observed and predicated valu respectively, δ2 is Standard Deviation.  

If the root-mean-squared standardized error is greater than one, the analyses are 

underestimating the variability in the model predictions. If the root mean square standardized error 

is less than one, it is overestimating the variability in the model predictions. Only the mean and root 

mean square error results are available for IDW, global polynomial interpolation, radial basis 

functions, diffusion interpolation with barriers, and kernel interpolation with barriers. Therefore, 

hydrological data are recorded either as a continuous record (water level or stage, rainfall, etc.) or 

in discrete series form (mean daily/monthly/annual flows or rainfall, annual series, partial series, 

etc.). 

 

4.6 Conclusion 

 The main purpose of the downscaling technique is to provide error-free future climate and climate 

change data models. Because of the poor spatial resolution and simulations of GCM model outputs, 

RCM and RCP precipitation and temperature cannot be utilized directly as an input to hydrological 

models to analyze climate change consequences. A reliable and practical downscaling and bias 

correction method was applied to RCM and RCP outputs to solve this problem. The process can be 

described as a cumulative distribution mapping technique. Downscaling climate data has been done 

in a variety of ways, including Precipitation and temperatures are two significant variables to include 

in SWAT and SWAT CUP inputs. The model's performance was evaluated using simulated current 

climatic conditions and compared to observed climate data. Therefore, applying the methodology 

directly for simulating future temperature and precipitation data, it was calibrating and validated in 

a hydrological model by using control climate data from both observed and corrected climate data 

sets, the validation result showed that the bias correction method performs very well in maintaining 

the statistical. 
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Chapter 5 Assessment of the Impact of LULC Change on Surface water 

potential 

5.1 Introduction / background  

The river basin is a dynamic and complex system involving a number of natural or anthropogenic 

physical processes (Deshmukh et al., 2013) that can function at the same time and have various 

spatial and temporal effects. Remote sensing data (Butt et al, 2015) is the primary source data for 

evaluating land use and land cover (LULC) and environmental processes at local or global spatial 

scale. The uncertainty of land-use resulting from population growth, urbanisation sector expansion, 

and climate change (Tan et al., 2015) is increasing at an alarming rate. Agricultural expansion (Lee 

2005) and intensification, urban growth, and other natural resources are expected to increase in the 

coming decades to meet the demands of a cumulative population.  

Urban land-use change is mostly influenced by the activities of human beings due to 

increasing population pressures (Smith et al., 2016) and the rise in the economic levels of the region 

(Rajan & Ryosuke 2001). The influence of human activities on the land has increased exponentially 

over the past two centuries (Ellis et al., 2013; Boivin et al., 2016) due to population growth, 

technological progress altering entire ecosystems, and increasingly affecting both the biodiversity, 

nutrient and hydrological cycles and the environment (de Sherbinin, 2002). These changes in LULC 

systems have important environmental consequences through their impacts on soil and water, 

biodiversity, and microclimate (Lambin et al., 2003). Different LULC affect differently for both the 

infiltration and the amount of runoff from the falling precipitation (Hougton, 1995). Types of land 

cover significantly affect both surface and sub-surface flow. Surface runoff is mostly contributed 

directly from precipitation, whereas groundwater flow is contributed from infiltrated or percolated 

water. However, the source of streamflow during the dry and wet month is primarily from the 

surface runoff and the groundwater (Alemseged & Tom, 2015; Abebe, 2005).  

In addition, deforestation also has its own effects on hydrological cycles, leading to 

reductions in precipitation and faster post-precipitation runoff (Legesse et al., 2003). Understanding 

watershed hydrology is very important to assess the water potential and impact of catchment 

hydrology under land-use dynamics. An increasing number of people and technology (Noe et al., 

2017) are driving forces of LULC dynamics. The changes are highly influenced by man-made 

actions and natural events that happened. Therefore, the LULC dynamics are the product of complex 

interactions between environmental and ecological conditions that can occur at different temporal 

and spatial scales (Reid et al., 2000). The main driving forces of LULC dynamics are: Population 
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Growth, Economic Growth, Demographic conditions, and Technology (Mather and Needle 2000; 

Liu et al., 2009). According to (Lambin et al., 2003), evaluating the impact of LULC change on 

water resource management and formulating policies, taking into account anthropological and 

computational modelling, are very important in monitoring future basin-level water resource 

potential. LULC change will alter the hydrological cycle either by increasing or reducing flow 

(Wang et al., 2014). Long-term reduction in the evapotranspiration and recycling of water activate 

changes in the climate and weather patterns of the region. 

The Omo-Gibe basin is the main source of water for Ethiopia's economy and downstream 

ecosystems to develop or sustain. Effective use and management of LULC under consideration of 

water resources (Mango et al., 2011) is very important when considering the effect of catchment 

hydrology and water resources on the water for the development of the basin. It requires optimizing 

these potential resources of water with increasing population growth as the water demand will 

increase or decrease from the past and existing values. This change in water demand will  effect the 

downstream ecology. Analysing the sensitive parameters affecting the basin and understanding how 

LULC influences the streamflow can allow planners to formulate policies to minimize the unwanted 

effects of future LULC changes on catchment streamflow patterns (Mango et al. 2011; Niraula et 

al. 2015; Setyorini et al. 2017). However, to predict the future effects of LULC, it is vital to have 

an acceptance of historic LULCs on its flow. The hydrological impact assessment of LULC 

dynamics using historic LULCs substantially assists in planning water resources developments. The 

LULC change impact from 1989 to 2013 on the Gojeb watershed, a sub-catchment of the Omo-Gibe 

basin, revealed the anthropogenic influence on the streamflow (Choto and Fetene 2019). Similarly, 

for the Winike watershed (Aneseyee et al. 2019, 2020), a sub-catchment of Omo-Gibe, the extensive 

soil losses, and changes in the ecosystem services were revealed due to wide LULC changes in the 

sub-basin. However, the past studies on the effect of LULC changes on streamflow in the entire 

Omo-Gibe river basin are rare. Moreover, the Omo-Gibe basin is anticipated to have rapid 

population growth from 2020 to 2035 (FDRE-PCC 2008), increasing future water demands and 

putting more stress on the water resources projects. Hence, studies on LULC changes’ impact on 

water resources projects in the basin have importance regarding the futuristic demands. 

5.2 Statement of the problem 

Understanding watershed hydrology is very important to assess the potential impact on catchments 

under land use dynamics. Water mismanagement, increasing number of population and technology 

are some of the causes that effect the catchment hydrology. Omo Gibe basin is one of the main water 
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source of Ethiopia for development and sustainable economy. Effective utilization and management 

of land use land cover under the consideration of climate change is very important to cope up 

catchment hydrology and water resources. It requires optimizing these potential resources of water 

with increasing population growth. In order to predict the future effects of land use land cover on 

hydrology, it is prerogative to have an understanding of the effects of historic LULCs had on its 

flow. Therefore, proper planning of water resource development based on hydrological impact 

assessment of land use land cover dynamics under considering climate change is very essential.  

5.3 Objectives 

The general objective of this study is on assessment of the effect of LULC dynamics on surface 

water availability using remote sensing and mapping surface runoff in the case of Gibe-III 

hydropower dam catchment in Omo Gibe river basin.  

The specific objectives of this study are: 

• To analyse the impact of land use dynamics and climate change on surface water 

availability. 

• Calibration and Validation of SWAT model using different land use land cover change.  

5.4 Driving Forces of Land-Use Land Cover dynamics 

Land use and land cover dynamics is highly affected by human-induced activities rather than natural 

events. Hence, Land Use and Land Cover dynamics are the result of complex interactions between 

several biophysical and socio-economic conditions that may occur at various temporal and spatial 

scales (Reid et al., 2000). Mather and Needle (2000) noted that high rates of deforestation in many 

developing countries are most commonly associated with population growth and poverty. Allen and 

Barnes, (1985) argue that most tropical deforestation occurred by the pressure from population 

growth and demand for more food resources. It is a significant driver of land-use and land cover 

change with other non-demographic factors, such as government policies, changes in consumption 

patterns, economic integration, and globalization. According to (Lambin et al., 2003), land-use 

policies and projections of the future role of land-use change must not only capture the complex 

socio-economic and biophysical drivers of land-use change but also account for the specific human-

environment conditions under which the drivers of change operate. To explain land-use changes, it 

is also important to understand institutional setup (political, legal, economic, and traditional) and 

their interactions with individual decision-making (Agrawal 2008). Understanding the controlling 

parameters of various models thus may explain the management of resources, adaptive strategies, 
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compliance or resistance to policies, or social learning and social resilience in the face of land-use 

changes. 

5.4.1 Interaction of Land Use Land Cover Change and Hydrology 

Land-use Land cover changes and their associated effects are known to impact the hydrology of the 

catchment area (Foley et al., 2005; Bronstert et al., 2002; Tang et al., 2005). The effect of land-use 

and land cover change on low flows during dry periods depends on competing processes, most 

notably changes in evapotranspiration and infiltration capacity (Calder, 1998; Piao et al., 2010). 

Each combination of both the dominating natural processes and the anthropogenic impacts has a 

different effect on the low flow regime (Smakhtin, 2001). Therefore, the relatively quantitative 

impacts of various anthropogenic processes and factors on the low flow regimes vary substantially 

in different river sub-catchments (Tu_Min, 2006). However, vegetation cover plays an important 

role of increasing the capacity of catchments, conserving moisture, and increasing water yield 

(Ngana 2002; Pereira 1989). Land-use and land-cover change play a significant role in modifying 

the hydrological flow regime of the river basins. According to (Namrata et al., 2004) there are many 

connections between the land surface characteristics and the hydrologic cycle. Changes in the 

vegetation cover tend to affect the degree of infiltration, run-off, and evaporation rate and 

precipitation pattern (Newson, 1995). LULC changes may have both immediate and long-lasting 

impacts on terrestrial hydrology, altering the balance between precipitation, evapotranspiration (ET) 

and the resultant run-off (Namrata et al., 2004). In the short-term, LULC changes may alter the 

hydrological cycle either through increasing high flows or through diminishing the low flow. In the 

long-term, reduction in evapotranspiration and water recycling initiates a feedback mechanism that 

changes the climatic conditions of the area.  

5.5 Earth Resources Data Analysis System (ERDAS) IMAGINE model 

ERDAS IMAGINE is a remote sensing application with raster graphics editor abilities designed by 

ERDAS for geospatial applications (George 2016; Chepkochei et al, 2011). By manipulating 

imagery data values and positions, it is possible to see features that would not normally be visible 

and to locate geo-positions of features that would otherwise be graphical. The level of brightness or 

reflectance of light from the surfaces in the image can be helpful with vegetation analysis 

(Thenkabail & Lyon 2016), finding prospects for minerals (Ustin et al., 2009), etc. Other usage 

examples include linear feature extraction, generation of processing work flows ("spatial models" 
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in ERDAS IMAGINE), import/export of data for a wide variety of formats, orthorectification, 

mosaicking of imagery, and stereo and automatic feature extraction of map data from imagery.  

5.5.1 Landsat Image Analysis 

U.S. Geological Survey (USGS) Landsat imagery is acquired in a very precise manner, to better 

emphasize particular land cover aspects. Some of the parameters of this precision involve a scene’s 

radiometry and providing distinct characteristics to components of the image scene. These measures 

help determine what the images are good for, from a science perspective. For example, Bands 1, 2, 

and 3 are used together to approximate how the real world appears. (Schroeder et al., 2008). Bands 

4, 5 or 7 from ETM+ (Baker et al., 2006) are used in combination with 1, 2 or 3 to demonstrate 

vegetation conditions. It is sometimes necessary to convert the radiometric values from the initial at 

sensor measures, to compensate for atmospheric interference. Basic information that were used for 

image interpretation and band combinations for Landsat images as referred from GLCF site (Ehsani, 

& Quiel 2010) is provided in the (Table 5.2).  

5.5.2 Image classification and accuracy assessment 

Digital image classification is the popular and challenging approach of remotely sensed image 

analysis process (Cavallaro et al., 2015; Li, et al., 2014). In the process, pixels in the image are 

sorted to obtain meaningful information of the real world as derived in the thematic maps bearing 

the information such as land cover type; vegetation type, etc. (Matinfar et al., 2007). Image 

classification is the process of assigning of pixels of continuous raster image to the predefined land 

cover classes. The result of the classification is mostly affected by various factors such as 

classification methods. After the images were geo-referenced and geometrically rectified, image 

clipping was performed. This pre-process was performed using spatial analyst tool on a sub-scene 

from the full image based on a frame covering the watershed. These pre-processing tasks allowed 

us to export the satellite images to the ERDAS Imagine for classification and extracting land cover 

information. 

5.5.3 Accuracy assessment  

Accuracy assessment is an important step in the image classification process (Rwanga, & Ndambuki, 

2017). The objective of this process is to quantitatively determine efficient pixels that were grouped 

in to the correct feature-classes in the area under investigation. It is a process used for estimating 

the accuracy of image classification by comparing the classified map with a reference map. The 
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most widely used classification accuracy is in the form of error matrix, which can be used to derive 

a series of descriptive and analytical statistics (Manandhar et al., 2009). The Land use and land 

cover change studies usually need the development and the definition of homogeneous land use and 

land cover units before the analysis is started. These have to be differentiated using the available 

data source such as ArcGIS techniques, any other relevant information, and the previous local 

knowledge. Accuracy assessment from ERDAS IMAGINE shows the users and producers accuracy 

and all numerical values (Kumar et al., 2014; Aslami, and Ghorbani, 2018; Mesa-Mingorance, and 

Ariza-López, 2020). The different accuracy definitions are provided in (equation 5.1 – 5.4) 

𝑈𝐴 =
N× CCP 

TN×CP ×( RT ) 
× 100                                    (5.1) 

𝑃𝐴 =  
N× CCP 

TN × RP ×( CT ) 
× 100                                (5.2) 

  𝑂𝐴 =
TN× CCP 

TN× RP 
× 100                                            (5.3) 

𝐾𝐶 =  
TA−RA

(1− RA )
× 100                                         (5.4) 

where: UA = Users Accuracy, PA = Producers Accuracy, OA = Overall Accuracy, KC = Kappa 

Coefficient, N = Number, TN = Total number, RT = Total row, CT = Total Column, CCP = Correct 

Classified Pixels, CP = classified pixels, RP = Reference Pixels, TA = Total Accuracy, RA = 

Random Accuracy. 

5.6 Method of image classification  

The method of the image classification is done as described in flow chart (Figure 5.1) for land 

use/land cover and change detection. The research here used Landsat TM images at three different 

time period i.e. 1987, 2002, and 2017 to prepare and analyse land cover change in a ten years’ 

interval (Kumar et al., 2014; Mesa-Mingorance and Ariza-López, 2020). These images were 

downloaded from USGS web site and corrected using different image correction techniques like 

noise reduction, histogram equalization, and haze reduction in ERDAS IMAGINE 2014. After 

correcting imageries, a supervised image classification was employed to generate land cover map 

of the study area at different time. Finally, by using the classification results obtained in a different 

time the researcher analysed changes observed at different times and display it in the form of maps.  
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Figure 5. 1 Flow chart of methodology for land use/land cover and change detection. 

5.7 Land Use Land Cover (LULC) classification 

Land use land cover classification based on landsat images at three different time period i.e., 1987, 

2002, and 2017 were used to prepare and analyse the LULC changes. The flow chart in (Figure 5.1) 

shows that the methodology used to evaluate the effect of land-use and the changes detection of 

land-use.  

Remote sensing-based image classification is the common and challenging approach to the 

processes of image analysis (Li et al., 2014; Cavallaro et al., 2015). The pixel size in the images 

are sorted in the process to obtain meaningful information about the real world as obtained from 

thematic maps. The information provided are on type of land cover; type of vegetation, water bodies, 

urban locations, etc.(Matinfar et al., 2007). Image classification is the method by which pixels of a 

continuous raster image are allocated with ground truth to the predefined LULC groups. After the 

images were geo-referenced and geometrically rectified, the image clipping was done from the 
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whole image on the basis of a frame covering the watershed. Accuracy assessment is a significant 

step in the process of classification of satellite images (Rwanga & Ndambuki 2017). Studies of 

LULC change usually require their design and the description of homogeneous LULC units before 

the research begins. These must be distinguished using available data sources such as ArcGIS tools, 

any other relevant information, and relevant practical experience. Basic information that was used 

for image interpretation and band combinations for Landsat images as referred from GLCF site 

(Ehsani, & Quiel, 2010) Landsat 4-5 TM is given for Image 1987, Landsat 7 Enhanced Themetic 

Mappers Plus (ETM+) for Image 2002, and Landsat 8 Operational Land Imagers (OLI) and Thermal 

Infrared Sensor (TIRS) for Image 2017 with 30 meter resolution. Table 5.1 describes the details of 

Landsat 7 and Landsat 8 and their band combinations. 

 

Table 5. 1 Landsat 7 and Landsat 8 description  

Band 

No 

Landsat 8 OLI and TIRS  Landsat 7 ETM+ 

Band Name λ R (m)  Band Name λ R (m) 

Band 1 Ultra-Blue 0.435-0.451 30  Blue 0.45-0.52 30 

Band 2 Blue 0.452-0.512 30  Red 0.52-0.60 30 

Band 3 Red 0533-0.590 30  Green 0.63-0.69 30 

Band 4 Green 0.636-0.673 30  NIR 0.77-0.90 30 

Band 5 NIR 0.851-0.879 30  SWIR1 1.55-1.75 30 

Band 6 SWIR1 1.566-1.651 30  Thermal 10.4-12.5 60*(30) 

Band 7 SWIR2 2.107-2.294 30  SWIR1 2.09-2.35 30 

Band 8 Panchromatic  0503-0.676 15  Panchromatic 0.52-0.90 15 

Band 9 Cirrus 1.363-1.384 30  

Band 10 TIRS1 10.60-11.19 100*(30)  

Band 11 TIRS2 11.50-12.51 100*(30)  

NB: λ =Wavelength (Micro meters), R = Resolution (m), ETM+ (Enhanced Thematic Mappers Plus) 

OLI and TIRS (Operational land image and Thermal Infrared Sensor) 

5.8 Normalized Difference Indices 

5.8.1 Normalised Difference Vegetation Index (NDVI) 

The NDVI is used to calculate the vegetation index and is very useful in defining good coverage of 

vegetation. Healthy plants with high Near Infrared (NIR) reflection range from 0.7 to 1.3 μm. Two 
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bands in the above wavelengths are used to measure NDVI for high reflectance in NIR and high 

absorption in the Red spectrum (Dennison et al, 2005).  

NDVI =  
NIR−RED

NIR+RED
                                         (5.5) 

The value of NDVI ranges from -1 to 1 (Dennison et al, 2005) increased the value of NDVI reflects 

high Near Infrared (NIR), The value between -1 to 0 represent water bodies, -0.1 to 0.1 barren rocks, 

sand or snow, 0.2 to 0.5 shrubs lands, grasslands or crops, and 0.6 to 1.0 Moderate and dense 

vegetation is shown in (Figure 5.2). 

5.8.2 Normalized Difference Built-up Index (NDBI) 

The NDBI is the most common index of the built-up areas for analysis. The build-up areas and bare 

land reflect higher SWIR than NIR (Zhao & Chen 2005). Landsat image classification technique is 

a complex process based on supervised classification and unsupervised classification and it is useful 

to use the built-up index to classify cover forms of land use (Deng et al., 2008). The value of the 

Normalized Build-up Difference Index also varies between -1 and + 1. The negative value of NDBI 

represents water bodies that view build-up areas as a higher value. The vegetation NDBI value is 

small. 

NDBI =  
SWIR−NIR

SWIR+NIR
                                   (5.6) 

where: SWIR = Short-Wave Infrared, NIR = Near-infrared 

5.8.3 Normalized Difference Water Index (NDWI): 

The NDWI can be used for estimating water bodies. The index uses green and near-infrared bands 

remote sensing images (Li et al, 2013). The NDWI will successfully develop water sensitivity in 

most situations. NDWI (Gao 1996) Low-reflective water bodies. There is no reflection in Near 

Infrared (NIR) and beyond to enhance the water-related features of the landscapes (Li et al., 2013). 

This index uses the Near-infrared (NIR) and Short-Wave Infrared (SWIR) bands, and the following 

formula can be used to calculate NDWI: 

NDWI =  
NIR−RED

 NIR+RED
                                       (5.7) 
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However, the result from the above formula may appear poor in quality. The pure water reflects 

neither NIR nor SWIR. Xu (2007) then modified the formula of NDWI. It uses a Green and SWIR 

band. 

MNDWI =  
Green−SWIR

Green+SWIR
                                    (5.8) 

Likewise, the value of NDWI varies between −1 and 1. In general, the NDWI value of the water 

bodies is greater than 0.5. The vegetation has much lower values that easily distinguish vegetation 

from water bodies for a large area (Hansen and Loveland 2012; Kumar et al., 2014).  

 

Table 5. 2 Description of Spatial data sets used for Omo-Gibe basin 

No Image Type Path/Row Sensor Date of Acquisition  

1 Image 1986 170/(54-57) & 169(54-57) Landsat 4-5 TM  31 / Jan / 87 

2 Image 2002 170/(54-57) & 169/(54-57) Landsat 7 ETM+  05/ Feb /2002 

3 Image 2017 170/(54-57) & 169/(54-57) Landsat 8  05/ Jan /2017 

The detail of the spatial data used in this research is tabulated in (Table 5.2 and Table 5.3). 

Topographic map in the scale of 1:50000 and global positioning system for ground verification were 

used (WGS_1984_UTM_Zone_37N).  

 

Figure 5. 2 Landsat 7 Image based difference index a) NDVI and b) NDWI for the year 2002 
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Figure 5. 3 a) Landsat 8 NDVI and b) NDWI for the year 2017 

 

Table 5.3 Description of Spatial data sets used for Omo-Gibe basin 

No Spatial Data Description  Source  

1 DEM  30 × 30 grid resolution  SRTM of USGS , http:/strm.csi.cigar.org 

2 LuLc Land sat 8 , 11bands  USA_GS , http:/earthexpolorer.usgs.gov 

3 Soil  From FAO FAO digital map 

4 Other data Hydro-climatology  MoWRIE , EMA, and ENMA 

5.9 LULC change, water resources, and population in the basin  

Based on the fertility and mortality path to come (Lutz, 2017) and depending on the scale of 

mitigation initiatives, people will have to deal with the consequences of climate change, which may 

vary from 1.5° C to more than 3° C (Lutz 2017; Tatalovich et al., 2006) and its effects on 

environmental and eco-hydrological aspects of life. Policymakers and decision-makers need to 

tackle climate uncertainty and LULC change within an integrated assessment process that includes 

risk assessment, disaster reduction, and resilient community building (Sweeney 2017) at a watershed 

level. Assessing the hydrological effects of LULC, and population growth is of vital importance for 

land use planning and water resource management (Ojeda Olivares et al., 2019) 
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The 2007 Population and Housing Census results show that the population of Ethiopia grew 

at an average annual rate of 2.6 percent between 1994 and 2007. The population increase in the 

SNNP and Oromia states (through which Omo-Gibe flows) was 2.9 % in 2007 (Federal Democratic 

Republic of Ethiopia Population Census Commission, 2008). Population growth trends since 

projected to 2020, 2030, 2040 2050, and 2080, is important to estimate future water needs to balance 

supply and demand. Omo-Gibe basin is the second largest populated and the most densely populated 

basin of all Ethiopian basins. During the design of basin water resources, the population is a major 

element. The forecast of the population in various periods is a relevant factor to estimate future 

water demands. The Ethiopian statistic authority methods was used to estimate the futuristic 

population. Population projection in Omo Gibe basin is the 2006 population and housing census of 

Ethiopia as given in the results for SNNPR and Oromia region. Based on the statistical report on 

population size and characteristics published by the Central Statistical Authority (CSA 2006), the 

estimated population in the basin for the suceeding years was determined using the rates indicated 

by the CSA in their projections for urban and rural population size in SNNPRS and Oromiya. Figure 

5.4 shows the approximate rural and urban population and population density in both SNNPRS and 

Oromiya area in the Omo Gibe basin, and (Figure 5.4) shows future population projection and 

population density projection. The figures reveal there is a rapid increase in population density up 

to 2035 and a slight increase up to 2050 in the Basin. 

 

Figure 5. 4 Future Population projection and population densty projection  

NB: - SNNPRS (South Nation Nationality People Region State), OGB (Omo Gibe Basin) 

5.10 Results and Discussions  

5.10.1 Impacts of LULC Dynamics  
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GIS and remote sensing technologies is an important tool for basin resource-wise planning and 

management. The spatial and temporal distribution of LULC is very important in understanding a 

wide variety of change phenomenon. The data from remote sensing helps us to monitor the 

variations of land use dynamics and used to estimate future changes in the area. As such, it is 

essential to have reliable information on the LULC and an understanding of the changes that happen 

within them. The (table 5.4) shows that overall completed accuracy of classification for image 2017 

LULC was 83.45% and the overall Kappa Statistics for 2017 image was 78.33%. These statistics 

shows strong similarity between observed ground fact and classified image using ERDAS 

IMAGINE in Omo Gibe basin (Figure 5.5 and Table 5.4). Some of the major LULCs and their 

description in Omo Gibe basin are given in Table 5.4.  

Table 5. 4 Omo Gibe Basin Land Cover Description 

No Type of LULC Description 

1 

Annual Crop 

The land that is mainly used for growing food crops such as maize, 

green grams, beans, mangos. Crops in this land are either grown by 

irrigation or rain-fed. Yearly (Rain fed; Cereal Land Cover System). 

2 
Perennial crop 

The land that is mainly used for growing constant crops and this land 

are either grown by irrigation or rain-fed. 

3 

Dense Forest 

The areas with evergreen trees mainly growing naturally in the 

reserved land, along the rivers and on the hills. Thick (Montane 

broadleaf; Dense (50-80% crown cover) 

4 Moderate Forest Lightly (Montane mixed; Open (20-50% crown cover) 

5 Sparsely Forest Thinly Evergreen trees 

6 Woodland Dense (>50% tree cover) 

7 
Open Grassland 

This class of land cover defines grass as the main vegetation cover 

Unstacked (woody plant) 

8 
Closed Grassland 

This class of land cover defines grass as the main vegetation cover 

moderately stocked 

9 Open Shrubs land Open (20-50% woody cover) Describes areas with sparse trees  

10 Closed-Shrubs land Dense (>50% woody cover) Describes areas with sparse  

11 

Bare land 

This describes the land left without vegetation cover. This result 

from abandoned crop land, eroded land due to land degradation and 

weathered road surface. 

12 Wetland Open water 

TH-2892_166104046



 

  

79 

  

13 
Water Body 

The areas covered with water either along the river bed or man-made 

earth dams, Lake, River, Reservoir, and Dike 

14 

Settlement 

The land covered with buildings in the rural and urban. It includes 

commercial, residential, industrial and transportation 

infrastructures. 

 

 

 

Figure 5. 5 Classified image for the year a) image 1987, b) image 2002, and c) image 2017 

Table 5. 3 Accuracy assessment. 
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CN WA DF MF SF WL CG  OG CS OP PC AC WL SL BL 

PA 90.0 91.7 87.5 83.3 92.3 75.0 91.7 91.7 91.7 91.7 91.7 91.7 83.3 83.3 

UA 75.0 73.3 70.0 76.7 80.0 60.0 73.3 73.3 73.3 91.7 91.7 73.3 76.7 76.7 

NB: CN= Class Name, PA=Producers Accuracy, UA= Users Accuracy, WA=Water, DF= Deans Forest, MF=Moderate 

Forest, SF=Sparse Forest, WL=Woodland, OG=Open Grassland, CG = Closed Grassland, CS=Close Shrub land, 

OP=Open Shrubs land, PC=Perennial Cropland, AC= Annual Cropland, SL=Settlement, BL= Bare Land 

5.10.2 Omo Gibe Basin Land Cover Description  

The percentage of change between 2002 and 1987 is shown in (Figure 5.6). The figure indicates 

3.23%, -3.55%, -11.3%, -1.07%, 0.133%, 2.29%, -10.5%, 21.41%, 17.5%, 0.605%, -8.35%, 1.24%, 

and -8.44% of land under Water, Dense Forest, Moderate Forest, Sparse Forest, Woodland, Closed 

Grassland, Open Grassland, Close Shrub, Open Shrubland, Perennial Cropland, Annual Cropland, 

Wetland, Settlement and Bare Land, respectively. The percentage of change between 2017 and 1987 

for the respective classes is shown in Figure 5.6 and indicates 20.19%, -11.9%, -21.8%, 0.76%, 

3.26%, 2.25%, -0.19%, -21.7%, -1.76%, 21.08%, 2.34%, 5.731%, 5.02% and -22.4% for Water, 

Dense Forest, Moderate Forest, Sparse Forest, Woodland, Closed Grassland, Open Grassland, Close 

Shrub, Open Shrubland, Perennial Cropland, Annual Cropland, Wetland, Settlement and Bare Land, 

respectively. Some area under evergreen forests in the upstream parts of the basin were converted 

to water bodies due to rivers/streams, tanks, and reservoirs and some downstream part of the basin 

is converted to cropland and built-up due to agro-industry. The evergreen forests, closed shrublands, 

and bare lands showed decreasing trends, in the LULC change analyses for both 2002 and 2017. 

The result of this study showed that built-up areas, water bodies, cropland, and bush-lands have 

increasing trends and the evergreen forest, closed shrubland, and bare land have decreasing trends 

respectively in both 2002 and 2017. In LULC change detecting scenario, it was found that the 

expansion of cultivated land took in place of forests. This study's results agree with other studies 

results (Choto and Fetene 2019; Spera et al., 2016, Zeleke and Hurni 2001). Similarly, recent 

research has shown that agricultural land growth has been at the detriment of natural vegetation 

lands.  

5.10.3 Dominant LULC 

The basin has a diverse LULC that includes forestry, grassland, woodland, and barren bodies of 

land and water. The basin based on the Master Plan of Omo Gibe Basin has a dominant land cover 

of approximately 28% forest/croplands and 40% forest and woodland. The 1987 land cover map 
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(Figure 5.6) shows the percentage of coverage forests, grasslands, shrubs, barren fields, and other 

features. Forestland dominantly covered most parts of the catchment; especially in the north-western 

and south-western catchment of the sub-basin around Gojeb and most upper part of the basin. In 

1987, the dominant LULC in this sub-basin was forest and it was changed to mostly settlement and 

cultivated land in 2002 and 2017, respectively.  

  

Figure 5. 6 Percentage of change and coverage comparison of LU/LC 1987, 2002 and 2017.  

where: WA=Water, DF= Deans Forest, MF=Moderate Forest, SF=Sparse Forest, WL=Woodland, 

OG=Open Grassland, CG = Closed Grassland, CS=Close Shrub land, OP=Open Shrubs land, 

PC=Perennial Cropland, AC= Annual Cropland, SL=Settlement, BL= Bare Land. 

The contribution of surface runoff to streamflow was used as the hydrological predictor to evaluate 

and address the sub-basin and basin-scale hydrological response to land-use change. Due to its rapid 

response and exposure to land surface cover, the generation of surface runoff was considered more 

prone to land-use transition. The analyses showed that sub-basins with decreased forestland cover 

responded with increased surface runoff generation. In addition, the deforestation affected the 

stability of the slopes resulting in soil erosion and easy flooding. 

5.10.4 Impact of LULC scenario on past Streamflow 

The farmlands got converted into settlements due to increasing urbanization and other development 

activities. Water spread region and natural water such as rivers/streams decreased to 80.12 km2 in 

2002 as compared to the 1987 satellite image and increased 309.81 km2 in 2017, because of 

increasing water structure like dam, dike and so on. As the population has steadily increased in 

recent decades, there is increasing transfer of the water spread area into built-up areas or human 

development areas. The upper part of the basin is surrounded by dense forest with thick trees 

covering mainly wide-leaves and compact forest (50-80 % crown cover). Moderate forest land, 

which consists of mildly montane trees, covered nearly 17.5% of the land in 1987, decreasing in 
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2002 (6%) and 2017 (2%). The percentage of sparse forest increased from 10% in 1987 to 15% in 

2002 and 12.5% in 2017. Bare lands, which occupied nearly 12% of the land cover in 1987, were 

significantly reduced to 3% in 2002 and even less in 2017 (Figures 5.5 and 5.6). The reduction in 

barren lands suggests the influence of human interventions in the basin. The agricultural lands that 

are perennial and annual cropland used for vegetables and other mixed varieties largely increased. 

The study observed that large quantities of agricultural lands are converted into settlements and 

developed into different types of water-related structure activities. Additionally, a large quantity of 

forest land shrubs transformed into farmland. Due to built-up rivers / streams and reservoir area, the 

water distribution area is increasing as population has increased significantly over the past decades. 

The hydrological processes rely on the types of LULC that have a significant impact on the 

availability of surface water. Figure 5.7 showed a change in mean annual surface water balance 

components and percentage of change in SWAT simulation for Lateral flow, Soil Water flow, 

percolation, total water yield, precipitation, potential evaporation groundwater flow, and surface 

water in the basin. The change could be explained as conversion of a forest land-use to another 

plantation increased the surface runoff and significantly increased lateral flow. Sub-surface flow 

and percolation decreased by 9.0% and 8.8%. Conversely, there was not much change in 

evapotranspiration, soil water content, and water yield. The main contributing reasons for those 

changes are deforestation and agricultural land expansion. Interception and infiltration rates are 

generally higher in forest areas compared to other types of land cover, so deforestation in the basin 

caused surface runoff to rise and water movement within the soil layer to decrease. The increase in 

deforestation resulted in a slight increase in the annual flow and a dip in the rate of evaporation. 

5.10.5 Calibration and Validation SWAT Model Parameter  

SWAT is used for the sensitivity analysis to classify specific parameters in the catchment. The result 

shows a flow parameter that is tabulated in (table5.5) that affects catchment flow. Model efficiency 

was evaluated using efficiency parameters like, determination coefficient (R2) and Nash- Sutcliff 

Efficiency (NSE), (Nash and Sutcliffe 1970) used to calculate how well simulated results replicate 

patterns in the measured data over a specified period.  

R2 =
∑ [(Qobs− Qsim)

 n
i=1 (Qobs− Qsim)]

 2

 (∑ (Qn
i=1 obs

− Qmean))2 (∑ (Qn
i=1 Sim

− Qmean))2  
                       (5.8) 

NSE = 1 − 
∑ (Qobs− Qsim)

2n
i=1

∑ (Qn
i=1 obs

− Qmean)2 
                                               (5.9) 
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where: Qsim: is the simulated value, Qobs: - is the measured value, Qmean: - is the average simulated 

value. 

Relative volume error or PBIAS (% error) is being used to measure the volume errors. When 

the value zero is generated it does the best correlation between the simulated and the observed 

streamflow (Janssen and Heuberger, 1995).  

PBIAS = (
∑ (Qsim− Qobs)
n
i=1

∑ Qn
i=1 obs

) × 100                          (5.10) 

where: PBIAS (% error):  QSim: simulated flow and Qobs: observed flow.  

Table 5. 4 Sensitivity analysis result for SWAT-CUP flow parameter using the SUFI-2 algorithm to 

calculate the calibration and validation.  

SWAT parameters used for the calibration of streamflow.  

Parameter Ext Description Min  Max FV 

            Parameters controlling surface water response 

r__CN2.mgt Initial SCS Curve number  -0.2 0.2 0.121 

v_SURLAG.bsn Surface runoff lag coefficient  0.1 10 0.93 

             Parameters controlling subsurface water response 

v__ALPHA_BF.gw Baseflow alpha factor (days) 0.0 1.0 0.143 

v__GW_DELAY.gw Groundwater delay time (days) 30.0 450.0 93.3 

v_REVAPMN.gw Depth of water for evaporation (mm) 0.01 250 11.51 

v__GWQMN.gw Depth of water for return flow (mm ) 0.0 2.0 1.16 

v__GW_REVAP.gw Groundwater evaporation coefficient  0.0 1.0 0.151 

v_RCHRG_DP.gw Deep aquifer percolation fraction 0.01 1.0 0.352 

             Parameters controlling water balance 

v__ESCO.hru Soil evaporation compensation factor 0.8 1.3 1.03 

v__SFTMP.bsn Snowfall temp -5.0 5.0 0.932 

v_CANMX.hru Max canopy storage (mm of water storage) 0 10 0.06 
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v_EPCO.hru Plant uptake compensation factor 0 1 0.01 

             Parameters controlling channel’s physical properties 

v__CH_N2.rte Main channel manning 0.0 0.3 0.045 

v__CH_K2.rte Effective hydraulic conductivity (mm/h) 5.0 130.0 96.6 

             Parameters controlling soil’s physical properties 

r__SOL_AWC.sol Available water capacity of the soil layer (mm 

water per mm soil)  

-0.2 0.4 0.064 

r__SOL_K.sol Saturated hydraulic conductivity (mm/hr.)  -0.8 0.8 0.101 

v__ALPHA_BNK.rte Baseflow alpha factor for bank storage (days)  0.0 1.0 0.06 

r__SOL_BD.sol Moist bulk density (g/cm3) -0.5 0.6 0.045 

where: - Ext: Extension, r: relative change (%) / Replace by value, v: value change by multiply by 

value, Min: Minimum value / lower bound, Max: maximum value /upper bound, FV: Fitted value 

5.10.6 Sediment Yield Simulation  

For all station-data, conventional rating curves Qs = 𝑎𝑄𝑏 expressing daily sediment load (Qs) as a 

function of daily streamflow (Q) were established by least- square method. Here, Qs is sediment 

discharge, in tons per day; Q is water discharge in cubic meter per second; and a and b are constants. 

The rating curve established from the data collected is shown in equation. 

Qs = 12.54Q1.122                                       (5.11) 

Sediment yield is the level of sediment that is moved from a sub-basin or watershed. This function 

is used to calibrate and validate the model because it can be matched with available data sources.  

5.10.7 Sediment Sensitivity Analysis 

Once the flow has been shown to be correctly defined by the model, the emphasis is changed to the 

model calibration for sediments. Analysis of sensitivity was performed for the sediment to define 

parameters that affect sediment yield and they are listed (table 5.6). Sediment flow parameters in 

the watershed included USLE support practice factor (USLE P), linear re-entraining parameter for 

channel sediment routing (SPCON), USLE cover or management factor (USLE C) and channel 

sediment routing exponential factor (SPEXP) that were found to be very high to highly sensitive to 
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sediment flows. Such sediment parameters are used to determine the amount of catchment and 

channel erosion.  

Table 5. 5 Sensitivity analysis for sediment parameters. 

Parameters  Description  L-

bound 

U-

bound 

Sensitivit

y index 

sensitivity Rank 

USLE_P USLE support practice 

factor 

0 1 2.93 Very high 1 

USLE_C USLE cover factor -25 25 0.596 High 2 

USLE_C Grass land (cover factor) -25 25 0.43 High 3 

USLE_C Shrubs land (cover factor) -25 25 0.112 Small 4 

USLE_C Crop land (cover factor) -25 25 0.112 Small 5 

Spcom Linear factor for channel 

sediment routing 

0.0001 0.01 0.00172 Small 6 

Spexp Exponential factor for 

sediment routing 

1 2 0.003116 Small 7 

Ch_cover Channel cover factor 7 Def/t 0.00 Negligible 8 

Ch_Erod Channel erodibility factor 7 Def/t 0.00 negligible 9 

 

5.10.8 SWAT model calibration and validation 

The model was calibrated using flow data from Gibe-III catchment from 1985 to 1992 and validated 

using 1993 to 1995 for the land use image of 1987. Similarly, the flow data from 1996 to 2002 is 

used for calibration and from 2003 to 2006 for validation for the land use image of 2002 the data 

from 2006 to 2013 for calibration and 2014 to 2018 for validation for the land use image of 2017, 

respectively. The table 5.7 shows that Nash- Sutcliffe (NSE) value for LULC 1987, 2002, and 2017 

land-use types in this catchment were 0.66, 0.77, and 0.81 for calibration and 0.88, 0.91 and 0.63 

for the validation, respectively. The coefficients of determination (R2) were 0.73, 0.82 and 0.86 for 

calibration and 0.79, 0.85 and 0.84 for validation, respectively. The significance of the LULC impact 

for the catchment analysed conclude that LULC impact assessment of the study area might be the 

most important to determine the catchment flow potential. 

SWAT model were used to calculate the calibration and validation. Figure 5.7 provided the 

observed and simulated flow during calibration (1985-1992) and validation (1993-1995) for the 

1987 LULC. Figure 5.8 provided observed and simulated flow during calibration (1996 to 2002) 
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and validation (2003 to 2005) for the 2002 LULC. Figure 5.9 provided observed and simulated flow 

during calibration (2006 to 2013) and validation (2014 to 2018) for the 2017 land use cover.  

 

 

Figure 5. 7 Observed and simulated flow during calibration (1985 to 1992) and validation (1993 to 

1995) period under 1987 LULC and regression fitted curves at Ableti gauging sataion.   
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Figure 5. 8 Observed and Simulated flow during calibration (1996 to 2002) and validation (2003 to 

2005) period under 2002 LULC and regression fitted curves  

 

 

 

Figure 5. 9 Observed and simulated flow during calibration (2006 to 2013) and validation (2014 to 

2018) period under 2017 LULC and regression fitted curves. The table 5.9 shows the suitability of 

SWAT model simulations for calibration and validation by comparing NSE, R2, and PBIAS.  

 

Table 5. 6 SWAT statistical performance during calibration and validation Gibe-III Catchment. 

 
2017 LULC   2002 LULC  1987 LULC 

  Calibration  Validation    Calibration  Validation   Calibration  Validation 

NSE 0.81 0.73   0.91 0.77  0.79 0.76 

S = 1.02M - 3.1189
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R2 0.86 0.84   0.82 0.95  0.73 0.91 

PBIAS 7.47 13.68   0.42 11.3  8.78 7.38 

 

 

Figure 5. 10 Observed and simulated monthly sediment yield ton/ha/month data of Abelti Gauging 

Station during calibration (2006 to 2013) and validation (2014 to 2018) 2017 LULC. 

 

 

Figure 5. 11 Scatter plots of measured and simulated monthly sediment yield in calibration (2006 

to 2013) and validation (2014 to 2018) period 2017 land use land cover 

 

Figure 5.10, Figure 5.11 and Table 5.8  indicates statistical results estimated during sediment yield 

calibration and validation statistical parameters NSE, R2, and PBIAS to evaluate SWAT 

performance with sediment data that shows 0.66, 0.79, and 3.78 in calibration and 0.78, 0.73, and 

6.38 in LULC 2017 validation, respectively. The statistical variables imply a very good performance 

level for the SWAT model. 
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Table 5. 7 SWAT model statistical performance during Sediment yield calibration and 

validation gauging station  

 
2017 l LULC   2002 LULC  1987 LULC 

  Calibration  Validation    Calibration  Validation   Calibration  Validation 

NSE 0.63 0.61   0.77 0.71  0.78 0.66 

R2 0.79 0.73   0.72 0.75  0.78 0.77 

PBIAS -4.7 15.38   -4.42 10.3  3.78 6.38 

5.10.9 SWAT model output assessment 

The SWAT model is used to assess the change in the contribution of the components of the 

streamflow due to LULC.  

 

Figure 5. 12 Comparison of mean annual surface water balance (in mm)  

where: In the Omo-Gibe basin for 1987, 2002, 2017 with respect to precipitation (PRECIP) using 

SWAT model outputs – surface runoff (SURQ), groundwater yield (GWQ), percolation (PERC), 

water yield (WYLD), evapo-transpiration (ET), lateral flow (LATQ), and soil water (SW) 

 

In Figure 5.12, comparison of mean annual surface water balance based on SWAT model outputs 

is given. Figure 5.13 provides the comparison of percentage changes of the above processes in 2002 

and 2017 from image of 1987. The results of precipitation and evaporation shows increasing trends, 

but total water yields have decreasing trends. In the Catchment of Gibe-III, annual percolation, 

groundwater, soil water, lateral flow and water yields have decreasing trends from 1987 to 2017 and 

surface runoff, evaporation, and precipitation have increasing trends. The decrease in Forest land 

and shrubs land and increase in agricultural lands affect surface runoff directly. 
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Figure 5. 13 Comparison of percentage changes for 2002 and 2017 from 1987 

Percentage changes of the mean annual flow SURQ, ET, PET, and PCP, components 

comparing with the base time land use is 28.8%, 14.4%, and 11.43 for 2002s and 48.8%, 17.6%, 

and 13.9% for 2017s, respectively. The SW-Q LAT-Q, WYL, and GW-Q, components in each were 

-10.3%, -31.4%, -7.3%, and 10.5% in 2002s and -28.7%, -41.3%, -20.6%, and 29.9% in 2017s, 

respectively. Therefore, this assessment shows that urbanization has a high contribution to the 

increase in surface runoff, evaporation, and total water yield in the catchment.  

Precipitation also shows increasing trend for 2002 image (11.41 %) and 2017 image 

(13.09%). Similarly, the percentage change for potential evaporation increased to 14.42% in 2002 

image and 17.66% in 2017 image as compared to the 1987 image. The average annual water yield 

shows the percentage of change decreasing -7.11% in 2002 image and -8.66% in 2017 image while 

comparing with image of 1987. 

The study also compared the surface runoff (SUR Q), groundwater flow (GW Q) and lateral 

flow (LAT Q) of the simulated flow using LULC map for period 1987, 2002, and 2017.The changes 

observed were 28 %, 39%, and 9%, respectively, for SUR Q, GW Q, and LAT Q while using the 

2017 LULC data from that of 1987 image. The influence of surface runoff has increased from 28% 

to 39% due to the LULC change occurred between the period 1987 to 2017. For the 1987 and 2002 

land cover average monthly streamflow was 4.3731 m3/ s ,12.88 m3 /s, while that of 2017 land cover 

data was between 36.796 m3 /s. Monthly average stream flow for 1987 LULC, 2002 LULC and 

2017 LULC was 11,081 m3/s, 47,936 m3/s, and 82,630 m3/s respectively.  

The result indicates that the mean wet monthly flow for 2002 land cover was increased by 

6% than the 1987 land cover. Similarly, the 2002 land cover mean month flow increased by 7% than 

the 1987 land cover flow of wet months. On the other hand, dry average monthly flow decreased by 
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4% for the land cover of 2017 and by 2.6% for the land cover of 2002 than that of 1987 land cover. 

A comparison of daily catchment streamflow generated for the three land use land covers shows 

that the result obtained is different in daily peak flows between 1987, 2002, and 2017 land covers.   

The hydrographs generated for 1987 land cover produced the highest peak flow of 

11.081m3/s, for 2002 land cover produced 47.934 m3/s, whereas the 2017 land cover produced 

highest daily flow of 82.63 m3/s. The majority of the peak flows occur during the month of August 

to December, which is the rainy season in the study area. The effect of land use management for 

surface and groundwater management or planning best for long-term and midterm policy 

formulation.  

5.10.10 Mapping of Runoff & Sediment Source 

SWAT measures the soil erosion and sediment yield within each sub basin’s hydrological response 

units (HRU's). As a major factor contributing to soil erosion, the GIS method overlays the slope, 

land cover and soil in (Figure 5.14) shows the spatial distribution of surface runoff and production 

of sediments for the Omo-Gibe basin, as simulated by the model. Such figures identify sub 

catchments that produce high surface runoff and yield of sediments. The sediment yield in the 

watershed varies from HRU to HRU based on the spatial distribution of the model, depending on 

the type of soil, slope and land use in HRU. In this analysis, in the (Figure 5.16) indicate that sub-

watersheds 1, 2, 4, 8, 10, 11, 13, 14, 17 and 20 provided the highest yield of sediments and the 

highest exposure to erosion. Thus, the aforementioned sub basin was chosen for the scenario of 

further management interference. It is also useful for catchment management planning to determine 

the spatial variation of Surface Runoff.  

 

 

TH-2892_166104046



 

  

92 

  

 

Figure 5. 14 Using Box plot Surface water runoff in the basin.  

Figure 5.14 indicates the erosion/runoff prone areas in the basin. Most of the extreme erosion was 

observed in the cultivated land and low erosions in the grassland. High erosion was prevalent in 

sub-basins 1, 2, 4, 8, 10, 11, 13, 14, 17, and 20. Moderate erosion prevailed in sub basins 3, 5, 6 and 

21; and low erosions occurred in sub basins 9, 12, 15, 16, 18, and 19. These surface runoff mapping 

is a better method to identify high surface runoff zones and sedimentation zones in the downstream 

of the basin. 

5.11. Conclusions 

GIS and remote sensing are important tools for resource-wise basin planning and management. 

When understanding a wide range of transition phenomena, the distribution of spatial and temporal 

LULC is very important. LULC data from remote sensing helps us to track changes in land-use 

trends and use them to predict possible changes in the environment. As such, reliable information 

on LULC and an understanding of the changes occurring within them is important. The purpose of 

this study was to determine the hydrological effect of LULC changes in the catchment using the 

hydrological model over the past years of 1987, 2002, and 2017. The LULC change observed in this 

catchment was established from collected satellite and ground truth data that provided useful 

information about land-use changes and allowed us to better understand the causes and effects of 

land-use change over time. In the past three 15-years interval data, the Omo Gibe basin had 

experienced a significant change over land use. It can be presumed that the rapid increase of the 

human population has created deforestation and the increase of farmland, and its annual crop 

production is not proportional in particular to this altered catchment area. Between 1987 and 2002, 

land-use changes are due to the reduction in forest land and grassland followed by the rise in 

agricultural and built-up areas, suggesting that the watershed region is under high population 

pressure. Forest and grasslands have been converted into farmland, and grasslands have been 

transformed into bare land, woodlands, and bush land. The surface runoff and sedimentation 

mapping allows identification of zones of high runoffs and sedimentations and the planners can 

earmark these zones to provid necessary protections.  
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Chapter 6 Water Management Scenario  

6.1 Introduction 

Omo Gibe basin has a complex and fragile landscapes and is one of the twelve river basins in 

Ethiopia. In this basin, there are twenty-one sub-watersheds covering the upstream and downstream 

part of the basin. Water resource management addressing land use and climate change at 

community-based ecosystem is essential for planning effective management strategies (Voinov & 

Gaddis 2008). Participatory water resources modelling at basin or watershed level is important to 

address water related issues by considering the global water management scenario (Carmona et al., 

2013). However, in the recent decades, water has represented a growing crisis of both extremes: too 

much potential or too little potential at watershed and / or basin water-related resources and water-

related development in a river basin level. There is a focus on the needs and requirements of society 

at large with regard to water at the present and in the future, thus aiming at maximum sustainability 

in all senses (van Hofwegen & Jaspers, 1999). One of the most critical issues to address at basin 

level water resource management is the development of dams to regulate flows to ensure availability 

of human water, irrigation, hydropower production, environmental control, water quality regulation, 

recreation and all other requirements. To address short-term and/or long-term watershed problems, 

and to ensure safe, successful and sustainable development of water resources is by using local 

leaders to make productive and reasonable use of water resource management. Frequent drought 

and flooding in the lowlands of Omo Gibe basin and at the mouth of the Turkana Lake have 

adversely affected the livelihoods of the surrounding communities. In addition to this the natural 

climate variability and anthropogenic change have also greatly influenced the water resource 

availability and its distribution. The dependence of the people on this river water is so high in this 

semi-arid to arid area and it has highly affected their life during drought and floods. The human 

interference of land use land cover change like deforestation, expansion of agricultural land, and 

excessive gazing have influenced the natural stream flow variability in which natural ecosystem 

pertain its existence. While the relative contribution of several causes is uncertain, reduced lake 

levels are believed to be primarily caused by land use change, increase in sediment inflow, decreased 

rainfall (Carr, 1998), increased upstream water diversion, and increased evaporation due to higher 

temperatures. The basin has much potential for the utility of multi-purpose water resources projects. 

These projects can have an effect on the natural flow regime and the amount of water flow in 

downstream ecosystem. Therefore, for the well-being of current and future generation and based on 

basin ecosystems, hydrological balance assessment of the surface and sub-surface catchment is a 

crucial step towards effective water management and distribution in the basin. It is very important 
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to map low and high rainfall areas that are seriously affected by flood and other water related 

problem like high soil erosion rate as result of steep slopes  

6.2 Objective of the study   

The main objective mapping surface water and apply the SWAT model Best management practices 

scenario, under different land use Lande cover change. ⠀ 

6.3 Methodology  

The methodology of this study was (Figure 6. 2) 

 

Figure 6 1 Flowchart for Water Resource Management Scenario  

6.4 Results and Discussions 

Watershed development is very important to secure water quality and quantity by using improved 

equity, efficiency, and sustainability. Good water management practice enhance   water yield that 

can be used to expand irrigated areas and increase storage. Community based participatory 

watershed modelling and mapping can identify high surface water potential area from low surface 

water (Figure 6.2a). Community-based watershed management at sub watershed level (Figure 6.2b) 

can aid in planning recharge of subsurface water and to hold soil moisture for long time by 

harvesting rainwater, reforestation, and issues related toclimate change under considering LULC 

change in the region. This is very important in national and international level decision-making in 

Scenarios 1Base time  

SWAT-BMPs scenarios 

 Scenarios 2 Filter strips  

Scenarios 3 Parallel terraces 

Water Resource Management scenarios 

Compare BMPs  

 Scenarios 4 Reforestation 
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the water sector for policy maker and stakeholders. The water balance modelling exercise was made 

in order to check the capacity of Omo River in respect to satisfying the water requirement of water 

structure and maintain the channel flow downstream. The output of the assessment in the present 

research is (Figure 6.2a) - mapping high surface runoff (mm) under different LULC of 2017, 2002, 

and 1987. It also simulates discussion and debate in the management, planning and monitoring of 

watershed levels and facilitates visualization of the relationship and resources. 

 

 

(b)                                     (c) 

Figure 6 2 a) Mapping high surface runoff (mm) using 2017, 2002 and 1987 LULCs, b) Mean 

elvations of sub catchments, and c) Sub-basin name 
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Categorization of slopes classes 

Slope Classes Range (%) 

Flat Or Almost Flat 0.0 - 4.986 

Gently Sloping 4.986 - 13.97 

Sloping 13.97 - 23.93 

Moderately Steep 23.93 - 35.9 

Steep 35.9 - 53.85 

Very Steep 53.85 

Figure 6 3 Slope class mapping and Percentages of Slope Class categorization 

6.5 BMP Scenario developments 

Table 6 1 SWAT parameters used to represent BMPs and Scenarios description 

Scenarios Description Parameter 

name 

input file Calibration 

value 

Modified 

Value 

Scenario 1 Baseline - * - - - - 

Scenario 2 Filterstrip  FILTERW.hru 5 m 0 17m 

Scenario 3 Parallel SLSUBBSN 

(.hru) 

Slope 0-5% 98  27m 

Terrace/ Stone Slope 5-15% 71  17m 

Bund (75% SL 

Reduction) 

Slope 15-35% 34  13.2m 

Slope > 35% 19.1 19.1m 

Scenario 4 Reforestation CN2 (.mgt)  Default**  **Average 

USLE_P  0.78 * **0.34 

(.mgt)  * * 

NB… * Assigned by SWAT Model 

     ** The Extensions, .hru & .mgt are input files, where parameter value was edited  

6.5.1 Scenario 1: Baseline Condition  

A reference scenario was performed for the same simulation period described in Chapter-5 on 

impact of LULC on surface water availalbility for entire Omo-Gibe basin. In the simulations, 

provisions are made to to modify inputs according to the management strategies. Scenario-1 

describes the baseline scenario of using the 1987 LULC, 2002 LULC, and 2017 LULC for Omo-
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Gibe and estimating the corresponding sediment yields (Figure 6.5). This simulation represented 

the current conditions or baseline. The baseline scenario corresponds to the current land 

management practices without any conservation measures or without the use of best management 

practices for selected sub-basin as shown in Figure 6.5 and table 13 for different LULC.  

 

Figure 6 4 Sediment yield in selected sub basins in Baseline Condition (SYLD, ton / ha / year).  

6.5.2 Scenario 2: Introducing different width of filter strips 

In Scenario 2, hypothetical 5 m long filter strips were placed on all agricultural Hydrological 

Response Units (HRUs) of the above three years LULC (i.e., 1987, 2002, 2017), and the response 

from the SWAT model was observed. Filter strips, also known as vegetative filter strips or buffer 

strips, can filter the runoff and trap the sediments within a given plot (Bracmort et al. 2006). The 

model parameter representing the effects of filter strips is the width of the filter strip (FILTERW) 

in SWAT inputs. This value was modified by editing the HRU (.hru) input file of SWAT (Herweg 

and Ludi 1999; Choto and Fetene 2019). Such scenarios tested the efficacy of land reforms on soil 

erosion retardation and decreased sediment yields from the critical areas in the Omo-Gibe basin. 

 

Figure 6 5 Sediment yield in selected sub basins in filter strips scenario (SYLD ton / ha / year). 
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During surface runoff, sediment, nutrients, contaminants and bacterial levels are decreased 

as the surface runoff moves through. The implementation of the filter strip scenario thus decreases 

the sediment yield by 24.15%, 14.97% and 15.13% respectively for 1987, 2002, and 2017 LULCs 

as compare to the baseline scenario in (Figure 6.5). 

6.5.3 Scenario 3: Parallel Terraces with different Slope Length and Stone Bund 

In Scenario 3, the agricultural HRUs were mounted on parallel terraces and stone bunds. This 

method decreases overland flow and soil erosion by reducing the length of the slope (Bracmort et 

al. 2006). Slope length and steepness have a significant impact on the surface runoff volume and 

velocity. In this scenario, the slope lengths of cropland HRUs are reduced by 75 % to assess the 

reduction in sediment yield. In the SWAT model, the parallel terraces and stone bunds are 

introduced by editing the “. hru” input file. The study incorporates Scenario-3 upstream of Gibe III 

dam to estimate the volume of sediments depositing in the reservoirs. 

 

 

Figure 6 6 Sediment yield in selected sub basins in parallel terraces with different slope length and 

stone bund scenario (SYLD, ton / ha / year) 

The reduction in sediment yield by 33.10 %, 16.84 %, and 22.90 % for LULC conditions of 

1987, 2002, and 2017, respectively, from the baseline scenario, near the Gibe-III catchment proved 

the effectiveness of Scenario-3 (Fig 6.6) 

6.5.4 Scenario 4: Reforestations 

Omo Gibe Basin's increase in population and the resulting need for farming and other infrastructures 

have accelerated land degradation. Since accelerated soil erosion is caused by the activities of man 

and is responsible for depleting soil productivity, destroying land and filling reservoirs with 

sediment, there are interventions required to protect the catchment of the Gibe I, Gibe II, Gibe III, 
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and the downstream diversion dam. Reforestation has the component of reducing overland flow and 

erosivity of rainfall (Zorn and Komac 2013). In Scenario 4, reforestation of the land was proposed 

in sub-basins, where high sedimentation was observed in the actual situation described in Scenario-

1. In this scenario, we replaced 30 % of the area occupied by Afro-alpine and cultivated lands into 

forest or woodlands 

 

Figure 6 7 Sediment yield in selected sub basins in reforestation scenario (SYLD ton / ha / year) 

The reforestation scenario's implementation reduced the sediment yield by 49.25 %, 34.55 

%, and 40.84 % for LULC conditions of 1987, 2002, and 2017, respectively, proving its 

effectiveness in reducing sediment yield (Fig 6.7). However, the planning and development of 

forests and shrublands at various catchment levels should be coordinated with the respective 

agricultural services. 

6.6 Comparison of the BMPs Scenario 

On comparing the annual sediment yield generated from the basin using the LULC of 1987, 

Scenario-1 generated 160 t ha-1 year-1, Scenario-2 120 t ha-1 year-1, Scenario-3 90 t ha-1 year-1, and 

Scenario-4 80 t ha-1 year-1. Similarly, for the LULC data of 2017, the Scenario-1 generated 95 t ha-

1 year-1, Scenario-2 80 t ha-1 year-1, Scenario-3 75 t ha-1 year-1, and Scenario-4 60 t ha-1 year-1 (Fig. 

8.9a). The result indicates the effectiveness of BMPs in the basin lands to reduce the sediment yield. 

Among all the BMPs, Scenario-4 provided the maximum reduction in sediment yield for the LULC 

imageries of 1987, 2002, and 2017 LULC data (Fig. 6.8). This maximum reduction from Scenario-

4 provides recommendations to the relevant agencies as the BMP for the Omo-Gibe basin.  

Table 6 2 Total Mean annual reduced sediment yield for each scenario. 

Scenario 2002_LULC 2002_LULC 2017_LULC 
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Scenario_1 161.9229 121.2625 97.43609 

Scenario_2 115.9981 104.3459 82.0025 

Scenario_3 88.35127 101.7651 76.25889 

Scenario_4 78.6944 97.43609 56.58985 

 

Table 6 3 Mean annual Percentage of reduction compare to baseline condition. 

Scenario  1987_LULC_% 2002_LULC_% 2017_LULC_% 

Scenario_2 24.18189 14.97746 15.83829 

Scenario_3 33.10167 16.84948 22.90445 

Scenario_4 49.25315 34.55543 40.8445 

 

 

Figure 6 8 Mean Annual Sediment Yield under Different LULC Type in Ton / Ha / Yea 

6.7 Conclusion  

Hypothetical Best Management Practice scenarios was introduced in the basin to mitigate the 

hurdles from soil erosion. The BMPs that include the establishment of filter traps, incorporation of 

terraces in agricultural fields with a reduction in slopes, and reforestation, reduced the sediment 

yield from the basin. Reforestation is potentially the BMP that can reduce the sediment yield and 

safeguard the various hydro-projects in the basin. As a future scope, LULC changes along with 

climate changes and population explosion could be combined with hydrological models to predict 

the potential impacts on hydrological processes and availability of surface and subsurface water in 

the Omo-Gibe basin. It can help stakeholders and decision-makers make better adoptions for land 

use and climate change, to develop strategies for managing water resources. 

  

TH-2892_166104046



 

  

101 

  

Chapter 7 Climate Change Impact Assessment under Water Resource 

Development Scenario using RCP and SRES 

7.1 Introduction / Background  

Climate change is one of the main challenges in water resource sector (Iglesias et al., 2007). Stream 

flow of the rivers highly depends on climate variables such as rainfall, temperature, and potential 

evapotranspiration of a basin. These climate variables directly affect stream flow and therefore the 

amount of water availability and leading to river flow changes outside the margin of safety can have 

a negative impact on water structure, regardless of whether the flow rate increases or decreases 

(IPCC, 2001). The impacts of climate changes on hydrology is usually found on changes occurring 

to local weather conditions, such as temperature and precipitation in the catchment area. Moreover, 

Seljom (2012) indicated that increased inflow and climate change would result in a larger share of 

flooding, since it is not possible to utilise all the increased precipitation with the hydro- reservoirs. 

The flooding losses could increase due to climate change and affect normal trend. Climate processes 

can be represented in mathematical terms based on physical laws such as the conservation of mass, 

momentum, and energy. However, the complexity of the system means that the calculations from 

these mathematical equations can be performed in practice only by using computers. The 

mathematical formulation is therefore implemented in a computer program, which is referred to as 

a model. If the model includes enough of the components of the climate system to be useful for 

simulating the climate, it is commonly called a climate model (IPCC, 2010; Adeniyi 2016). Modern 

climate models consist of a system of interacting model components, each of which simulates a 

different part of the climate system (Bader, 2008). The atmospheric and ocean components are 

known as General Circulation Models (GCMs) because they explicitly simulate the large-scale 

global circulation of the atmosphere and ocean.  

7.1.1 Problem statement 

The water resources in the region depends on the hydrology of the region that includes the 

precipitation pattern, temperature, evaporation and geological locations, stratifications, etc. 

However, the climate change can affect the precipitation and its intensity that can affect the water 

resources. These climate changes can lead to extremes like intense water scarcity or floods and this 

change may be the natural climate variability and/or anthropogenic change have great influence on 

surface and ground water resource availability and distribution. The dependence of the people is so 

high in the semi-arid to arid area that highly affects their life during drought or flood. The human 

interference of LULC change like deforestation, expansion of agricultural land and excessive 
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grazing have influence on natural flow variability and reduce soil moisture. The cause of land use 

change can change surface water availability and increase the sediment inflow. The average annual 

outflow from the Omo Gibe basin into Lake Turkana was estimated about 16.6 Bm3 although it is 

reported as 19 Bm3 on GIWA 47 regional assessment report (UNDEP, 2004) and the inflow to lake 

from other sub basin catchment is also unknown. Hence, climate change assessment is a vital step 

for optimal water allocation in the basin for wellbeing of the current and future generation and 

ecosystems. 

7.1.2 Objective of the study 

The main objective of this study is to assess the possible effect of climate change impact on stream 

flow based on analysis of hydrological events in the case of GШ dam site catchment in upper Omo 

Gibe basin, Ethiopia.  

7.1.2.1 Specific Objective  

• To assess the influence of precipitation and evaporation on stream flow using RCP and 

RCM scenario. 

• Forecasting hydrological events based on rainfall magnitude and flood frequency with in 

different return period using frequency model Under RCP scenario.  

• To identify sensitive parameters and simulate the stream flow of the watershed after 

calibration and validation of SWAT model.  

7.2 Study Area and Methodology  

7.2.1 Study Area  

The Upper Omo-Gibe river basin has an area of 33,000 Km2 and it lies between 4° 30' to 9° 00' 

North Latitude and 35° 00' to 38° East longitude in (Figure 7.1). Gilgal Gibe and Gojeb Rivers are 

major tributaries to the main river that drains the western high lands. Upper Omo-Gibe river basin 

has low rainfall from March to May, preceded by the dry season from December to February and 

small rainy season from September to October. The amount of rainfall decreases throughout the 

catchments with a decrease in elevation (EEPCO 2008; Reis 2011). The mean annual temperature 

of the entire basin varies from 16 °C in the highlands to the north to over 22 °C to the south. The 

monthly average temperature rises slightly as of January to May, but declines afterwards in the 

months June to August. The mean annual rainfall of the catchment area is about 2280 mm. The 

mean monthly rainfall pattern over the basin varies distinctly in (Figure 2.6) shows that in the north 

TH-2892_166104046



 

  

103 

  

part of the basin the rainfall pattern is uni-modal, but further downstream to the south of the basin 

the pattern becomes bi-modal. 

 

Figure 7.1 Digital Elevation Model location study area and hydro-meteorological station location  

7.2.2 Digital Elevation Model (DEM) 

The DEM resolution of 30 m by 30 m has been downloaded from the SRTM (Shuttle Radar 

Topography Mission) web site as seen in (Figure 7.1). The DEM was used to delineate the basin 

into various watersheds and to examine the patterns of drainage of the surface region of the basin. 

7.2.3 Soil and Land Use Data. 

The soil data were obtained mainly from the following sources: Soil and Terrain Database for north 

eastern Africa CD-ROM (Food and Agriculture Organization of the United Nations (FAO 1998), 

Major Soils of the world CD-ROM (FAO, 2002) as seen in (Figure 7.2), Digital Soil Map of the 

World and Derived Soil Properties CD-ROM (FAO 1995), Properties and Management of Soils of 

the Tropics CD-ROM, Omo Gibe River Basin Integrated Development Master Plan Project-Semi 

detailed Soil Survey. The major soil types in the Upper Omo Gibe river basin are as indicated in 

(Figure 7.2) Eutric Cambisols, Eutric Fluvisols, Eutric Vertisols, Haplic Luvisols, Eutric Leptosols, 

Chromic Luvisols, Haplic Nitisols, and Lithic Leptosols. The land use map of the study area was 

obtained from ministry of water resources and Electricity Ethiopia. We have reclassified the land 

use map of the area based on the available topographic map, aerial photographs and satellite images 

shown in (Figure 7.2).  
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Figure 7.2 Soil Land Use and slope of Upper Omo Gibe basin 

7.2.4 Weather data and Discharge  

The weather data like daily precipitation, and minimum and maximum air temperatures are collected 

for the period 1981 – 2014. These data were obtained from Ethiopian National Meteorological 

Agency (NMA) for stations located within and around the watershed as seen in the spatial 

distribution in Fig 6.1. Daily river discharge or flow data were obtained from the Hydrology 

Department of the Ministry of Water Resources and Electricity of Ethiopia for the stations 

mentioned in Figure 7.1. 

7.2.5 Model’s statistical performance checking  

The function of models and their results are compared with some necessary standards. Therefore, 

for this study, the observed and simulated hydrological data and RCM data were compared by using 

R2, RMSE, and MAE. In these equations, X is data, µ is the mean of data, σ is the standard deviation 

and n is the number of data, o index and m index show observed (climatic variables) and model 

(GCM). R2 shows a linear relationship between large-scale variables and downscaled data and its 

range is between 0–1. MAE cannot show stronger relationship between data, because there are many 

cases where large-scale data cannot simulate downscaled data behaviour pattern, in the event that 

there is many differences between large-scale and downscaled data. 

r2 = [
1

n
∑ (Xo− µₒ)×(Xm−µₒ)

𝑜

𝑚=1

δxₒ×δxₐ
]

2

                                          (7.1) 
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RMSE = √
∑ (𝑋𝑜−𝑋𝑚)2

𝑜

𝑚=1

n
                                           (7.2) 

𝑀𝐴𝐸 =
(∑ |𝑋𝑜−𝑋𝑚 |

𝑜
𝑚=1 )

n
                                                 (7.3) 

Also, other standards show the difference between large-scale and downscaled data. Hence, in this 

research, RMSE and MAE used as two creditable standards besides R2, so if these standards are less 

it shows the strong relationship and there is not any specific description for their threshold (Samadi 

et al., 2009). The coefficient of determination R2 is defined as the squared value of the coefficient 

of correlation. It is estimated as:  

 

𝑅2 =
[∑ (𝑄𝑠−𝑄𝑠)
𝑛
𝑖=1 (𝑄𝑜−𝑄0)]

2

[∑ (𝑄𝑠−𝑄𝑠)
𝑛
𝑖=1 ]

2
[∑ (𝑄𝑜−𝑄𝑜)
𝑛
𝑖=1 ]

2                              (7.4) 

Where, Qo= observed flow, Qs= Simulated flow, 𝑄𝑂= Average of observed flow and 𝑄𝑠= Average 

of simulated flow (Moriasi et al, 2007) recommended for monthly time steps that NSE values 

between 0.75 and 1 is very good and NSE-value between 0.65 and 0.75 is good. Percent Difference 

(𝑃𝐵𝐼𝐴𝑆), The percent difference for a quantity or the percent deviation of stream flows (𝑃𝐵𝐼𝐴𝑆) 

over a specified period with total days calculated from measured and simulated values of the 

quantity in each model time step is determined using.  

𝑃𝐵𝐼𝐴𝑆 = 100% × [
∑ 𝑄𝑜−∑ 𝑄𝑠

𝑛
𝑖=1

𝑛
𝑖=1

∑ 𝑄𝑜
𝑛
𝑖=1

]                              (7.5) 

where, Qo = Observed flow, Q s = Simulated flow. A value close to 0 % is best simulation, negative 

value indicates model overestimation and a positive value indicate model underestimation. 

7.3 Climate model and climate change Scenario 

The temporal and spatial resolution disparity between the outputs of the GCM models and the data 

needed for such impact studies was adjusted using the most common approach called the statistical 

downscaling and dynamical downscaling method (Houghton, 2009; Kharin 2007) and The most 

appropriate technique for this case study is dynamical downscaling. This method is advantageous 

as it is easy to implement, and generation of the downscaled values involves observed historic daily 

data. The latter advantage ensures the maintenance of local spatial and temporal variability in 

generating realistic time series data. However, the method forces the future weather patterns to only 

those roughly similar to historic, which is its demerit. The correlation coefficient between the 

selected stations is carried out in order to find a single station for downscaling purpose that has high 
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correlation with most of the other neighbouring stations. In addition to the correlation coefficient, 

the quality, and the available length of period of record also taken into consideration during selection 

of stations for downscaling (Field et al., 2012).  

7.3.1 Climate model and descriptions  

Climate models are applied as an investigation tool to study and simulate the climate change, and 

for functioning resolutions, including monthly, seasonal, daily and inter annual climate forecasts. 

Climate projections are distinguished from climate predictions in order to emphasise that climate 

projections depend upon the emission/concentration/radiative forcing scenario used, which are 

based on assumptions concerning. For example, the future socioeconomic and technological 

developments that either or realised causes uncertainty of the projection. Daily maximum and minim 

temperature daily Precipitation data reanalysis from the European Centre for medium-range weather 

forecasts (Russo et al., 2016) are useful to assess the past, present and futuristic climate change 

impact analysis. The dataset has a daily time based resolution and is available from 1979 to 2016. 

The data are interpolated to the Coordinated regional downscaling experiment—African Domain 

(CORDEX-Africa) grid (0.44°, ∼50 km) of the projected model data for comparison. For historical 

and future projections (period 1979–2100) we used daily maximum and minim temperature, daily 

precipitation data from 13 regional climate model (RCM) simulations of the CORDEX-Africa 

multi-model scenario. In the set of simulations, 4 RCMs (Russo et al., 2016) are driven by 13 

different general circulation models forced with two scenarios, RCP4.5 and RCP8.5 adopted by the 

Intergovernmental Panel on Climate Change (IPCC) for its fifth Assessment Report (AR5, 

Christensen et al 2013; Russo et al., 2016; Schaefer et al., 2014; Russo et al., 2014).  Equivalent 

climate simulations using the other RCPs (RCP2.6 and RCP6.0) were not available.  For the 

comparison with the reanalysis we use historical simulations (Taylor et al 2012) for the period 1979–

2005.  Therefore, Swedish Meteorological and Hydrological Institute forced with eight global 

climate models (CCCma-CanESM2, CNRM-CERFACS-CNRM-CM5, ICHEC-EC-EARTH, 

IPSLIPSL-CM5A-MR, MIROC-MIROC5, MPI-M-MPIESM-LR, NCC-NorESM1-M, NOAA-

GFDL-GFDLESM2M); three CCLM simulations (CLM Community) driven by lateral boundary 

conditions of three global climate models (CNRM-CM5, EC-EARTH and MPI-ESM-LR) (Russo 

et al., 2016; Schaefer et al., 2014; Russo et al., 2014) 

7.3.2 Representative Concentration pathway (RCPs) Scenarios 
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Representative Concentration Pathways are new scenarios and the four RCP scenarios used in 

CMIP5 lead to radiative forcing values that span a range larger than that of the three SRES scenarios 

used in CMIP3 (IPCC WGI AR5 2011; Mastrandrea et al., 2011). IPCC WGI Fifth Assessment 

Report also projected the potential for temperature rises of up to 4.8 °C and sea level rise of up to 

0.82 m by 2100 (Stocker, 2013; Metz et al., 2001). Global mean temperature projected changes 

range from 4.7°–8.6°F (2.6°–4.8°C) under the higher scenario (RCP8.5) to 0.5°–1.3°F (0.3°–1.7°C) 

under the much lower scenario (RCP2.6) (Hayhoe et al., 2017). The spread of projected global 

warming with the RCP scenarios is much larger than with SRES scenarios (IPCC, AR5). RCP 

scenarios (Moss et al., 2010; Thomson et al., 2011) have been applied to prescribe future radiative 

forcing. Greenhouse gas concentrations are expressed as equivalent CO2 concentrations, following 

the RCP scenarios, and interpolated from one year to the next. Here we use three different RCP 

scenarios:  RCP 2.6: Strategies for reducing greenhouse gas emissions cause radiative forcing to 

stabilise at 2.6 W/m² before the year 2100 (used by IPCC, AR5).  RCP 4.5: Strategies for reducing 

greenhouse gas emissions cause radiative forcing to stabilise at 4.5 W/m² before the year 2100 (used 

by IPCC, AR5). RCP 8.5: Increased greenhouse gas emissions mean that radiative forcing will reach 

8.5 W/m² by the year 2100 used by IPCC, AR5 (Castillo et al., 2005; Riahi et al., 2011; Pachauri 

et al., 2014). 

7.3.3 Bias correction method of downscaled climate data 

The downscaled RCPs data cannot be directly used for impact assessment as the computed variables 

may differ systematically from the observed ones. Bias correction is therefore applied to compensate 

for any tendency to overestimate or underestimate the mean of downscaled variables. Bias 

correction factors are computed from the statistics of observed and simulated variables (Teutschbein 

and Seibert 2012; Leander and Buishand 2007). Two bias correction methods were tried in this 

study. First, the nonlinear bias correction method proposed by (Mangiestu 2009) and the second 

method called “delta approach”. The formulas used for rainfall and temperature bias correction are 

indicated in Equations 7.13 and 7.14. The formulas used for the correction of rainfall and 

temperature bias are shown in linear and power function. Factors of correction for each month of 

climatic variable were calculated.  

7.3.3.1 Bias Correction Using Delta Change Method  

The Delta Change technique is generally used for future climate change forecast (Maraun and 

Widmann, 2018; Maraun et al., 2018; Beyer et al., 2019) instead of directly using the RCM 
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simulation (Teutschbein and Seibert, 2012). In this study, the Delta Change method was used for 

correct precipitation and temperature data in Upper Omo Gibe River Basin.  

𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑃𝑜𝑏𝑠(𝑑) × [
𝜇𝑚(𝑃𝑐𝑜𝑟𝑟 ((𝑑))

𝜇𝑚(𝑃𝑟𝑎𝑤(𝑑))
]                 (7.6) 

𝑇𝑐𝑜𝑟𝑟(𝑑) =  𝑇𝑜𝑏𝑠(𝑑) + 𝜇𝑚(𝑇𝑐𝑜𝑟𝑟(𝑑)) − 𝜇𝑚(𝑇𝑟𝑎𝑤(𝑑))  (7.7) 

where 𝑃𝑐𝑜𝑟𝑟 ,  𝑃𝑜𝑏𝑠,  and  𝑃𝑟𝑎𝑤 denote corrected observed, and uncorrected, precipitation, 

respectively, while 𝑇𝑐𝑜𝑟𝑟 , 𝑇𝑜𝑏𝑠, and 𝑇𝑟𝑎𝑤, are observed, uncorrected, and corrected temperature on 

the day (𝑑𝑡ℎ) of the month (m) respectively, and 𝜇𝑚 denotes the mean. 

7.3.3.2 Bias Correction Using Linear Scaling Method  

Linear Scaling technique was used to correct the monthly values depending on the long term 

monthly average of observed and simulated. This system does not correct the bias in frequency and 

intensity distribution (Ines and Hansen, 2006). The rainfall and temperature data were adjusted 

using equation, respectively according to (Teutschbein and Seibert, 2012, Fang et al., 2015, Smitha 

et al., 2018).  

𝑃𝑐𝑜𝑟𝑟,𝑚,𝑑 =  𝑃𝑟𝑎𝑤,𝑚,𝑑 × [
𝜇(𝑃𝑜𝑏𝑠,𝑚)

𝜇(𝑃𝑟𝑎𝑤,𝑚)
]                                                      (7.8) 

𝑇𝑐𝑜𝑟𝑟,𝑚,𝑑 = 𝑇𝑟𝑎𝑤,𝑚,𝑑 + 𝜇(𝑇𝑜𝑏𝑠,𝑚) − 𝜇(𝑇𝑟𝑎𝑤,𝑚)                        (7.9) 

where, 𝑃𝑜𝑏𝑠,𝑚,and 𝑇𝑜𝑏𝑠,𝑚denote the observed precipitation and temperature on a month (m), 

and, 𝑃𝑐𝑜𝑟𝑟,𝑚,𝑑  𝑇𝑐𝑜𝑟𝑟,𝑚,𝑑 and 𝑇𝑟𝑎𝑤,𝑚,𝑑 are corrected and uncorrected temperature and precipitation on 

the day (𝑑𝑡ℎ) of the month (m) respectively. (𝜇(𝑃𝑜𝑏𝑠,𝑚, ) (𝜇(𝑃𝑟𝑎𝑤,𝑚 ) denote the mean value of 

observed and uncorrected precipitation on the month (m), respectively. 

7.3.3.3 Bias Correction Using Power Transformation Method  

Using Power Transformation method further adjusts the bias in standard deviation and variance 

using an exponential form (Teutschbein and Seibert, 2012, Leander and Buishand, 2007). The 

Power Transformation technique was used only for rainfall data due to the use of power function. 

𝑓(𝑏𝑚) = [
𝛿𝑚(𝑃𝑜𝑏𝑠 ((𝑑))

𝜇𝑚(𝑃𝑜𝑏𝑠(𝑑))
−
𝛿𝑚(𝑝𝑟𝑎𝑤

𝑏𝑚 ((𝑑))

𝜇𝑚(𝑃𝑟𝑎𝑤
𝑏𝑚 (𝑑))

]                             (7.10) 

𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑝𝑟𝑎𝑤
𝑏𝑚 ((𝑑)                                                    (7.11) 
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𝑃𝑐𝑜𝑟𝑟(𝑑) =  𝑃𝑐𝑜𝑟𝑟(𝑑) × [
𝜇𝑚(𝑃𝑜𝑏𝑠 ((𝑑))

𝜇𝑚(𝑃𝑐𝑜𝑟𝑟(𝑑))
]                               (7.12)          

where 𝑃𝑜𝑏𝑠 ((𝑑) and𝑃𝑟𝑎𝑤  are the observed and uncorrected daily RCM precipitations on the day 

(d) respectively. 𝛿𝑚 and 𝜇𝑚 denote the mean and standard deviation on a month (m), and is the 

exponent for the month. 

7.3.3.4 Precipitation Bias Correction 

In the bias correction technique, nonlinear correction each daily precipitation amount P is 

transformed to a corrected P* a power transformation equation have been used. 

P∗  = aPb                                                                     (7.13) 

Where P* is the simulated data in the projection period, where ‘a’ and ‘b’ are the parameters 

obtained from calibration in the baseline period and subsequently applied to the projection period. 

They are determined by matching the mean and coefficient of variation (CV) of simulated data with 

that of observed data (Mangiestu 2009; Leander & Buishand 2007)). 

7.3.3.5 Temperature Bias Correction  

For temperature, monthly systematic biases were calculated for the baseline period by comparing 

RCPs outputs with the observations.  

The monthly mean biases correction has been calculated according to the following Equation 

(Ashley 2005) 

𝑇𝑥 = 𝑇𝑜𝑚 +
𝛿𝑡

𝛿𝑖
(𝑇𝑖 − 𝑇𝑖𝑚)                         (7.14) 

where; Tx is bias corrected future temperature, Tom is mean of observed temperature in base period, 

Tim is mean of RCPs temperature in base period and Ti is RCPs temperature of base period δi and δt, 

represent the standard deviation of the daily RCPs output and observations in the reference period 

respectively. 

The correction of precipitation and temperature leads to satisfactory result in hydrological 

impact studies. This includes the temporal extent and temporal resolution, but also on the spatial 

resolution of the observational data each of with have varying importance depending on the method 

and the main purpose of the bias correction (Peter et al., 2010; Robbert and Adri 2006). Therefore, 

bias corrections for maximum and minimum temperature and precipitations at each selected stations 

are studied in this research. The bias correction is done for selected stations for the RCM data. 

Thereafter, the bias corrected data is spatially interpolated for the study region (Figure 7.3). 
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Figure 7.3 Omo Gibe basin both observed and RCP station location. 

7.3.3.6 CMhyd (Climate Model data for hydrologic modelling) tools methods  

Bias correction processes are used to minimize the inconsistency between observed and simulated 

climate variables on a daily time step or monthly time step. CMhyd is a tool that can be used to 

extract and bias-correct data obtained from global and regional climate models. Eight bias correction 

methods have been implemented into CMhyd. 

 

 

Figure 7. 4 Bias correction flowchart  
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7.4 Results and discussions 

7.4.1 Using RCP Scenarios 

RCP Scenarios is used to forecast temperature and rainfall time sequence data from regional climate 

outputs of Coordinated Regional Climate Downscaling Experiment (CORDEX)-Africa. For the 

three RCP scenarios (RCP2.6, RCP4.5, and RCP8.5), three periods are analysed - base or historical 

time (1985–2005), mid-term (2030–2050), and long-term (2070–2090) scenario.  

 

 

Figure 7.5 Bias corrected precipitation future 2050s and 2080s in Upper Gibe catchment.  

 

Since the output of GCM is not directly used for climate change impact assessment on water 

resource, bias corrections have been done for the base period using the measured weather data at 

each selected stations. As seen in Figure 7.5, the estimate for precipitation for the base period using 

RCP 2.6, RCP4.5 and RCP8.5 data for each station was not good before the bias corrections are 

applied. Therefore, to adjust and minimize the variation in observed and estimated precipitation bias 

corrections are essential. On applying the monthly bias correction for the base period, the RCP and 

observed precipitation exactly match at the station (Figure 7.6). Note that, the power correction for 
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precipitation and linear correction for temperature were adopted for this study to correct the future 

precipitation and temperature.  

7.4.2 Percentage Change in precipitation in Upper Gibe Basin.  

Climate model output is used to simulate the future impacts of climate change on a stream flow. As 

precipitation is the main driving force for generating streamflow at catchment level, therefore the 

change in precipitations due to climate change affects the streamflow. Figure 7.6 shows long term 

(2080s) and midterm (2050s) predictions for precipitation using RCP2.6, RCP4.5, and RCP8.5. The 

percentage change of monthly precipitation shows an increasing trend during the 2050s and 2080s 

while using RCP8.5 scenarion. The same shows decreasing trends during the 2050s and 2080s while 

using RCP2.6 (Figure 7.6, 7.7, 7.8). The predictions using RCP2.6 and RCP4.5 shows increasing 

trend, while RCP8.5 summer season shows decreasing trend with increasing winter and spring 

season precipitation.  

 

Figure 7.6 Percentage change of precipitation in Upper Gibe catchment.  
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Figure 7. 7 Box plot Percentage of Change of Precipitation Comparing all Three Scenario  

 

 

Figure 7.8 Seasonal variation of precipitation pattern in Upper Gibe, Lower Gibe Wabe and Gojeb. 

Catchments  

Maximum and minimum Temperature after bias correction in (Figure 7.9 and Figure 7.10) 

shows that the RCP and observed precipitation exactly tie at the station. Note that, the linear 

correction were adopted for this study and the coefficient "a" and "b" were used to correct the future 

temperature. 
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Figure 7. 9 Bias corrected average future temperature at Upper Gibe catchment 

 

Figure 7. 10 Box plot future temperature comparing all three scenario in Upper Gibe catchments 

7.4.3 Seasonal variation of maximum and minimum temperature in RCP scenario 

Global surface temperature change for the end of the 21st century is projected to likely be in the 

ranges of 1.5–2.0 °C relative to 1850–1900 (IPCC, 2013; Sun, 2013).). The future projection of 

maximum and minimum temperature under RCPs indicate increasing trend for all months. An 

increase in the monthly mean temperatures in the warm and cold season in all areas of upper Omo 

Gibe based on RCP scenario approximately from the base time 2005s to the mid‐term the 2050s and 

long-term 2080s as shown (Figure 7.10) discussed that Climate models are used for a variety of 

purposes from the study of under currents of the weather and climate system to forecasts of 

upcoming climate. RCPs assess the results of the historic or baseline data (1985-2005) relating with 

midterm and long-term future climate scenarios. It shows the future projection of maximum 

temperature under RCP 8.5 have increasing trend for all months and the average annual maximum 

temperature increased with the rate of 0.51°C to 0.95°C. However, for RCP 4.5 the rate of increase 

was from 0.75°C to 0.78°C and for RCP 2.6 it was 0.75°C to 0.79 °C in 2050s and 2080s, 

respectively. The future projection of minimum temperature show increasing trends for all months 
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in these three RCP scenarios. The average annual minimum temperature shows decreasing trends 

from 1.03°C to 0.97°C for RCP 8.5. However, it shows increasing trends for RCP 4.5 (from 0.90°C 

to 0.928°C) and RCP2.6 (0.92°C to 0.94°C) in 2050s and 2080s, respectively.  

 

 

Figure 7.11 Average maximum and minimum future seasonal temperature scenario.  

7.4.4 Temperature anomaly of Upper Omo Gibe Catchment  

The mean maximum and minimum temperature for all scenarios can be found to have an increasing 

trend, but a higher degree of increase can be projected in the RCP8.5 scenarios for upper Omo Gibe 

catchment. The average annual maximum and minimum temperatures for the base time, mid-term, 

and long-term using RCP 2.6, RCP 4.5, and RCP 8.5 emission scenarios are plotted. Temperature 

anomaly is increasing as per the trend line in upper Omo Gibe catchment. 

From the climate change scenarios in (Figure 7.11) shows that, the average annual maximum 

temperature increase in Belg and bage, decrease in Kiremt. This change indicates that seasonal 

change in the catchment is happening. The seasonal rainfall at Wabe catchment in (Figure 7.11) 

with three seasons’ bega (dry season), kiremt (main rain season) and belg (small rain season) shows 

that increasing trend in mid-term 2050s to long term 2080s in RCP2.6 and the decreasing trends in 

both RCP4.5 and RCP8.5.  

7.4.5 Percentage change of precipitation of some sub-catchments of Upper Omo Gibe 
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In the same way percentage change of precipitation is carried out in some sub-catchments of Upper 

Omo-Gibe (Upper Gibe, Lower Gibe, Upper Wabe, Lower Wabe, Great Gibe, and Gojeb). Great 

Gibe Catchment summer precipitation shows increasing and Gojeb catchment decreasing in winter 

and spring season for RCP2.6 and increasing trends in both RCP4.5 and RCP8.5 future scenario. 

This indicates that the pattern of precipitation change from historical and reflect seasonal shift might 

be observed in the catchment. 

 

Figure 7.12 Future projection of seasonal variation of precipitation pattern in Gojbe and Lower Gibe 

Catchments by using RCP2.6 RCP4.5 and RCP8.5 scenario  

Mean monthly percentage of change of future precipitation in (Figure 7.13) for RCP2.6, 

RCP4.5, and RCP8.5 scenarios in Lower Gibe and Gojeb catchments are increasing for summer 

main rainy season for short-term, mid-term, and long-term scenarios. However, the same is having 

decreasing trend in winter or spring dry season while using RCP2.6 and RCP8.5 at Lower Gibe 

catchment. Also, RCP4.5 in Gojeb catchment shows increasing trend in both long-term and mid-

term scenarios.  

 

Figure 7.13 Percentage of change of future precipitation in Lower Gibe and Gojeb catchments  

The future climate change projections for Gibe-III was assessed by RCPs for the midterm 

and long-term projections of precipitation and temperature. Seasonal variation of precipitation in 

Gibe-III dam site catchment in (Figure 7.14 and Figure 7.15) shows that summer precipitation has 

increasing trend from 12.63% (midterm) to 13.95% long-term in RCP2.6 and has the same trend in 

RCP8.5 but a decreasing trend in RCP4.5 from 3.61% midterm to 3.11% long-term in a dam site 
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catchment. This variation has shown the future pattern of precipitation shift from summer to winter 

and from winter to spring seasons. 

 

Figure 7.14 Box plots Percentage of change of future precipitation in GIII catchment  

 

Figure 7. 15 Seasonal Variation of Precipitation in GIII dam site catchment  

From the Table 7.1, it is obvious that G-III percentage change of precipitation for future 

long-term and midterm mean annual change is having increasing trend from 2.41 % to 16.88% while 

using RCP2.6. Similarly, the percentage change has increasing trend from 16.34 20.63% while using 

RCP4.5.  

Table 7.1 percentage change of Seasonal Precipitation in Gibe-III dam catchment 

Season/ 

RCP 

% of change of Seasonal Precipitation in Gibe-III dam catchment 

RCP2.6 

2050s 

RCP2.6 

2080s 

RCP4.5 

2050s 

RCP4.5 

2080s 

RCP8.5  

2050s 

RCP8.5  

2080s 

Belg  -4.58 5.11 3.89 3.23 8.29 -4.37 

Kiremt  12.63 3.61 3.77 11.45 5.11 6.19 

Bega  -5.64 8.16 8.69 5.94 11.18 8.89 
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Annual  2.41 16.88 16.34 20.63 24.57 10.71 

7.4.6 Rainfall Frequency Analysis of sub-catchments of Omo Gibe Basin  

Rainfall Distribution from 2003 to 2018 as defined on the map Figure 2.3 and Figure 2.4 (in Chapter-

2) show that the upstream part of the basin is more intense, the downstream part is less intense, and 

middle parts of the basin show moderate distribution. Hydrologic systems are occasionally impacted 

by extreme events such as severe storms, floods, and droughts. The magnitude of an extreme event 

occurs less frequently than events that are more moderate. The objective of frequency analysis of 

hydrologic data is to relate the magnitude of extreme events to their frequency of occurrence using 

probability distributions. The main application of frequency analysis of rainfall for flood predicting 

at Gibe Ш dam site catchment may give different outcomes based on the return period of future 

precipitation of RCP climate scenario comparing base time precipitation in different sub-catchments 

of Omo-Gibe catchment (Upper Gibe, Lower Gibe, Upper Wabe, Lower Wabe, Great Gibe, and 

Gojeb). Figures are plotted with different time based on the different year’s return period. The 

annual precipitation change in percentage of rainfall magnitude shows increasing trends in both 

midterm and long-term scenario with increasing return period like (5, 10, 15, 20, 25, 50, 100, 150, 

200, 500, and 1000) years for RCP2.6, RCP4.5, and RCP8.5 as compared to the base time scenario. 

The RCP8.5 high scenario shows slight increase in the 2080s than in 2050s scenario in Wabe and 

Gojeb catchments (Figure 7.15). Upper Gibe and Lower Gibe have somewhat decreasing trends in 

2080s for RCP2.6 scenario in the 2050s (midterm) and the 2080s (long-term). Besides, the analysis 

indicates that overall there is increasing trend in both midterm and long-term in predicting rainfall 

magnitudes in all RCP2.4, RCP4.5, and RCP8.5. In (Figure 7.17) the magnitude of rainfall 

frequency curve with for upper Omo Gibe catchment for different return period (mid-term and long 

–term) is compared to base time RCP2.6 scenarios.  
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Figure 7. 16 Rainfall frequency curve for Upper Gibe catchment 2050s and 2080s 

 

 

Figure 7.17 Rainfall frequency curve with for Upper Omo Gibe 2050s and 2080s 
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Figure 7.18 Rainfall frequency curve for Upper Gibe catchment using RCP8.5  

7.4.7 Flood frequency analysis in Gibe Ш dam site Catchment considering climate scenario  

Using midterm (2050s) and long-term (2080s) scenarios, increasing trends in the magnitude of flood 

frequency under RCP2.6, RCP4.5, and RCP8.5 scenarios. The flood frequency curve with a return 

period shows a rising trend, as seen in Figures 6.18 and 6.19. The magnitude of the 1000-year return 

period flood appears to be increasing in future forecasts using the RCPs emission scenario. 

 

Figure 7.19 year and daily maximum flood frequency curve 
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Figure 7.20 Upper Omo Gibe and GШ- dam site catchment rainfall frequency analysis  

Therefore, Upper Omo Gibe Ш dam site catchment for both long-term and midterm scenario shows 

increasing trends as compared to base line scenario by using RCP2.6, RCP4.5, and RCP8.5 scenario. 

In (Figure 7.20) flood frequency curve for Abelti, Gojeb, Assandabo and Gibe Ш dam site 

catchment the maximum daily discharges and year average river flow with different time of return 

period is shown. Figure 7.19 and Figure 7.20 shows the Upper Omo Gibe and Gibe Ш dam site 

catchment rainfall indicates that with different return period and in both long-term and midterm 

scenario shows increasing trends. The figure reveals that catchment flow is increasing in Gibe Ш 

dam site cathment because of increasing trend of rainfall in both midterm and longterm scenarion. 

7.4.8 Impact of hydrological event on Gibe-Ш dam site catchment.  

The discharge from Upper Omo Gibe Basin is the main inflow or contributor for GIII reservoir, 

which has an area of approximately 34000 sq. km. The regional regression analysis has been applied 

to analyse the runoff probability curves obtained for the Asandabo, Abelti and Gojeb stations. The 

impact of climate change on hydropower systems and dam safety assessment is integrated in this 

study to find the changes in design floods due to climate change. The result of the study shows that 

the daily maximum flood and year average flood increasing with increasing return period for both 

rainfall magnitude and runoff in the basin, and this trend indicates that it will affect the safety of the 

dams in the future as compared to the proposed flood of GШ dam. Therefore, the impact of climate 

change is to create high or low unusual precipitation patterns. If precipitation is increased, surface 

water and soil moisture will increase that can positively or negatively affect the reservoir safety. 

Upper Omo Gibe basin have complex natural resource and rugged topography. The uneven use of 

natural resource has lead to erosion and sedimentation in reservoir. Safe natural resource 

management in Upper Omo Gibe basin is very important to keep up Gibe Ш dam from unexpected 

high flood and sediment deposition. 

7.4.9 Impact of precipitation and evaporation on stream flow.   
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Climate change will affect the hydrology of the basin and mostly through changes in precipitation 

and temperature regimes. Temperature is an important factor monitoring many environmental and 

physical processes of the catchment. Temperature affects the rate of evapotranspiration and surface 

water moisture that has an impact on the water system. Because of increasing temperatures and 

increasing surface soil dryness, the catchment hydrological processes are affected. Therefore, 

integrated land and water management practices through considering climate change impact is 

crucial to develop different water management scenario and for sustaining the water resources in 

the area. Changes in temperature, precipitation, and local extreme climatic events have the response 

changes in water flow and level leading to loss of aquatic habitats, waterfowl, and recreational 

opportunities. Increasing precipitation lead to increased surface water potential and soil moisture, 

but decrease in precipitation lead to decreasing surface water and increase in drying of soil moisture. 

Therefore, precipitation directly relates with surface water and inversely relates with 

evapotranspiration. 

7.4.10 Using Regional Climate Model (RCM) model  

Climate change is having an irregular impact on all the weather parameters either in positive or 

negative perspective. RegCM3 forced by ECHAM5 model provide weather outputs for future 

scenarios. The baseline period is considered from 1991 to 2000. The future scenarios will be 

developed by dividing the future time series into two periods of 10 years: 2031-2040 and 2091-

2100. Varying precipitation patterns such as extreme events, and shorter but more intense rainfall, 

can have negative straight and unintended influences on surface stream flow, impact on healthiness 

and contribute to desertification and inundating, food insecurity, migration and increased water 

resource conflict on upstream and downstream development basin water potential. Precipitation and 

temperature produced by RCM for existing and future scenario climates (Figure 7.22) and based on 

RCM bias corrections for precipitation and temperature. Bias correction is important for coupling 

of high resolution driving data produced by regional climate models (RCM) and hydrological 

catchment models.  
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Figure 7.21 Bias-corrected precipitation, at Upper Gibe catchment 

The importance of the bias correction depends mostly on the values of the observation. In Figure 

7.22, bias-corrected average maximum and minimum future temperature at Upper Gibe is compared 

with baseline period for the future 2030s and 2090s and it shows increasing trends. However, in 

Figure 7.24, the bias corrected precipitation at great Gibe is compared with baseline period for the 

future midterm and long-term scenarios and it shows rising trends. 

`  

Figure 7.22 Max and min temperature in Upper Gibe for period 2030s and 2090s. 

  

Figure 7. 23 Great Gibe catchment precipitation for midterm and long term scenarios 

 
Figure 7.24 Average max and min future temperature at Upper and Lower Gibe  

7.4.11 Trends and Scenarios of Climate Change in Gibe-Ш dam catchment 
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The Omo River Basin is drained by two major rivers from the highlands, the Gibe River flowing 

southwards and eastwards and Omo flowing south westwards. Downstream of their confluence only 

minor tributaries join, as the river continues southwards and enters the deep gorge where the Gibe 

Ш dam site has been identified. One of the immediate benefits of impact assessment of the Omo 

Gibe basin will be the ability to avoid severe drought periods and to control the large flooding 

downstream, which causes loss of lives, both human and animal, as well as damage to property and 

infrastructure. Its function will also allow controlling the downstream peak floods, occurring in 

summer seasons. Therefore, in order to analyse the effects in Lower Gibe due to projects in Upper 

Gibe basin near to the reservoir it is necessary to discuss here the basic operational output simulated 

in GCM output and SWAT simulated water balance for the project scenarios. The exercise will 

examine the hydrological change in upper basin station, change in inflow to lower Gibe in Upper 

Gibe basin near to reservoir, and change in water level. While comparing the historical climatic 

variables on observed and generated future climate trends, it is generally observed that the future 

trends on average basis of maximum and minimum temperature for most of the sub-basins show 

increasing trend (Figure 7.24). However, in the case of the precipitation, the future condition 

exhibits a fluctuating trend (i.e. in some of the sub-basin it is increasing and in others, it is 

decreasing). This fluctuation is due to complicated nature of precipitation processes and its 

distribution in space and time.  

 

Figure 7.25 Percentage change of precipitation and evaporation Wabe catchment. 

The precipitation shows an increasing trend in Upper Gibe sub-basin. Figure 7.26 shows the trend 

change of precipitation in the 2030s with 2090s for the Wabe sub-basin. It is having decreasing 

trend in Belg and Bega seasons and increasing trend for Kiremt season. Comparison to the base 

period and the future period average annual evaporation for Gibe III shows an increasing trend from 

short-term the (2030s) to long-term (2090s) in A1B scenario. The results of the analysis of the mean 
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seasonal temperature record clearly showed that all the stations had positive trends in summer 

seasons. The temperature and evaporation shows an increasing trend in Great Gibe in Upper Gibe 

basin (Figure 7.29). The percentage change of precipitation is increasing in winter and decreasing 

in summer season, but evaporation is increasing at Great Gibe site. In the (Figure 7.26) indicate that 

percentage change of precipitation has increasing trend in summer in both midterm and long-term 

scenarios and decreasing trends in winter seasons, whereas evaporation has increasing trends in 

Upper Gibe sub-basin catchment. 

  

Figure 7.26 Percentage change of precipitation and evaporation Upper Gibe catchment 

  

Figure 7.27 Percentage change of precipitation and evaporation Great Gibe catchment. 
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Figure 7.28 Percentage change of precipitation and Evaporation in Gojeb catchment. 

7.4.12 Impact of precipitation and evaporation on stream flow using RCM A1B and B2 scenario  

Climate change scenarios with expected changes in maximum and minimum temperature and 

rainfall in the years 2030s and 2090s are applied for generating surface runoff and streamflows in 

Upper Omo Gibe basin. The assessment for future climate change projections B2 scenario (low 

emission) and A1B scenario (high emission) was used for the midterm and long-term projection of 

precipitation and temperature. This analysis (table 7.2) was carried out for a time series of 10 years 

extending from 1990–2000 as base period and the future midterm 2030s and long-term 2090s. The 

mean monthly maximum and minimum air temperature and mean annual rainfall were compared 

with the base period. The analysis shows increase in Gibe Ш dam site from -32.1 % midterm to 

11.58% long-term comparing with base time for mean annual rainfall. The maximum temperature 

increased by 1.29 oC and the minimum temperature increased by 1.55 oC in the 2030s from the base 

period. Similarly, the maximum temperature increased by 0.65 oC and the minimum temperature 

increased by 2.84 oC  in the 2090s scenario. The amounts of rainfall in this catchment was high 

compared to other basins, where rainfall was increasing and the air temperature was decreasing. 

Table 7. 2 the impact of change in precipitation and temperature in A2B scenario.  

Sub 

Basin 

Name 

Catchment area Scenar

io 

Temperature change (°C) (%) of change 

Precipitation 

Area 

km2 

% Area SRES 2030s  2090s 2030s 2090s 

Max Min Max Min 

U-Gibe  11492.7 34.22 A1B 0.32 0.22 1.08 0.82 -0.6 21.0 
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7.4.13 Impact of precipitation using RCP 2.6, RCP4.5, and RCP8.5 scenarios. 

The assessment for future climate change projections assessed by RCPs was used for the midterm 

and long-term projection of precipitation and temperature. Seasonal Variation of Precipitation in 

GIII dam site catchment are compared using RCP scenario (Figure 7.29) and SRES A1B scenario 

(Figure 7.30). The analysis shows that Kiremt precipitation has increasing trend from 12.63% 

(midterm) to 13.95% long-term while using RCP2.6. It has the same trend on using RCP8.5, but a 

decreasing trend on using RCP4.5 (from 3.61% midterm to 3.11% long-term) in the dam site 

catchment. This variation has shown the future pattern of precipitation shift from kiremt to bega and 

from bega to belg seasons. 

  

Figure7.29 Percentage of Change of future precipitation and Seasonal Variation in GIII catchment 

using RCP2.6, RCP4.5, and RCP8.5 scenario   

 

L-Gibe  9655.28 28.74 A1B 0.31 0.19 1.02 0.78 1.4 14.4 

Wabe  4825.52 14.26 A1B 0.13 0.16 0.45 0.61 -13.9 -1.8 

Gojeb  3348.44 9.96 A1B 0.11 0.07 0.35 0.27 -11.9 -6.7 

G-Gibe  4269.84 12.71 A1B 0.43 0.01 0.66 0.35 -17.1 -14.7 

G-III  33591.8 100 A1B 1.29 1.55 0.65 2.84 -32.1 11.85 
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Figure 7.30 Percentage change of future precipitation and Evaporation in Gibe-III catchment  

From the Table 6.4 on maximum and minimum temperature and from Ttable 7.5 on 

percentage of change of Seasonal Precipitation in G-III dam catchment, the G-III long-term 

percentage change in precipitation and evaporation indicates increasing trend from 6.41% to 18.13% 

for RCP2.6 (2050s to 2080s), from 24.14% to 36.06% for RCP4.5(2050s to 2080s), and from 0.21% 

to 5.46% for RCP8.5(2050s to 2080s). Therefore, on comparing both the Climate change 

assessments, the RCP Scenario was a good representative scenario than RCM A1B Scenario. 

 

Table 7. 3 Percentage of change of Temperature in G-III dam catchment 

Mean Annual  2050s 2080s 

RCP2.6 RCP4.5  RCP8.5 RCP2.6 RCP4.5 RCP8.5 

Max Temp 0.75 0.75 0.51 0.79 0.78 0.95 

Min Temp 0.92 0.90 1.03 0.92 0.928  0.97 

  

Table 7. 4 Percentage of change of Seasonal Precipitation in G-III dam catchment 

Season / RCP RCP2.6 

2050s 

RCP2.6 

2080s 

RCP4.5 

2050s 

RCP4.5 

2080s 

RCP8.5  

2050s 

RCP8.5  

2080s 

Belg -0.58 3.23 6.11 7.29 -0.74 -3.37 

Kiremt 12.63 13.95 3.61 3.11 0.27 1.19 

Bega -5.64 0.94 14.41 25.68 0.69 7.64 

Annual  6.41 18.13 24.13 36.07 0.21 5.46 

7.4.14 SWAT Model Sensitivity parameter analysis 

The model considered 27 parameters associated with stream flows that were analyzed with a 10 

interval of Latin Hypercube and the sensitivity analysis required 270 iterations. The ten parameters 

were selected for calibration, seven of these mainly affect the surface runoff (CN2, CH_K2, SOL_Z, 

TH-2892_166104046



 

  

129 

  

REVAPMIN, GW_REVAP, ESCO, and CANMAX), and the remaining three affect base flow 

generation (SOL_AWC, ALPHA_BF, and GWQMN). Among the sensitivity analysis that ten flow 

parameters are the most sensitive parameters in Great Gibe catchment as shown in table 7.6, and the 

remaining seventeen parameters were not considered sensitive to in the Great Gibe catchment. 

Table 7.5 the most sensitive parameters in Great Gibe catchment.  

Ra

nk 

Flow 

Parameters 

Upper/ 

Lower 

Bond 

Sensitiv

e Value 
Class Description 

1  ALPHA_BF  0-1  1.34  V/ High  base flow alpha factor (days) 

2  CN2  ±25  1.01  High  SCS runoff curve number (%) 

3  GWQMN  0-5000  0.456  High  
Shallow aquifer required for return 

flow to occur (H2Omm) 

4  GW_REVAP  0-500  0.19  High  
Threshold depth of water in the shallow 

aquifer required for return flow (mm) 

5  ESCO 0-1  0.0956  High  Soil Evaporation Compensation factor 

6  SOL_Z  0-3000  0.0786  Medium  Total soil depth (mm) 

7  CH_K2  0-150  0.0727  Medium  
Effective hydraulic conductivity of 

the main channel (mm/hr.) 

8  GW_DELAY  0-0.2  0.0683  Medium  Ground water delay (days) 

9  SOL_AWC 0-1  0.0646  Medium  
Soil available water capacity 

(water/mm soil) 

10  SURLAG  0-12  0.0939  Medium  Surface lag 

7.4.15 Model Calibration and Validation of Great Gibe Sub catchment  

Calibration result aimed at overall shape agreement of the observed and simulated discharge using 

model performance; Nash and Sutcliffe model efficiency (NSE), (Nash, 1970), Pearson’s coefficient 

of determination (R2) and PBIAS for monthly flow calibration and simulation. As discussed in data 

analysis section, the flow was calibrated automatically by the model using the observed areal 

precipitation, areal evapotranspiration, and observed flow at Great Gibe gauging station. The results 

show that there exists good correlation in monthly flow data (Figure 7.33) and daily flow data 

(Figure 7.35). The table 7.9 illustrates that the values of these statistical parameters for both 

simulated and measured flow between monthly observed and simulated stream flows substantiates 

the use of SWAT for future scenarios in this catchment.  
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Figure 7.31 Calibration and Validation period at Gojeb gauge station.  

 

Figure 7.32 Simulation and measured flow during Calibration and Validation period 

 

 

Figure 7.33 Daily data based Calibration and Validation at Gojeb gauge station. 

Table 7.8 Calibration and Validation using monthly data model performance 

Monthly time  

step simulation 

Mean Stream flow(m3/s) Model Performance 

Observed Simulated R² NSE PBIAS 
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Calibration (1980-1999) 170.2322 173.3074 0.893 0.78 -2.39 

Validation (2000 to 2008) 184.4572 171.7673 0.835 0.795 -6.22 

Table 7. 9 Calibration and Validation using daily data model Performance 

Daly time  

step simulation 

Model Performance 

P-factor d-factor  R² NSE PBIAS 

Calibration (2001- 2011) 0.76 0.71 0.68 0.79 -12.39 

Validation (2012 to 2017) 0.72 0.68 0.78 0.76 -4.22 

The calibration was performed for twenty years’ period from January 1st, 1981 to December 31st, 

1999. The R2 was found to be 0.893, NS=0.78, and PBIAS = -2.39, which shows the simulations’ 

very good correlation with the gauged flow as seen in (Figure 7.33). The validation was performed 

based on 25 % of the original data years in the period from January 1st, 2000 to December 31st, 

2008. The R2 was found to be 0.835, NS=0.795, and PBIAS = -6.22. Therefore, DEM resolution 

affects the delineation of the watershed and stream network. A decrease in spatial resolution results 

in a decrease in the volume of simulated streamflow 90 m by 90 m required to achieve less than -

2.39 % error at calibration and -6.22 % in validation error of flow simulation in this basin. Hence, 

PBIAS value close to 0% is the best estimate, a negative value indicates model overestimation, and 

a positive value indicates model underestimation. In this study, the value is negative, which indicate 

overestimation. 

7.4.16 Impact of Climate Change scenario on Future Stream flow using SWAT model  

The annual streamflow percentage change as a function of annual percentage change of precipitation 

and evaporation is shown in (Figure 7.33) and the table 7.7. The results indicate that the streamflow 

is positively correlated with precipitation, but negatively correlated with evaporation. The changes 

in streamflow ranged from 7.3% to 25.56 % in 2030s and 2090s, respectively, with respect to the 

changes in precipitation and evaporation as shown in (table 7.7). As expected, the streamflow–

precipitation relationship was much stronger than the streamflow– evaporation relationship. As a 

result, the impact of precipitation on streamflow is treated higher for the catchment and streamflow-

precipitation relationship has increasing trends that is reflected in SWAT simulations, also.  

 

Table 7.6 percentage of change of precipitation, evaporation, and stream flow 

Hydrological  Midterm and Long-term A1B Scenario using SWAT model 
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parameter RCM A1B Scenario  Percentage of Change 

 2000 2030s 2090s  2030s 2090s 

Precipitation  1339.2 1407.5 1485.9  5.1 11.4 

Evaporation  604.85 659.9 719.9  9.1 16.8 

Stream flow 62.31 66.86 71.72  7.3 25.56 

 

The future projected precipitation and temperatures were downscaled using Climate change 

scenarios (A1B) for the two future periods of (2030s, 2090s). The mean monthly SWAT models 

were used to derive relationships between precipitation, evaporation, and stream flow. The 

projections presented in Figure 7.31 indicates increasing trends from base line, medium, and long 

term scenarios. Changes in stream flow volume and timing with the changes in climatic parameters 

like precipitation, temperature, evaporation are the main drivers of the future basin stream flow 

changes. Figure 7.31 shows the SWAT model results for average monthly of mid-term and long 

term scenario for precipitation. In Figure 7.31, stream flow is increasing in summer and decreasing 

in winter because of change in precipitation in Upper Omo Gibe basin during summer / Kiremt high 

rainy season. 

 

 

Figure 7. 34 SWAT model results on precipitation, evaporation, and surface runoff. 

7.4.17 Effects of Climate Change on stream flow  
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Watershed management involves developing water resources, finding mechanisms to alert, and 

provide long-term solutions to water related problems and provide sustainable access to resources. 

Understanding the regime and the distinctiveness of future high and low stream flows is of vital 

importance in effective planning, designing, and monitoring the basin resource and assessing direct 

or indirect factor that affect basin future stream flow. Furthermore, the analyses involve plans to 

adapt to future water scarcity at the watershed level. This river basin adaptive strategy helps for 

improving water structures like dam, reservoir, and lakes in a changing climate condition. Increase 

in temperature results in a rise in evaporation, which could consequence in water scarcities. Climate 

change raises more alarms with respect to its impact on water resources. This rising temperature 

form unusual heavy precipitation events, which results in increased runoffs. This also means that 

there will be reduced groundwater recharges and decreased levels of soil moisture, which can affect 

in reduced agricultural productivity and thereby affect the socioeconomic activity of the basin. 

7.5 Conclusion  

Considering the impact of climate change in a water resource management sector is the need of the 

society to evaluate the vulnerability of infrastructure systems and the effectiveness of different 

adaptation strategies in managing climate-related stresses. The study addresses the effect of climate 

change on water resources in the basin and the need for transforming the existing water-

infrastructure in the basin to sustain the water resources systems compared to future climate change 

projection. Seasonal variation of precipitation in Upper Gibe and Gojeb catchment shows increasing 

trends in all both low and medium emission scenarios. It shows decreasing trends in summer for 

high emission scenario. The percentage of change of seasonal precipitation in Gibe-III dam 

catchment shows that Kiremt precipitation is having increasing trends from 2.4% during mid-term 

to 16.95% in long-term, while using RCP2.6; and 16.34% midterm to 20.6% long-term while using 

RCP8.5. However, there is a decreasing trend in RCP4.5 from 24.7% midterm to 10.71% long-term. 

The future projection of maximum temperature under RCP 8.5 indicates an increasing trend for all 

months and the average annual maximum temperature has been increased with the rate of 0.51°C to 

0.95°C for RCP 8.5, 0.75°C to 0.78°C for RCP 4.5, and 0.75°C to 0.79°C for RCP 2.6 from 2050s 

to 2080s, respectively. The future projection of minimum temperature shows increasing trends for 

all months in these three RCP scenarios. The average annual minimum temperature shows 

decreasing trends from 1.03 °C to 0.97 °C for RCP 8.5 from 2050s to 2080s. It shows increasing 

trends of 0.90 °C to 0.91 °C in RCP 4.5 and 0.92 °C to 0.94 °C for RCP2.6 and from the 2050s to 

2080s. Using the SWAT tools the statistical parameters for both simulated and measured streamflow 

for R2, NSE and PBIAS was estimated during calibration 0.893, 0.78, and -2.39 and validation 
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0.835, 0.795, and -6.22, respectively. These statistical parameter values shows the simulation’s very 

good correlation with the gauged flow. The relationship was done between monthly observed and 

simulated stream flows in great gibe gauging station. The negative value of PBIAS suggested that 

it was overestimated. Therefore, considering different catchment with a different return period 

annual precipitation change shows increasing trends in both midterm and long-term scenario with 

increasing return period. Besides, the analysis indicates that overall increasing trend in both midterm 

and long-term.  
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Chapter 8 Climate change impact assessment in South Omo Gibe 

8.1 Introduction / Background  

The effects of climate change on the water resources system as well as on the water infrastructures 

have to be assessed through hydrological impact studies to devise suitable management practices 

(Tatsumi et al., 2011). As precipitation increases, more water is available in the basin and vice versa. 

Similarly, the change in rates of evapotranspiration also causes variability in available water 

(McCain, 2007). . Water managers face difficult challenges as available land and water resource in 

the basin are not utilized effectively to improve the livelihood and socio-economic conditions of the 

inhabitants (Chaemiso et al. 2016).  

As the climate change impact on water-availability cause demographic and economic 

deviations, climate change modelling is essential with related to water resouces in a region. The 

anthropogenic interferences can cause land degradation and increased runoffs (van Roosmalen et 

al., 2009; Gumindoga et al., 2014).Hydrologic modelling along with climate change parameters are 

essential for estimating water availability as well as assist the water resources management of a 

basin (Dwarakish and Ganasri 2015). The spatio-temporal hydrological modelling aids in 

visualizing and strategizing different environmentally sustainable management scenarios in a river 

basin.  

Since the maximum and minimum temperatures in Ethiopia have increased at about 0.37 °C 

and 0.28 °C per decades (NMA, 2007; Mc Sweeney et al., 2008; Chaemiso et al., 2016), the presence 

of climate change phenomenon in Ethiopia is obvious. The vulnerability of the region to climate 

change are different across the region (Temesgen et al., 2006). increasing occurrence of late rains 

and droughts is consistent with scientific assessments on the impacts of climate change in the basin. 

Predictions of future temperatures rise and ever-increasing rainfall variability indicated that both 

droughts and late rains will probably become more pronounced in the coming decades (Marius, 

2009). The ecosystems and biodiversity are affected as a result of climate change. The master plan 

of the cascade hydropower project in Omo-Gibe has schemes for irrigation in the downstream.The 

natural flow of the river is obstructed due to the project. The change in hydrological processes in 

the basin due to climate change may affect the performances of the water resources project planned 

at the site. Climate change assessment on the basin hydrology in the present and future scenarios is 

a vital step for optimal water allocation in the basin.  

8.1.1 Objectives  
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Therefore, the main aim of this study is to evaluate the impact of precipitation and evaporation on 

streamflow under climate change scenarios using SWAT and geostatistical approaches in the semi-

arid sub-basin of South Omo in the Omo-Gibe River Basin. 

8.1.2 Specific Objective  

Assess the spatial and temporal impact of precipitation and evaporation on streamflow. 

Develop SWAT Model Calibration and Validation in South Omo basin.  

8.2 Study area 

The South Omo river basin has an area of 23,438 Km2 and it lies between 4° 30' to 6° 00' North 

Latitude and 36° 00' to 37° East longitude (Figure 8.1). The average annual stream flow from the 

river basin into Lake Turkana in Kenya was estimated to be 16.6 BCM. The Gilgel Gibe and Gojeb 

Rivers are major tributaries to the main Omo-Gibe River and it drains the western high lands into 

the Omo-Gibe river basin. In this basin, a small rainy season occurs from March to May, dry season 

from December to February, and spring season cover from September to November. Hence, the 

region is classified as semi-arid by National Meteorology Agency, Ethiopia. The southern parts of 

Omo were affected by many floods in recent years; however, this is expected to be regulated from 

the large hydropower dam of the upstream part of the basin (EEPCO, 2008). 
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Figure 8. 1 Location map of the study area South Omo in Omo Gibe basin. 

The topography of the study area is characterized by a long valley, formed by the erosive action of 

the Upper Omo-Gibe River and its numerous tributaries, which often separate the plains. The 

surrounding highland plateau elevations vary from 2000 m above mean sea level (AMSL) or more 

while the valley elevations range from 342 to 1400 m AMSL. The precipitation decrease with 

increasing elevation throughout the Omo-Gibe catchments (EEPCO, 2008). The average annual 

temperature of the basin varies from 16 oC to 29 oC. The monthly average temperature rises slightly 

from January to May and then declines afterward in the months from June to August. This is 

attributed to the wet season from June to August, in which the region experiences maximum rainfall 

(EEPCO, 2008). The main land use/land cover and soil type in the basin are shown (Figure 8.2). 

 

Figure 8.2 Land use/land cover and soil types in the South Omo in Omo-Gibe basin 

8.3 Materials and methods 

8.3.1 Data used 

DEM can be used to analyze the drainage pattern of the watershed, slopes, stream lengths, and 

widths of the channel within a watershed. The DEM used for this study is 30 m by 30 m spatial 

resolution from SRTM process and project using ArcGIS v10.2.1. The basin has a varied land 

use/land cover including agricultural land woodland, natural forest, shrubs land, afro-alpine 
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grassland plantation, etc. The soil map of Ethiopia was obtained from the Ministry of Water, 

Irrigation and Energy (MoWIE). The major soil types in the basin are:- Eutriccambisols, Chromic 

luvisols, Eutricnitisols, Chromic vertisols, Chromic cambisols, Calcic xerosols, Calcic aerosols, and 

Vitric andosols. The streamflow data of the South Omo Gibe basin were collected from the MoWIE 

hydrology department for the period from 1995 to 2015. In the present study, the precipitation and 

temperature data sets for RCP4.5 and RCP8.5 emission scenarios were downloaded from the 

CORDEX Africa database and subjected to bias corrections (Kiesel 2019). The high grids resolution 

based on the time sequence from each CORDEX scenario were extracted from the grid cells 

according to the location of measured climate station.  

8.4 Methodology  

The general methodology of this study is given in (Figure 8.1) 

 

 

Figure 8.3 The flowchart adopted in the present study 

8.5 Hydro-meteorological data analysis, checking homogeneity, and consistency 

By checking the consistency and homogeneity of individual stations, the data qualities are 

investigated and processed. Rainfall of stations within each sub-basin was non-dimensionalized and 
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plotted to compare the homogeneous stations within the watershed. This helps in filling missed 

values in the stations. The results of the homogeneity and consistency analysis are shown in 

(Appendix 5). The homogeneity of dimensionalized monthly precipitation value was calculated as 

(Jemberie et al., 2016; Asitatikie 2019).  

There are different methods to estimate potential evapotranspiration (ETO) using observed 

and predicted climatological data. For this specific study, the Penman-Monteith method, 

Hargreaves, and Priestley-Taylor methods were adopted to calculate the daily potential evaporation. 

Monthly average values were used as estimates of potential evapotranspiration at a certain time of 

the year. The Penman-Monteith method for estimating potential evapotranspiration using data from 

different stations depending on the sub-basin locations was (in chapter 2 equation 2.2). The 

Hargreaves method for estimating the potential evapotranspiration is an empirical radiation-based 

method, which is extensively used in the conditions of limited weather data (Hargreaves and 

Samani, 1985; Neitsch et al., 2005). 

8.6 GIS-based Spatial Rainfall Interpolation techniques 

The study adopts ArcGIS’s Geo-Statistical Analyst to incorporate IDW and Kriging interpolations 

(Chapter-4) to the geospatial data (Yang et al, 2015). In IDW, the interpolated surface is most 

influenced by the nearby data that is a locational dependent variable (Yang et al, 2015). IDW 

forecasts the rainfall value at any unmeasured location using the measured values from the nearby 

location. Presuming the observed values adjoining to the prediction location have more impact on 

the forecast value than those far apart, more weights are assigned to the nearby observed values. 

The IDW method of prediction of rainfall is (equation 8.4). 

z(x) =  
∑ wizii

∑ wii
                              (8.4) 

wi  =  
1

di
2 

where z(x) is the unknown precipitation data (mm), zi is the known or observed precipitation data 

(mm), i is the number of precipitation stations, wi is the weighting of each observed precipitation 

stations, and di is the distance from each precipitation stations to the unknown location. 

Kriging is a complex and well known geo-statistical process that assesses and generates a 

surface from a distributed set of points using Ordinary Kriging and Universal Kriging (Equations 

4.40 and 4.41, Chapter-4). The prediction errors evaluated in the research are Mean Error; Root 

Mean Square Error; Average Standard Error; Mean Standardised Error; and Root Mean Square 
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Standardised Error. These error evaluation techniques are available in the Geostatistical Analyst 

extension tool in ArcGIS10.2.1. 

8.7 SWAT Model  

The SWAT Version 2012 was used in this study to model the streamflow in the South Omo-Gibe 

River Basin. In this study, South Omo basin was divided into 10 sub-basins. The model was 

calibrated (1995-2007) and validated (2008-2015) including 3 years’ warm-up period to initialize 

the model parameters. 

The present study compared the simulated and measured discharges from several gauging 

stations. The Nash and Sutcliffe efficiency criteria (NSE), the coefficient of determination (R2), and 

Percent difference between the simulated and observed streamflow were evaluated to assess the 

performance of the model (Rodda & Little 2015). 

8.8 Bias correction method of downscaled climate data 

The downscaled RCPs data can be rarely used in direct form for any impact assessment (Laflamme 

2016), as the computed variables may differ numerically from the observed ones. Bias corrections 

are applied to compensate the tendencies of overestimating or underestimating the average 

downscaled variables. In the study, here, the bias corrections are applied for futuristic precipitations 

and temperatures. The nonlinear bias correction method proposed by (Mengistu 2009) and “delta 

method” were used to calculate the correction factors for each month. The non-linear bias correction 

for daily rainfall values (P) are obtained using a power transformation equation (Equation 7.13) and 

temperature bias correction is done using Equation 7.14 (Ashley et al., 2005). As the correction of 

rainfall and temperature leads to more reasonable results in hydrological impact assessments (Chen, 

2015), the bias corrections for maximum and minimum temperature and precipitations were applied 

at each selected station in the study. (CMHyd software is used in this research to correct the biases 

of RCM of the South Omo portion of Omo-Gibe River Basin.  

8.9 Changes in monthly and seasonal climate variable outputs 

Precipitation and temperature were generated by RCPs for contemporary and future scenarios and 

based on RCP bias-corrected precipitation and temperature for the South Omo-Gibe River Basin. 

The annual rainfall shows diminishing pattern as the river drains from the highlands in the north to 

Lake Turkana in the south. The bi-modal mean monthly rainfall pattern was found in the lower part 

of Omo-Gibe basin (Figure 8.4).  
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Figure 8. 4 Observed rainfall pattern in the South Omo, Omo-Gibe basin  

The variations observed in percentage change in precipitations between the monthly mean of 

observed measurements and the futuristic RCP scenarios (Figure 8.5, Figure 8.6, and Figure 8.7) 

reveal the future projections having fluctuating trends in lower Omo-Gibe. Though the analyses 

were performed for all the sub-basins of Lower Omo-Gibe, however, for brevity, the results of South 

Omo Jinka site and South Omo Omoratte site are portrayed in this chapter (Figure 8.5, Figure 8.6, 

and Figure 8.7). Because of the effects of inter tropical convergence zone in Ethiopia the (Figure 

8.4) indicates that the two spikes in April and October shows the catchment get annual two times 

precipitation. These spikes indicate bimodal types of rainfall in south omo gibe catchments (Figure 

8. 5). Comparison of a) average monthly precipitation and b) percentage change in mid-term and 

long-term futuristic precipitation scenarios of Jinka site are shown.  

 

(a) 
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                                                                    (b) 

Figure 8. 6 Comparison of a) average monthly precipitation and b) percentage change in mid-term 

and long term futuristic precipitation Jinka site 

 

Figure 8. 7 Percentage change in 2050s and 2080s futuristic precipitations Omoratte site 

The sub-catchment shows increasing and decreasing trends in seasonal rainfall due to the 

complicated nature of rainfall processes and its circulation in space and time. (Figure 8.6) compares 

the percentage change in precipitation in mid-term (the 2050s) and long-term (the 2080s) scenario 

for the Jinka site sub-basin. The decrease in rainfall is noticed during the Belg season (i.e. less rainy 

season from February to May) in both the mid-term and long-term predictions for all the RCP 

scenarios (i.e., 2.6, 4.5, and 8.5). Positive percentage change or increase in rainfall is observed 

during the Kiremt season (i.e., rainy season from June to September) in both the 2050s and 2080s 

predictions for all RCPs. However, the predictions of Bega season (i.e., dry season from October to 

January) shows fluctuating changes in rainfalls for the above classes. Figure (8.6 a, b) summarise 

the projected mean seasonal rainfall in the mid-term and long-term for the South Omo Jinka site 

using the RCP2.5, RCP4.5 and RCP8.5 scenarios. Here again, the decreasing trend is observed for 

Belg season, both in the mid-term and long-term predictions.  
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a)                                       b) 

Figure 8.8 Percentage change in a) midterm and b) long-term futuristic precipitations Jinka site. 

 

a)                           b) 

Figure 8. 9 Percentage change a) midterm and b) long-term futuristic precipitations Omoratte site. 

On the contrary, the Kiremt season showed positive changes for the above and Bega season 

exhibited fluctuating trends. In a similar tone, the analyses of rainfall predictions in the South Omo 

Omoratte site are described. The Omoratte site analyses revealed more fluctuating changes in 

rainfall while considering different RCP scenarios. For Belg season, all the scenarios for the mid-

term and long-term predicted a decrease in rainfall for the Omoratte site. The Bega season showed 

a decrease in mean seasonal rainfall while using RCP2.6 and RCP8.5 during the mid-term 

predictions. However, in the long-term predictions, the same Bega season revealed a decrease in 

rainfall only while using the RCP8.5 scenario for the Omoratte site (Figure 8.10).  
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Figure 8. 10 Percentage of changes seasonally precipitation in South Omo Jinka site. 

where: Bega (dry season = October–January), Belg (less rainy season = February–May) and Kiremt 

(rainy season = June –September) 

 

Figure 8.11 Percentage of changes of seasonally precipitation in South Omo Omoratte site. 

where: Bega (dry season = October–January), Belg (less rainy season = February–May) and Kiremt 

(rainy season = June –September) 

The monthly average maximum temperatures showed an increasing trend from the baseline 

temperature for all the emission scenarios, both in the mid-term and long-term temperature 

predictions (Figure 8.12 A, B). The monthly mean minimum temperatures indicated a significant 

rise in the temperature for the RCP 8.5 emission scenario in most of the months (Figure 8.12 C, D). 

In addition, the mean seasonal temperature changes for summer, winter, and spring seasons are 

compared (Figure 8.13). Except for the mid-term prediction for temperature using the RCP2.6 

scenarios, in all other situations, the RCP4.5 emissions is giving larger seasonal temperature change 

in the mid-term and long-term. On an annual scale, the mean temperatures are expected to increase 

by 1.34°C, 1.58°C, and 1.47°C, in mid-term 2050s scenario for the RCP2.6, RCP4.5, and RCP8.5, 

respectively. Similarly, the annual mean temperatures are expected to increase by 0.98°C, 1.03°C 

and 1.35°C, in the long-term 2080s.  

 

TH-2892_166104046



 

  

145 

  

 

Figure 8.12 Midterm and long-term temperatures (oc): (A and C), maximum and minimum mid-

term predicted temperatures; (B and D) maximum and minimum long-term temperature  

 

 

Figure 8.13 Change in mean seasonal maximum temperatures (°C) for long-term and midterm 

8.9.1 Spatial Distribution of Rainfall 

The spatial distribution of rainfall from the available stations are interpolated using IDW and 

Kriging to develop the baseline scenario. The mean seasonal, monthly, and annual spatial rainfall 

interpolations were also performed using the above interpolation techniques. The interpolations 

again indicate higher values of annual rainfall in the upstream part and lower values in the 

downstream part of the Lower Omo-Gibe sub-basin. The seasonal data confirms the pattern of a 

strong wet season and a dry season across the study area (Figure 8.13). The monthly precipitation 

can also be interpolated by IDW and Kriging approaches in a similar way in (Figure 8.14), however, 

for the compactness of the script not represented here. Table8.1 shows the min and max, mean and 

D 
C 

A B 
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standard deviation of monthly values of spatially distributed interpolated rainfall values of South 

Omo sub basin. 

 

Figure 8. 14Mean annual rainfall interpolation by kriging and IDW for South Omo 

The monthly and seasonal rainfall patterns using Ordinary Kriging and IDW were similar for most 

of the points. The Geostatistical Analyst tool of ArcGIS performs better for normally distributed 

data. Henceforth, the skewed distributed rainfall data through interpolations are log-transformed to 

utilize in the software (Yang et al. 2015). Table 8.3 indicates that the values of median and mean 

are very close, and Table 8.4 Log-transformed data of precipitation (in mm) from interpolations for 

South Omo shows hence the data distribution is close to normal. Table 8.5 shows the comparison 

of prediction error statistics for ordinary kriging and IDW interpolation methods. The RMSE and 

ASE for both kriging and IDW are similar that indicate the predictions are able to incorporate 

sufficient variability. In this case study, the RMSSE values are close to one for both ordinary Kriging 

and IDW interpolation. This closeness indicates that both the interpolation techniques are able to 

incorporate variability and uncertainty effectively.  

Table 8.1 Normal data of precipitation (in mm) from interpolations before transforming into log 

form for South Omo-Gibe 

  IDW  Kriging 

  Belg Bega Kiremt Annual  Belg Bega Kiremt Annual 

Min 34.03 71.12 22.58 340.15  34.03 71.12 5.98 340.15 

Max 582.95 383.2 1085.5 2129.7  956.85 383.2 1085.5 2129.7 

Mean 261.95 210.83 420.45 1292.8  295.68 210.83 409.45 1236.6 

Std. Dev 191.78 96.47 322.71 387.74  214.98 96.47 312.86 471.01 

Skewness 0.353 0.223 0.438 -0.338  0.713 0.22 0.473 -0.30 
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Kurtosis 1.495 1.622 1.753 3.392  3.29 1.62 1.897 2.92 

Median 178.97 213.68 2.68.77 1314.3  290.94 213.68 292.31 1301.5 

1st Quartile 79.5 123.75 175.16 1072.6  89.47 123.75 175.16 1031.6 

3rd Quartile 447.45 311.4 700.65 1504.3  459.54 331.4 685.72 1501.2 

 

Table 8. 2 Prediction error statistics 

 
Kriging  IDW 

 
Kiremt Bega Belg Annual  Kiremt Bega   Belg Annual 

ME -2.24 -2.69 -6.17 -5.806  -2.24 -2.69 -6.17 -5.806 

RMSE 228.89 58.78 126.23 271.99  228.89 58.78 126.23 271.99 

MSE 0.0025 -0.018 -0.028 -0.034  0.0025 -0.018 -0.028 -0.034 

RMSSE 0.965 0.96 0.98 0.975  0.965 0.96 0.98 0.985 

ASE 241.38 61.17 125.41 268.366  241.38 61.17 125.41 268.366 

 

 

Figure 8.15 Using IDW and Kriging mean rainfall interpolation for South Omo-Gibe 

8.9.2 Impact of evapotranspiration on surface water availability  

Since the South Omo sub-basin of Omo-Gibe have less meteorological stations, the spatial 

distribution of data may not be adequate for interpolations. Therefore, the stations located on 

highland and lowland part of the Omo Gibe basin are also appropriate for interpolating the 

evapotranspiration. Hence, by making judicious combinations of various neighbouring stations from 

highland and lowland stations like Jinka, Omoratte, Turmi, Weito, Konso the evapotranspiration in 
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South Omo is calculated. The meteorological factors determining potential evapotranspiration (ETo) 

are hydro-climatological parameters that provide energy for evaporation and eliminate water vapour 

from the surface. Based on the climatic data, ETo is calculated using stations Omoratte, Jinka, and 

Key-Afar. Both the Hargreaves method and Priestley-Taylor method suggested the maximum 

potential evapotranspiration is during the month of January, whereas the Penman-Montieth method 

indicated the maximum ET0 is in the month of March.  

 

 

Figure 8.16 Monthly evapotranspiration at South Omo in Omo Gibe basin 

As obvious from the fact that evapotranspiration is directly proportional to the temperature, 

the seasonal variations in potential and actual evapotranspiration show similar trends to that of 

temperature in the South Omo (Figure 8.16). Seasonal and monthly evapotranspiration using the 

three different evapotranspiration models show increasing rates during the winter-spring season 

while using the Penman-Monteith model and decreasing rates from winter to summer and increasing 

rates from summer to bage season with both Hargreaves and Priestly-Taylor method (Figure 8. 17). 
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Figure 8.17 Monthly Midterm and Long term RCP evapotranspiration scenario using Penman-

Monteith, Hargreves, and Priestley-Taylor methods. 

Priestley-Taylor Potential Evaporation suggests a decline in all seasons while using mid-

term RCP2.6, long-term RCP4.5, and long-term RCP8.5. However, there is rise in potential 

evaporation for all other types of scenarios in (Fig 8.17 and 8.16). Hargreaves Mathematical Model 

shows decreasing trends in all scenarios except for long-term RCP4.5 and mid-term RCP8.5. 

Penman-Monteith's midterm and long-term RCP scenario for both the Bage and Belg seasons shows 

declining patterns and rising trends in South Omo during the summer seasons. 

Percentage of change of monthly midterm and long-term evapotranspiration scenario at 

South Omo considering seventy-five and twenty-five percentile is shown in Figure 8.17. In Penman-

Monteith analysis, the percentage of change in seasonal PET shows a long-term decrease in kiremt 

and an increase in long-term and mid-term scenarios in both Baga and Belg. Hargreaves method 

shows a decrease in PET during Bega and Belg seasons in the mid-term and long-term scenario and 

an increase during Kiremt season. Priestley-Taylor shows decreasing patterns except for mid-term 

evapotranspiration in April and May 
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Figure 8.18 Seasonal Midterm and Long term RCP evapotranspiration Scenario  

8.10 Hydrological models 

8.10.1 SWAT Model Sensitivity parameter analysis  

The SWAT model considered 27 parameters associated with stream flows that were analyzed with 

an interval of Latin Hypercube for the South Omo. Among the ten parameters selected for 

calibration, seven of them affect the surface runoff (CN2, CH_K2, SOL_Z, REVAPMIN, 

GW_REVAP, ESCO, and CANMAX), and the remaining three affect base flow generation 

(SOL_AWC, ALPHA_BF, and GWQMN). The sensitivity analysis indicated that 12 flow 

parameters are more sensitive to the SWAT model in the 21 sub-basins formed in the study area in 

South Omo.  

8.10.2 Model Calibration and Validation of streamflow of South Omo  

The calibration of the SWAT model for South Omo was done for a 12 years’ period from January 

1st, 1995 to December 31st, 2007. The statistical parameters obtained were - R2=0.83, NSE=0.76, 

and PBIAS = -3.37. These statistical parameters’ values show a good correlation between the 

computational model simulation’s and observed values. The validation was performed for the period 

from January 1st, 2008 to December 31st, 2015. The R2 was found to be 0.856, NSE = 0.825 and 

PBIAS = -11.42. These values again show the simulation’s very good correlation with the measured 
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flow in table 8.4. The spatial resolution of the digital elevation model data affects the delineation of 

the catchment, sub-catchment, and stream network of the study area. A change in the value of spatial 

resolution results in a considerable change in the volume of simulated streamflow. In this study, 30 

m by 30 m resolution of the spatial data was used that yielded -3.37% error at calibration and -

11.42% in validation for flow simulations. Since the PBIAS was having some negative values, the 

simulations were overestimating the surface runoff marginally. 

Table 8.2 Calibration result of statistic for monthly measured and simulated Stream flow 
 

Mean Stream flow(m3/s) Model Performance 

Observed Simulated R² NSE PBIAS 

Calibration (1995-2007) 280.2322 193.374 0.83 0.76 -3.37 

Validation (2008 to 2015) 154.4572 181.773 0.856 0.825 -11.42 

 

8.10.3 Impacts of Climate Change on future streamflow and effect of evapotranspiration and 

precipitation on streamflow 

Climatic circumstances affect evapotranspiration and precipitation, thereby, impacting the surface 

runoff, soil moisture storage, and other sub-components of the hydrological cycle. An increase in 

precipitation due to climatic conditions causes an increase in streamflow and vice-versa. To compare 

the futuristic impacts, analyses were done in SWAT to simulate for 10 continuous years for the 

baseline period (1995-2005), mid-term period (2045-2055), and long-term period (2075-2085). The 

mean monthly precipitations, evapotranspiration, and streamflow for the above reference periods 

are compared (Figure 8.20). The plots indicate an increasing trend in the long-term for 

evapotranspiration and a decreasing trend for streamflow. This assessment is very important to 

sustain the water balance for future management. The futuristic precipitations showed increased 

magnitudes for all types of emission scenarios. The evapotranspiration values also rose for all the 

reference periods and all emission scenarios.  

The modelling studies performed in this research aid in identifying future high and low 

stream flows that are essential for effective planning, designing, and monitoring basin resources. 

Therefore, assessing the influence of precipitation and evaporations on streamflow is important to 

know the water balance in the basin in future scenarios. The temperature increase results in a rise of 

evaporation, which may lead to water scarcities in the region. As the forecast from the research 

indicated rising minimum and maximum temperatures, they may also lead to unusual heavy 

A

 B
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precipitation events during summers, thereby, resulting in the increased runoff. The temperature 

increase can also cause more evapotranspiration that may lead to a reduction in soil moisture storage.  

  

Figure 8.19 Comparison of observed and SWAT simulated surface runoff during calibration outlet 

of the sub-basin Nerie station: Nr Jinka. 

 

Figure 8.20 Relation between simulation and measured flow during the validation period outlet of 

the sub-basin Nerie station: Nr Jinka 

 

Figure 8.21 Relation between Simulation and measured flow during Validation period 

8.10.4 Effect of evapotranspiration and precipitation on streamflow 
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Climatic circumstances that affect evapotranspiration, such as temperature, wind, relative humidity, 

seasons, and precipitation directly affect surface runoff and soil moisture. Higher amount of 

precipitation increases streamflow, but decreasing precipitation reduces surface water potential. 

Annual precipitation, Evapotranspiration, and streamflow for the reference base period, mid-term, 

and long-term are compared compared with past time periods Precipitation increased in all cases, 

and the change was distributed evenly between times. Evapotranspiration also increased, with the 

greatest change occurring between the reference periods. In most cases, the total increase in ET 

nearly offset the increase in precipitation, resulting in comparatively small changes in streamflow.  

Climate change leads to amplified climatic changeability, which would lead to increased frequency 

and magnitude of weather-related extreme events (Becker and Bugmann, 1997). An extreme 

climatic event will result in higher losses of life in a developing country than in a developed country 

because of different adaptive capacity (IPCC, 2001b). Silting of the river bed and landslides are 

another cause that changes the river courses, poor natural drainage and so on. Understanding the 

regime and the distinctiveness of future high and low stream flows is of the vital importance of 

ineffective planning, designing, and monitoring basin resource.  

8.10.5 Impacts of Climate Change on future stream flow based on SWAT tools  

Change in magnitude and frequencies of weather related events affect basin water resources. 

Developing countries are more vulnerable to losses accrued due to climate changes. As Ethiopia is 

a developing country, its vulnerability to climate change is also huge. Major causes of floods in 

Ethiopia, as well as lower Omo- Gibe River Basin, include intense precipitation, inadequate river 

banks to contain high runoff due to this high intense precipitation, deforestation and human 

interference in nature and landscape. Apart from above, the river bed siltation and landslides can 

affect drainage as well as changes in river courses. The Figure 8.22 indicate that the relation between 

precipitation, evaporation, and total water yield in midterm and long-term. It shows an increasing 

trend in total water yields. Therefore, assessing the influence of precipitation and evaporations on 

streamflow is important to know that catchment water balance.  

The temperature increase results in a rise of evaporation, which may lead to water scarcities 

in the region. As the forecast from the research indicated rising minimum and maximum 

temperatures, they may also lead to unusual heavy precipitation events during summers, thereby, 

resulting in the increased runoff. The temperature increase can also cause more evapotranspiration 

that may lead to a reduction in soil moisture storage. 
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Figure 8.22 Using high emission scenario, precipitation, evapotranspiration, and total water yield  

8.11 Conclusion 

The chapter analysed the possible climate change effects on water resources systems in South Omo. 

The validity of the application of SWAT model for streamflow estimation is substantiated by the 

acceptable values of statistical performance (R2, NSE, and PBIAS). The SWAT model simulated 

for the future basin characteristics and estimated streamflows for different emission scenarios 

(RCP2.6, RCP4.5, and RCP8.5) for short-term, mid-term, and long-term predictions.  
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Chapter 9 Conclusion and Recommendation 

9.1 Conclusions 

Analysis on the impact of climate change on water resources sectors are needed to evaluate the 

vulnerability of infrastructure systems and the effectiveness of different adaptation strategies in 

managing climate-related stresses. Assessing the effect of climatic variations on hydrological 

processes and water resources, based on spatial and temporal change are important for measuring 

water-sensitive parameters in the area and forecasting future water potentials. The research 

addressed how climate change will affect water resources at the basin level, as well as highlight the 

need to transform existing water infrastructure in the basin to sustain water resources systems for 

various climate change forecasts. The study used remote sensing images, GIS analyses, and 

hydrological SWAT model with additional climate change inputs based on the SRES and RCP 

Scenario.  

The analysis shows that seasonal variation of precipitation in Upper Gibe and Gojeb 

catchment shows increasing trends in all low (RCP2.6) and medium (RCP4.5) emission scenario 

and decreasing in summer for high (RCP8.5) emission scenario. In Wabe and Gojeb catchments, 

the precipitation trends shows increasing, and in Upper Gibe and Lower Gibe catchments, the trends 

are somewhat decreasing in the 2080s. For RCP2.6 low scenario in the 2050s and the 2080s, the 

trends are alomost same in Upper Gibe and Lower Gibe but slightly increasing in Gojeb and Wabe 

as compare to base time scenario. For RCP4.5, the rainfall magnitudes increased with return period 

for the 2080s in the Wabe catchment. Percentage of change of seasonal precipitation in Gibe-III 

dam catchment shows that Kiremt precipitation has an increasing trend from 2.4% mid-term to 

16.95% long-term in RCP2.6, 16.34% midterm to 20.6% long-term in RCP8.5 but a decreasing 

trend in RCP4.5 from 24.7% midterm to 10.71% long-term. The average annual maximum 

temperature in the Upper Omo Gibe basin has been projected from the 2050s to the 2080s and it 

shows increasing trends when compared to both climate change scenarios (RCP and SRES A1B). 

The RCP Scenario was a better representative scenario than the SRES (A1B) Scenario.  

The statistical performance on the suitability of SWAT hydrological model for streamflow 

estimation for the study region was satisfactory with permissible values of R2, NSE, and PBIAS. 

These testings were done for SWAT simulations of the whole Omo-Gibe basin, and the individual 

sub-basins like Great Gibe and South Omo. 
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The mean maximum annual temperatures are estimated to increase by 1.34°C, 1.58°C to 

1.47°C, in mid-term 2050s scenario for the RCP2.6, RCP4.5, and RCP8.5, respectively. Similarly, 

the mean annual minimum temperatures increased by 0.98°C, 1.03°C, and 1.35°C in future long-

term 2080s scenario for the above RCPs. The geo-statistical analysis shows that RMSSE is close to 

0.98 for both ordinary kriging and IDW interpolations that signify the interpolation method’s 

validity in applying for the requisite hydrological variable.  

The ten-year simulations for the baseline period, mid-term future, and long-term future for 

the South Omo using the high emission scenario disclosed the facts that mid-term period yielded 

more surface runoff as well as peaks in runoff as compared to the baseline and long-term periods. 

However, the long-term future precipitations suggested more intensities in storms as the magnitudes 

of peaks are more for the long term.  

GIS tools and remote sensing techniques are important tools for basin planning and 

management. When understanding a wide range of transition phenomena, the distribution of spatial 

and temporal LULC is very important. LULC data from remote sensing helps to track changes in 

land-use trends and use them to predict possible changes in the environment. As such, reliable 

information on LULC and an understanding of the changes occurring within them is important. The 

purpose of this study was to determine the hydrological effect of LULC changes in the catchment 

using the hydrological model over the past years of 1987, 2002, and 2017. The LULC change 

observed in this catchment was established from collected satellite and ground truth data that 

provided useful information about land-use changes and allowed us to better understand the causes 

and effects of land-use change over time.  

In the past three 15-years interval data, the Omo Gibe basin had experienced a significant 

change over land use. It presumed that the rapid increase of the human population has created 

deforestation and the increase of farmland, and its annual crop production is not proportional in 

particular to this altered the catchment area. Between 1987 and 2002, land-use changes were rare. 

However, they changed significantly in the 2017 picture year. It applies to the reduction in forest 

land and grassland followed by the rise in agricultural and built-up areas, suggesting that the 

watershed region is under high population pressure. Forest and grasslands have been converted into 

farmland, and grasslands have been transformed into bare land, woodlands, and bush land.  

Reforestation was found to be the Best management scenario and were more effective in 

reducing sediment than other scenarios in all land use forms. The introduction of BMPs reforestation 

scenario decreases the sediment output by 49.25%, 34.55%, and 40.84%, respectively for LULC 
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1987, 2002, and 2017 compared to the second and third scenarios. The reforestation scenario was 

also more effective than the other scenarios in reducing sediment yields. As a result, land use and 

climate change could be combined with hydrological models to predict the potential impacts of land-

use change on surface and subsurface water. It helps stakeholders and decision-makers make better 

adoptions for land use and climate change, and consider the planning, control, and management of 

water resources. 

• Climate data was projected from three GCMs output under RCP scenarios. 

• Modeling variations in precipitation and evaporation has a significant impact on streamflow in 

arid and semi-arid areas downstream of the basin, and future climate change for South Omo 

Gibe anticipates rain and evaporation shifts in season. 

• The effects of land use land cover dynamics on stream flow and sediment Yield is detected for 

most part of the basin.  

• The Soil and Water Assessment Tool (SWAT) and SWAT Calibration and Uncertainty program 

is used to future streamflow modeled through the calibrated and validation SWAT models.  

• Most upstream parts of the forest land are converted into cultivated land and human settlement. 

• The model results have shown a good agreement with the observed and simulated values. 

• Implementing scenario 4 (reforestation) is the best management strategy.  Reforestation is 

potentially found to be the BMP to reduce the sediment yield and safeguard the various hydro-

projects in the basin. 

 

9.2 Recommendations 

• Based on the statistical principle analysis used to fix optimum number of station for the basin, 

the assumption helps to obtain number of gauges for a given basin optimally based on an 

assigned percentage of error estimating for mean aerial rainfall of the area. Because of the 

limitation in hydrological data, this research strongly recommend to increase the station 

distribution for hydrological and climatological data.  

• The study used the spatial data like DEM and LULC resolution of 30 m by 30 m. The research 

did not account for the predictive higher classification accuracy for high-resolution. High-

resolution satellite images with more detail Land Use Land Cover data will be useful in 

accurately classifying LULC. The incorporation of better resolution data along with climate 

projections enhancethe assessment of the impact of climate and LULC dynamics for midterm 

and long-term projection.  
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• This study used the Thiessen polygon method to estimate areal rainfall. In additional studies, 

radar rainfall data should be used in addition to point observations on the ground to reduce model 

uncertainty caused by poor quality. 

• Regionalization of the basin and water resource allocation under climate change using better 

optimisation tools and new computational algorithms. 

• Impact of Dam regulation on streamflow, downstream ecology and Turkana Lake. 
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Appendix 1 Hydrological data Normality test using Chi-squared test and 

Kolmogorov-Smirnov testa 

Table A1.1 Chi-squared test  

Variable Abelit_flow Asandabo_flow Gojab_NR.Shebe 

Sample size 1985-2016 1985-2016 1985-2016 

Variance 6102.9628 123.7558 265.7855 

Standard deviation 78.1215 11.1246 16.3029 

Relativestandard deviation 
0.3436 

 (34.36%) 

0.2771 

 (27.71%) 

0.2630 

 (26.30%) 

Standard error of the mean 13.8101 1.9666 2.882 

Coefficient of Skewness 
0.1055 

 (P=0.7875) 

0.1213  

(P=0.7567) 

0.2893 

 (P=0.4639) 

Coefficient of Kurtosis 
-0.9422  

(P=0.1118) 

-1.1613 

 (P=0.0215) 

-0.9994  

(P=0.0788) 

Chi-squared test for 

Normal Distributiont 

AN (P=0.7520) 

(Chi-squared=1.92  

DF = 4 

AN (P=0.356) 

(Chi-squared=4.38 

DF=4) 

AN (P=0.256) 

(Chi-squared=6.55 

DF=5) 

 

Megecha_flow Kiulit_flow Awuti_flow Ghibe_flow 

1985-2016 1985-2016 1985-2016 1985-2016 

176.7036 2.1294 2.4099 4.4123 

13.293 1.4592 1.5524 2.1006 

0.4987 

 (49.87%) 

0.3307 

 (33.07%) 

0.7567 

 (75.67%) 

0.5499 

 (54.99%) 

2.3499 0.258 0.2744 0.3713 

0.7292  

(P=0.0785) 

0.2818  

(P=0.4753) 

0.9564  

(P=0.0258) 

0.2327  

(P=0.5544) 

-0.2323  

(P=0.9165) 

-0.2011  

(P=0.9548) 

0.4329  

(P=0.4557) 

-1.3015 

 (P=0.0041) 

AN (P=0.1952) AN (P=0.0630) RN (P=0.0054) RN (P=0.0029) 

(Chi-squared=6.13 

DF=4) 

(Chi-squared=8.93 

DF=4) 

(Chi-squared=14.78 

DF=4 

(Chi-squared=16.19 

DF=4) 

NB: AN = Accept Normality, RN =Reject Normality  
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Table A1.2 Kolmogorov-Smirnov test 

Variable Abelit_flow Asandabo Gojab__NR.Shebe Kiulit_flow 

Sample size  1985-2016 1985-2016 1985-2016 1985-2016 

Mean 372.9563 40.1442 61.9941 2.1294 

Meida 223.3245 38.6042 60.6645 1.4592 

Variance 6102.9628 123.7558 265.7855 2.1294 

Standard deviation 78.1215 11.1246 16.3029 1.4592 

Relative standard deviation 
0.3436 

(34.36%) 

0.2771 

(27.71%) 

0.2656478 

(26.30%) 

0.3307 

(33.07%) 

Standard error of the mean 13.8101 1.9666 2.882 0.258 

Coefficient of Skewness 
0.1055 

(P=0.785) 

0.1213 

(P=0.77) 

0.2965454 

 (P=0.45) 

0.2818 

(P=0.475) 

Coefficient of Kurtosis 
-0.9422 

(P=0.118) 

-1.163 

(P=0.025) 

-0.94546 

(P=0.0788) 

-0.2011 

(P=0.98) 

Kolmogorov-Smirnov test  D=0.1198 D=0.1244 D=0.1211 D=0.148 

Normal distribution AN ((P>0.10) (P>0.10) (P>0.10)  (P=0.12)) 

 

Megecha_flow Wabe_flow Walge_flow Ghibe_flow 

1985-2016  1985-2016 1985-2016 1985-2016 

26.6549 18.3083 3.2499 0.9717 

23.8333 94.125 26.1521 7.4988 

176.7036 435.6165 31.6596 4.4123 

13.293 20.8714 5.6267 2.1006 

0.4987 

 (49.87%) 

0.4088  

(40.88%) 

0.5029  

(50.29%) 

0.5499  

(54.99%) 

2.3499 3.6896 0.9947 0.3713 

0.7292  

(P=0.0785) 

0.1854  

(P=0.6368) 

0.6388 

(P=0.1187) 

0.2327  

(P=0.5544) 

-0.2323  

(P=0.9165) 

-0.6897  

(P=0.3396) 

-0.07711 

 (P=0.9004) 
-1.3015 (P=0.0041) 

D=0.1333 D=0.1170 D=0.1516 D=0.1551 

Normality (P>0.10) AN (P>0.10) AN (P=0.0595) RN (P=0.0487) 

NB: AN = Accept Normality, RN =Reject Normality  
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Number 
Gojbe_ flow 

Distribution 

Kolmogorov 

Smirnov 

Anderson 

Darling 
Chi-Squared  

Statistic Rank Statistic Rank Statistic Rank 

1 Gamma  0.09513 7 0.3569 7 0.87345 1 

2 Gamma (3P)  0.08799 4 0.24778 4 1.9996 5 

3 Gen. Extreme Value  0.07543 2 0.21452 1 1.8666 4 

4 Gen. Pareto  0.09666 8 7.6787 9 N/A 0 

5 Log-Pearson 3  0.06985 1 0.2202 2 2.5093 8 

6 Lognormal 0.1195 9 0.5182 8 1.5042 2 

7 Lognormal (3P)  0.08857 5 0.25096 5 2.0079 6 

8 Pareto 0.36738 10 7.7335 10 11.723 9 

9 Weibull  0.09346 6 0.27914 6 1.6816 3 

10 Weibull (3P) 0.08371 3 0.24568 3 2.1585 7 

 

Number 
Abelit_flow 

Distribution 

Kolmogorov Anderson  

Chi-Squared  

Smirnov Darling 

Statistic Rank Statistic Rank Statistic Rank 

1 Gamma  0.12339 7 0.48449 6 1.8912 4 

2 Gamma (3P)  0.1212 6 0.47362 5 3.2891 9 

3 Gen. Extreme Value  0.10843 2 0.38608 2 2.2847 5 

4 Gen. Pareto 0.08112 1 0.2319 1 0.27768 1 

5 Log-Pearson 3 0.1171 3 0.43393 3 1.7346 3 

6 Lognormal 0.12072 4 0.49657 9 3.1478 8 

7 Lognormal (3P)  0.12427 8 0.49508 8 2.6471 6 

8 Pareto 0.23555 10 6.4885 10 5.1307 10 

9 Weibull  0.12807 9 0.49282 7 2.7764 7 

10 Weibull (3P) 0.12073 5 0.45967 4 1.6859 2 

 

Number 
Megecha_flow 

Distribution 

Kolmogorov Anderson  

Chi-Squared  

Smirnov Darling 

Statistic Rank Statistic Rank Statistic Rank 

1 Gen. Pareto  0.08975 1 4.2648 9 N/A 
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2 Gen. Extreme Value  0.10311 2 0.39054 1 1.5964 8 

3 Log-Pearson 3  0.10938 3 0.42275 2 0.14279 1 

4 Weibull  0.11297 4 0.42558 3 0.18915 2 

5 Weibull (3P) 0.11474 5 0.46132 4 0.2168 5 

6 Lognormal (3P)  0.11614 6 0.48164 6 0.66627 7 

7 Gamma (3P)  0.11819 7 0.47787 5 0.65795 6 

8 Lognormal 0.12262 8 0.6031 8 0.20028 4 

9 Gamma  0.12508 9 0.55133 7 0.19334 3 

10 Pareto 0.3218 10 6.6929 10 7.2908 9 

Number 
Asandabo_flow 

Distribution 

Kolmogorov Anderson  

Chi-Squared  

Smirnov Darling 

Statistic Rank Statistic Rank Statistic Rank 

1 Gamma  0.12339 7 0.48449 6 1.8912 4 

2 Gamma (3P)  0.1212 6 0.47362 5 3.2891 9 

3 Gen. Extreme Value  0.10843 2 0.38608 2 2.2847 5 

4 Gen. Pareto  0.08112 1 0.2319 1 0.27768 1 

5 Log-Pearson 3  0.1171 3 0.43393 3 1.7346 3 

6 Lognormal 0.12072 4 0.49657 9 3.1478 8 

7 Lognormal (3P)  0.12427 8 0.49508 8 2.6471 6 

8 Pareto 0.23555 10 6.4885 10 5.1307 10 

9 Weibull  0.12807 9 0.49282 7 2.7764 7 

10 Weibull (3P) 0.12073 5 0.45967 4 1.6859 2 

 

Number 
Wabe _flow 

Distribution 

Kolmogorov Anderson  

Chi-Squared  

Smirnov Darling 

Statistic Rank Statistic Rank Statistic Rank 

1 Gen. Extreme Value  0.11133 1 0.41649 1 1.253 2 

2 Weibull  0.13727 4 0.45064 2 4.598 8 

3 Log-Pearson 3  0.14095 5 0.51483 3 3.7492 4 

4 Lognormal (3P)  0.13131 3 0.52148 4 3.7948 6 

5 Gamma (3P)  0.14365 6 0.56201 5 3.7797 5 

6 Weibull (3P) 0.14502 7 0.57666 6 3.9334 7 

7 Gamma  0.15449 8 0.69725 7 1.1929 1 
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8 Lognormal 0.16988 9 0.79346 8 2.2287 3 

9 Pareto  0.26956 10 7.2349 9 6.6339 9 

10 Gen. Pareto  0.11836 2 7.7265 10 N/A 
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Appendix 2: Parameter Estimation Using Method of Momentum (MoM) 

Megecha flow: Parameter estimation by using Method of Momentum 

Parameter Estimation μ α δ κ β γ 

Gamma  4.02   6.63  

Gamma(3p)  2.56   8.60 4.58 

GEV 20.30  10.66 0.02   

Log-pearson 3  49.05   -0.07 6.83 

Lognormal 3.16  0.52    

Weibull  2.20   29.18  

Gen.Pareto 8.72  24.82 -0.38   

Abelit flow: Parameter estimation by using Method of Momentum 

Parameter Estimation μ α δ κ β γ 

Gamma  8.47   26.85  

Gamma(3p)  27.83   14.70 -181.9 

GEV 197.49  77.96 -0.24   

Log-pearson 3  15.21   -0.09 6.82 

Lognormal 5.36 0.37     

Weibull  3.05   249.84  

Gen.Pareto 96.04  249.29 -0.89   

Asendabo flow: Parameter estimation by using Method of Momentum 

Parameter Estimation μ α δ κ β γ 

Gamma  8.47   2.85  

Gamma(3p)  27.83   14.70 -181.9 

GEV 197.49  77.96 -0.27   

Log-pearson 3  15.27   -0.09 6.82 

Lognormal 5.36  0.37    

Weibull  3.05   249.84  

Gen.Pareto 96.04  249.29 -0.89   

Wabe: Parameter estimation by using Method of Momentum 

Parameter Estimation μ α δ κ β γ 

Gamma  5.98   8.53  
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Gamma(3p)  9.55   6.83 -14.19 

GEV 43.18  20.95 -0.24   

Log-pearson 3  14.22   -0.12 5.56 

Lognormal 3.84 0.45     

Weibull  2.49   56.41  

Gen. Pareto 16.01  66.98 -0.91   

 

Table: Gojeb flow near to Shebe: Parameter estimation by using Method of Momentum 

Parameter Estimation μ α δ κ β γ 

Gamma  7.12   20.24  

Gamma(3p)  45.71   7.88 -216.4 

GEV 122.72  52.67 -0.21   

Log-pearson 3  5.29   -0.19 5.88 

Lognormal 4.89  0.43    

Weibull 2.67    159.35  

Gen. Pareto 55.80  161.49 -0.83   
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Appendix 3: Selected Omo Gibe river basin streamflow time series  
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Appendix 4 Spatial Interpolation Minimum and maximum RF using IDW and 

Ordinary Kriging 
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Appendix 5: Checking Homogeneity and Consistency of the Rainfall Stations.  

Consistency of the Rainfall Stations 

 

Checking Homogeneity of Rainfall Station 
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Appendix 6: Hydrological Data 

Mean Monthly Magach Station flow In m3/s 

Y/M Jan. Feb. Mar. Apr. May. Jun. Jul. Aug. Sep. Oct. Nov. Dec. Mean Max Min 

1980 8.78 6.80 7.69 17.29 48.86 122.16 118.94 134.90 89.88 50.23 21.05 13.18 53.31 134.90 6.80 

1981 10.03 8.09 11.65 6.15 21.80 49.69 68.68 237.63 134.98 79.36 19.23 9.93 54.77 237.63 6.15 

1982 11.09 7.93 6.81 9.50 20.48 61.90 90.98 129.47 108.95 112.58 28.26 22.80 50.90 129.47 6.81 

1983 9.95 8.55 8.96 10.51 18.16 35.31 54.37 132.67 235.98 73.07 31.31 19.52 53.20 235.98 8.55 

1984 12.54 9.19 8.64 14.96 19.95 57.15 104.09 128.71 119.99 29.32 25.79 18.67 45.75 128.71 8.64 

1985 10.48 8.26 8.62 14.08 43.13 68.57 103.56 149.59 156.84 54.03 27.54 14.59 54.94 156.84 8.26 

1986 9.24 9.91 12.81 16.58 22.37 78.93 78.47 100.25 117.80 41.01 16.81 13.91 43.17 117.80 9.24 

1987 8.73 7.80 12.18 14.01 22.37 43.06 83.62 95.35 86.06 58.94 39.33 17.30 40.73 95.35 7.80 

1988 35.81 29.18 23.65 17.85 46.38 114.78 205.75 551.02 510.49 498.22 72.07 36.81 178.50 551.02 17.85 

1989 31.94 29.65 27.96 65.57 60.21 88.55 226.37 255.44 324.95 193.52 67.20 101.93 122.77 324.95 27.96 

1990 48.44 43.50 63.49 60.84 75.35 222.65 221.52 425.46 383.56 233.63 77.07 48.72 158.69 425.46 43.50 

1991 35.78 30.19 31.20 44.42 124.48 274.43 443.80 298.79 193.89 104.98 48.40 37.83 139.02 443.80 30.19 

1992 27.91 31.47 27.03 42.50 112.33 165.93 302.05 309.57 313.68 406.43 110.86 56.32 158.84 406.43 27.03 

1993 44.67 43.59 37.53 81.07 195.02 256.17 348.44 278.56 294.36 198.21 84.11 41.59 158.61 348.44 37.53 

1994 30.32 22.52 24.03 27.12 64.29 161.18 383.12 465.12 360.91 89.21 63.00 45.74 144.71 465.12 22.52 

1995 28.95 23.90 23.64 33.93 77.22 146.44 191.33 280.69 267.00 176.30 61.04 66.71 114.76 280.69 23.64 

1996 53.33 39.01 65.64 92.91 159.17 329.47 301.63 318.59 361.53 233.64 67.09 51.52 172.79 361.53 39.01 

1997 43.54 28.88 33.46 52.63 111.45 332.33 218.92 252.23 200.78 396.11 432.13 156.89 188.28 432.13 28.88 

1998 112.88 56.29 131.37 55.21 163.37 237.64 307.25 615.17 335.13 538.48 106.96 14.99 222.90 615.17 14.99 

1999 2.53 0.78 0.57 7.29 107.30 172.17 379.21 332.27 185.83 364.59 73.01 7.02 136.05 379.21 0.57 

2000 3.69 0.47 0.35 59.75 204.85 222.20 395.21 382.95 339.62 403.11 197.55 33.91 186.97 403.11 0.35 
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2001 7.46 2.69 14.20 36.01 83.35 294.84 457.17 588.15 644.30 355.10 203.63 33.95 226.74 644.30 2.69 

2002 44.83 29.84 32.45 41.22 35.95 107.25 180.74 260.78 204.28 125.39 37.67 30.92 94.28 260.78 29.84 

2003 12.30 7.44 34.11 54.21 32.63 106.37 260.30 275.38 341.96 107.26 43.80 44.06 109.99 341.96 7.44 

2004 35.09 32.79 24.59 25.97 68.06 135.68 230.05 314.92 368.50 272.78 28.92 26.48 130.32 368.50 24.59 

2005 27.91 31.47 27.03 42.50 112.33 165.93 302.05 309.57 313.68 406.43 110.86 56.32 158.84 406.43 27.03 

2006 44.67 43.59 37.53 81.07 195.02 256.17 348.44 278.56 294.36 198.21 84.11 41.59 158.61 348.44 37.53 

2007 30.32 22.52 24.03 27.12 64.29 161.18 383.12 465.12 360.91 89.21 63.00 45.74 144.71 465.12 22.52 

2008 28.95 23.90 23.64 33.93 77.22 146.44 191.33 280.69 267.00 176.30 61.04 66.71 114.76 280.69 23.64 

2009 53.33 39.01 65.64 92.91 159.17 329.47 301.63 318.59 361.53 233.64 67.09 51.52 172.79 361.53 39.01 

2010 43.54 28.88 33.46 52.63 111.45 332.33 218.92 252.23 200.78 396.11 432.13 156.89 188.28 432.13 28.88 

2011 112.88 56.29 131.37 55.21 163.37 237.64 307.25 615.17 335.13 538.48 106.96 14.99 222.90 615.17 14.99 

2012 2.53 0.78 0.57 7.29 107.30 172.17 379.21 332.27 185.83 364.59 73.01 7.02 136.05 379.21 0.57 

2013 3.69 0.47 0.35 59.75 204.85 222.20 395.21 382.95 339.62 403.11 197.55 33.91 186.97 403.11 0.35 

2014 7.46 2.69 14.20 36.01 83.35 294.84 457.17 588.15 644.30 355.10 203.63 33.95 226.74 644.30 2.69 

2015 112.88 56.29 131.37 55.21 163.37 237.64 307.25 615.17 335.13 538.48 106.96 14.99 222.90 615.17 14.99 

2016 2.53 0.78 0.57 7.29 107.30 172.17 379.21 332.27 185.83 364.59 73.01 7.02 136.05 379.21 0.57 

2017 3.69 0.47 0.35 59.75 204.85 222.20 395.21 382.95 339.62 403.11 197.55 33.91 186.97 403.11 0.35 

2018 7.46 2.69 14.20 36.01 83.35 294.84 457.17 588.15 644.30 355.10 203.63 33.95 226.74 644.30 2.69 

 

Mean Monthly Assandebo Station flow In m3/s 

Y/M Jan. Feb. Mar. Apr. May. Jun. Jul. Aug. Sep. Oct. Nov. Dec. mean Max Min 

1980 3.62 2.31 3.11 6.23 9.51 44.97 63.91 95.18 56.93 20.98 7.61 3.83 26.52 95.18 2.31 

1981 2.03 2.39 10.70 6.92 7.75 18.91 70.86 92.86 33.69 45.54 12.61 5.09 25.78 92.86 2.03 

1982 4.45 2.29 2.32 2.77 7.76 16.81 32.25 67.83 108.11 54.49 38.41 24.32 30.15 108.11 2.29 

1983 9.42 5.80 3.43 7.36 9.65 35.70 36.59 80.08 161.89 142.44 61.48 19.92 47.81 161.89 3.43 
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1984 9.48 3.80 2.41 3.82 9.45 47.30 87.86 93.37 78.38 19.64 8.89 6.42 30.90 93.37 2.41 

1985 2.58 1.87 1.25 5.64 14.90 36.68 74.34 117.94 91.75 36.98 12.79 6.06 33.56 117.94 1.25 

1986 2.14 2.60 4.02 3.62 4.41 34.40 74.96 70.72 87.08 33.19 10.34 7.08 27.88 87.08 2.14 

1987 3.29 2.20 7.54 5.54 16.05 41.66 57.56 61.43 77.23 35.67 15.35 6.96 27.54 77.23 2.20 

1988 3.99 4.18 1.67 1.46 3.48 10.81 56.36 157.91 123.57 95.55 20.66 7.46 40.59 157.91 1.46 

1989 4.80 5.04 3.55 21.13 11.51 27.44 52.61 77.31 78.54 41.85 15.05 17.26 29.67 78.54 3.55 

1990 8.24 6.51 9.70 8.97 16.43 48.90 92.15 76.78 121.81 181.07 94.00 9.57 56.18 181.07 6.51 

1991 6.30 5.30 7.49 4.64 10.61 34.83 67.72 114.16 85.29 20.41 3.10 2.63 30.21 114.16 2.63 

1992 0.64 1.42 0.13 1.29 12.00 42.49 86.26 189.58 119.82 75.38 20.04 7.80 46.40 189.58 0.13 

1993 7.32 10.67 4.49 20.37 53.71 78.46 129.22 120.22 85.00 60.92 33.42 10.25 51.17 129.22 4.49 

1994 5.92 3.21 4.36 5.02 21.57 70.90 131.87 170.04 125.93 27.44 11.37 5.87 48.63 170.04 3.21 

1995 3.26 3.07 2.54 8.12 11.86 15.26 45.45 65.42 79.09 18.85 8.01 6.24 22.27 79.09 2.54 

1996 3.26 3.07 2.54 8.12 11.86 91.21 85.50 125.14 90.82 46.75 17.35 8.93 41.21 125.14 2.54 

1997 6.58 12.62 2.44 17.21 26.34 70.84 70.56 105.85 72.40 134.48 140.04 53.97 59.44 140.04 2.44 

1998 27.67 16.25 16.40 11.79 20.91 30.27 85.82 174.10 100.33 85.57 34.34 15.03 51.54 174.10 11.79 

1999 10.07 5.87 7.30 6.05 16.58 35.55 79.59 108.69 59.56 72.57 26.01 11.01 36.57 108.69 5.87 

2000 6.36 3.70 2.38 7.27 19.90 29.80 62.93 82.78 87.82 75.47 36.51 15.36 35.86 87.82 2.38 

2001 22.94 23.58 24.68 23.97 36.55 67.65 117.56 106.54 77.50 49.86 29.78 50.17 52.56 117.56 22.94 

2002 9.78 5.88 7.23 9.74 7.13 29.69 57.77 76.41 61.24 21.91 12.23 12.61 25.97 76.41 5.88 

2003 10.64 5.28 9.01 10.01 5.74 24.30 80.97 85.15 94.59 30.78 12.74 9.90 31.59 94.59 5.28 

2004 6.46 4.77 4.12 6.70 13.44 32.60 65.19 99.09 95.64 77.73 20.45 13.21 36.62 99.09 4.12 

2005 9.16 4.84 10.28 8.79 40.68 34.71 67.98 129.46 125.73 51.90 19.70 9.88 42.76 129.46 4.84 

2006 7.69 9.23 9.79 12.12 14.40 35.93 121.09 169.05 108.89 52.03 29.52 23.48 49.43 169.05 7.69 

2007 15.22 15.33 9.34 15.30 20.91 57.78 98.19 115.38 138.30 65.74 16.82 9.32 48.14 138.30 9.32 

2008 3.26 3.07 2.54 8.12 11.86 91.21 85.50 125.14 90.82 46.75 17.35 8.93 41.21 125.14 2.54 
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2009 6.58 12.62 2.44 17.21 26.34 70.84 70.56 105.85 72.40 134.48 140.04 53.97 59.44 140.04 2.44 

2010 27.67 16.25 16.40 11.79 20.91 30.27 85.82 174.10 100.33 85.57 34.34 15.03 51.54 174.10 11.79 

2011 9.78 5.88 7.23 9.74 7.13 29.69 57.77 76.41 61.24 21.91 12.23 12.61 25.97 76.41 5.88 

2012 10.64 5.28 9.01 10.01 5.74 24.30 80.97 85.15 94.59 30.78 12.74 9.90 31.59 94.59 5.28 

2013 6.46 4.77 4.12 6.70 13.44 32.60 65.19 99.09 95.64 77.73 20.45 13.21 36.62 99.09 4.12 

2014 9.16 4.84 10.28 8.79 40.68 34.71 67.98 129.46 125.73 51.90 19.70 9.88 42.76 129.46 4.84 

2015 7.69 9.23 9.79 12.12 14.40 35.93 121.09 169.05 108.89 52.03 29.52 23.48 49.43 169.05 7.69 

2016 6.58 12.62 2.44 17.21 26.34 70.84 70.56 105.85 72.40 134.48 140.04 53.97 59.44 140.04 2.44 

2017 3.99 4.18 1.67 1.46 3.48 10.81 56.36 157.91 123.57 95.55 20.66 7.46 40.59 157.91 1.46 

2018 4.80 5.04 3.55 21.13 11.51 27.44 52.61 77.31 78.54 41.85 15.05 17.26 29.67 78.54 3.55 

 

Mean Monthly Abeilt Station flow In m3/s 

 Jan. Feb. Mar. Apr. May. Jun. Jul. Aug. Sep. Oct. Nov. Dec. Mean Max Min 

1980 243.93 60.38 49.82 33.62 34.14 49.39 295.69 425.67 284.52 122.97 43.06 42.67 140.49 425.67 33.62 

1981 27.15 27.71 22.26 19.19 18.98 33.27 197.35 534.17 502.97 230.04 41.02 19.47 139.47 534.17 18.98 

1982 16.53 10.63 42.67 38.59 23.60 67.93 180.28 439.58 320.19 286.53 91.75 50.92 130.77 439.58 10.63 

1983 19.24 15.00 15.71 17.39 54.58 90.58 202.69 663.82 558.79 454.84 134.49 53.75 190.07 663.82 15.00 

1984 25.87 16.66 12.46 10.28 18.68 91.37 313.76 491.82 160.60 66.55 19.59 13.42 103.42 491.82 10.28 

1985 7.92 4.86 2.91 4.81 20.51 62.81 238.65 519.84 461.63 139.23 35.70 14.83 126.14 519.84 2.91 

1986 8.20 6.79 8.38 8.81 7.49 97.13 375.24 350.23 409.88 151.09 30.02 14.31 122.30 409.88 6.79 

1987 7.27 5.81 12.38 11.76 20.18 82.71 186.19 297.85 278.53 111.14 32.73 11.73 88.19 297.85 5.81 

1988 6.67 6.29 4.52 2.17 4.62 19.93 589.27 993.06 758.43 675.91 308.05 29.71 283.22 993.06 2.17 

1989 24.40 16.77 12.21 36.58 20.47 62.43 227.51 459.83 453.48 145.30 41.84 35.68 128.04 459.83 12.21 

1990 12.86 15.48 15.17 16.81 19.94 95.03 355.67 663.91 567.07 145.30 41.84 35.68 165.40 663.91 12.86 

1991 54.72 30.81 27.91 22.42 54.27 139.42 346.51 611.44 377.14 471.18 173.36 55.02 197.02 611.44 22.42 
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1992 12.06 16.14 8.63 8.94 25.87 80.42 298.42 960.99 568.56 309.24 310.68 167.55 230.62 960.99 8.63 

1993 12.06 17.76 13.63 54.31 117.20 257.55 530.14 839.57 624.50 417.13 269.97 81.64 269.62 839.57 12.06 

1994 54.72 30.81 27.91 22.42 54.27 139.42 346.51 611.44 377.14 471.18 173.36 55.02 197.02 611.44 22.42 

1995 39.07 22.20 14.90 25.42 63.11 114.48 296.21 524.82 477.63 471.18 173.36 55.02 189.78 524.82 14.90 

1996 167.55 167.55 119.59 63.80 157.58 455.68 629.41 1113.24 456.52 284.88 103.45 63.72 315.25 1113.24 63.72 

1997 47.25 41.81 25.25 59.52 73.46 230.78 383.93 489.15 350.38 376.84 402.74 198.79 223.32 489.15 25.25 

1998 92.46 52.89 55.23 34.47 64.72 117.89 505.73 1004.54 745.09 586.34 248.07 92.69 300.01 1004.54 34.47 

1999 54.72 30.81 27.91 22.42 54.27 139.42 346.51 611.44 377.14 471.18 173.36 55.02 197.02 611.44 22.42 

2000 39.07 22.20 14.90 25.42 63.11 114.48 296.21 524.82 477.63 471.18 173.36 55.02 189.78 524.82 14.90 

2001 40.56 24.95 31.14 28.32 67.59 250.46 554.80 723.61 569.81 327.03 135.98 55.02 234.11 723.61 24.95 

2002 40.56 24.95 31.14 28.32 20.74 91.58 276.61 401.18 332.79 87.66 31.12 24.49 115.93 401.18 20.74 

2003 16.50 8.82 13.02 16.97 8.61 36.62 233.03 473.98 426.34 184.88 50.45 29.10 124.86 473.98 8.61 

2004 45.38 57.21 67.88 79.73 89.11 137.31 282.31 373.63 356.64 356.88 127.41 78.37 170.99 373.63 45.38 

2005 65.53 56.54 56.53 41.90 78.11 96.05 262.04 475.01 472.31 286.10 106.98 78.37 172.96 475.01 41.90 

2006 54.72 30.81 27.91 22.42 54.27 139.42 346.51 611.44 377.14 471.18 173.36 55.02 197.02 611.44 22.42 

2007 12.06 16.14 8.63 8.94 25.87 80.42 298.42 960.99 568.56 309.24 310.68 167.55 230.62 960.99 8.63 

2008 12.06 17.76 13.63 54.31 117.20 257.55 530.14 839.57 624.50 417.13 269.97 81.64 269.62 839.57 12.06 

2009 54.72 30.81 27.91 22.42 54.27 139.42 346.51 611.44 377.14 471.18 173.36 55.02 197.02 611.44 22.42 

2010 39.07 22.20 14.90 25.42 63.11 114.48 296.21 524.82 477.63 471.18 173.36 55.02 189.78 524.82 14.90 

2011 167.55 167.55 119.59 63.80 157.58 455.68 629.41 1113.24 456.52 284.88 103.45 63.72 315.25 1113.24 63.72 

2012 47.25 41.81 25.25 59.52 73.46 230.78 383.93 489.15 350.38 376.84 402.74 198.79 223.32 489.15 25.25 

2013 92.46 52.89 55.23 34.47 64.72 117.89 505.73 1004.54 745.09 586.34 248.07 92.69 300.01 1004.54 34.47 

2014 40.56 24.95 31.14 28.32 67.59 250.46 554.80 723.61 569.81 327.03 135.98 55.02 234.11 723.61 24.95 

2015 40.56 24.95 31.14 28.32 20.74 91.58 276.61 401.18 332.79 87.66 31.12 24.49 115.93 401.18 20.74 

2016 16.50 8.82 13.02 16.97 8.61 36.62 233.03 473.98 426.34 184.88 50.45 29.10 124.86 473.98 8.61 
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2017 45.38 57.21 67.88 79.73 89.11 137.31 282.31 373.63 356.64 356.88 127.41 78.37 170.99 373.63 45.38 

2018 65.53 56.54 56.53 41.90 78.11 96.05 262.04 475.01 472.31 286.10 106.98 78.37 172.96 475.01 41.90 
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Appendix 7: SWAT weather Gen 

 Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Station TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX TMPMX 

Jinka 32.05 31.79 30.06 28.39 27.88 27.43 28.48 29.97 29.37 30.19 30.47 31.18 

Hossan 23.91 24.75 24.44 23.22 22.97 21.09 19.71 19.98 21.32 22.32 23.37 23.81 

Jimm 28.85 29.69 28.89 27.1 26.29 25.78 25.38 25.91 26.7 26.77 27.22 28.03 

Sewula 28.85 29.69 28.89 27.1 26.29 25.78 25.38 25.91 26.7 26.77 27.22 28.03 

Teppi 31.51 32.78 32.08 30.34 29.27 28.14 27.34 27.62 28.71 29.57 30.17 30.92 

Wolikite 26.87 27.42 25.75 24.6 22.76 21.55 22.48 23.76 25.11 25.75 26.43 26.6 

W/Sodo 27.7 27.81 26.48 24.73 23.31 21.79 22.37 23.89 24.71 26.38 26.66 26.94 

                          

Station TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN TMPMN 

Jinka 16.8 17.67 18.26 18.16 17.97 17.8 17.98 17.92 17.45 16.35 15.69 15.9 

Hossan 9.65 10.62 10.77 11.57 10.97 10.97 10.63 10.89 10.86 10.18 10.12 9.3 

Jimm 14.8 15.68 16.62 16.96 16.64 16.06 15.81 15.96 16.37 16.28 14.72 14.27 

Sewula 14.8 15.68 16.62 16.96 16.64 16.06 15.81 15.96 16.37 16.28 14.72 14.27 

Teppi 14.05 14.34 16 16.43 16.35 15.85 15.78 15.83 15.59 15.17 14.26 13.73 

Wolikite 13.13 13.28 12.65 12.24 12.17 12.1 11.63 11.7 11.93 12.41 12.88 12.93 

W/Sodo 14.28 15.1 15.06 14.69 14.46 13.83 13.68 13.78 13.79 14.27 14.32 14.02 

                          

Station TMPSTD

MX1 

TMPSTD

MX2 

TMPSTD

MX3 

TMPSTD

MX4 

TMPSTD

MX5 

TMPSTD

MX6 

TMPSTD

MX7 

TMPSTD

MX8 

TMPSTD

MX9 

TMPSTD

MX10 

TMPSTD

MX11 

TMPSTD

MX12 

Jinka 3.55 3.65 3.21 2.29 1.83 2.16 2.13 2.07 2.24 2.19 2.7 3.25 

Hossan 1.7 1.78 2.66 1.96 2.08 1.77 2.12 1.83 1.49 1.8 1.33 1.4 

Jimm 2.13 2.42 2.21 2.02 1.67 1.77 1.65 1.71 2.31 1.66 1.74 2.06 
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Sewula 2.13 2.42 2.21 2.02 1.67 1.77 1.65 1.71 2.31 1.66 1.74 2.06 

Teppi 2.14 2.15 2.48 2.29 1.76 1.69 1.88 1.82 1.8 1.9 1.96 2.14 

Wolikite 1.97 2.02 2.67 3 2.22 1.93 2.38 1.99 1.35 1.31 1.6 1.8 

W/Sodo 1.98 2.2 2.17 1.53 1.53 1.67 1.65 1.57 1.84 1.39 1.39 1.68 

                          

Station TMPSTD

MN1 

TMPSTD

MN2 

TMPSTD

MN3 

TMPSTD

MN4 

TMPSTD

MN5 

TMPSTD

MN6 

TMPSTD

MN7 

TMPSTD

MN8 

TMPSTD

MN9 

TMPSTD

MN10 

TMPSTD

MN11 

TMPSTD

MN12 

Jinka 2.63 2.85 1.76 1.34 1.43 1.6 1.53 1.83 1.49 2.3 2.27 2.71 

Hossan 2.62 2.97 2.9 2.12 2.93 1.77 2.1 1.58 1.45 1.9 2 2.54 

Jimm 1.77 1.81 1.59 1.24 1.96 2.31 1.27 1.79 1.45 1.87 2.72 2.2 

Sewula 1.77 1.81 1.59 1.24 1.96 2.31 1.27 1.79 1.45 1.87 2.72 2.2 

Teppi 2.23 2.17 1.96 1.75 1.59 2.13 1.37 1.49 1.44 2.03 1.91 2.31 

Wolikite 2.79 1.96 1.78 1.94 1.66 1.76 2.02 2.76 1.97 2.75 2.25 3.45 

W/ Sodo 1.88 1.93 1.74 1.27 1.17 1.16 1.14 1.33 1.5 1.53 1.67 2.06 

                          

Station PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM PCPMM 

Jinka 30.65 36.98 46.23 133.26 127.14 50.21 39.74 33.63 56.67 98.46 46.71 34.56 

Hossan 32.17 55.96 107.99 153.46 146.21 116.86 153.94 172.33 149.32 70.02 15.38 28.72 

Jimm 37.37 36.86 87.67 136.34 176.79 220.44 215.27 205.83 185.95 123.49 46.96 44.55 

Sewula 57.9 44.97 117.88 177.04 165.99 93.41 101.12 84.66 98.77 144.54 108.46 75 

Teppi 33.29 51.31 119.91 164.24 187.12 164.21 196.8 200.3 171.94 114.46 73.68 54.22 

Wolikite 44.3 67.55 83.55 120.22 222.45 252.53 235.82 113.69 31.75 6.81 11.97 19.63 

W/ Sodo 33.18 41.16 73.55 152.88 181.61 125.49 165.87 165.8 90.31 91.87 46.23 36.52 

                          

Station PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD PCPSTD 
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Jinka 3.7 5.52 3.85 8.68 8.63 5.49 4.21 4.4 4.86 7.27 5.06 4.43 

Hossan 3.89 5.53 7.69 9.14 9.44 6.1 7 8 7.72 7.11 2.81 5 

Jimm 4.32 3.39 5.55 8.33 8.91 9.06 9.44 8.56 8.71 8 5.94 4.67 

Sewula 5.35 5.32 7.26 9.05 10.2 7.72 8.08 7.14 7.36 8.75 8.05 6.54 

Teppi 3.42 4.83 7.25 8.54 9.81 8.31 9.86 9.83 8.85 7.02 5.68 4.76 

Wolikite 4.3 6.13 6.43 6.97 9.79 9.76 9.47 6.71 4.42 1.65 2.19 3.12 

W/ Sodo 4.01 5.61 5.48 9.29 11.25 9.05 9.55 9.51 6.18 6.46 6.12 4.54 

                          

Station PCPSKW

1 

PCPSKW

2 

PCPSKW

3 

PCPSKW

4 

PCPSKW

5 

PCPSKW

6 

PCPSKW

7 

PCPSKW

8 

PCPSKW

9 

PCPSKW1

0 

PCPSKW1

1 

PCPSKW1

2 

Jinka 5.12 7.51 3.96 2.79 3.2 5.78 4.95 7.24 4.6 3.99 4.71 6.12 

Hossan 5.23 4.17 3.47 2.65 4.86 2.24 2.16 2.79 3 5.89 7.73 7.8 

Jimm 7.77 4.3 2.94 2.97 2.3 1.56 2.08 2.04 2.13 2.75 5.37 4.79 

Sewula 4.35 6.21 3.23 2.16 2.75 4.21 4.54 4.59 4.21 3.43 3.78 3.91 

Teppi 4.4 3.62 2.84 2.27 3.08 2.29 2.58 2.22 2.34 2.67 3.56 3.9 

Wolikite 4.1 3.72 4.57 2.66 2.34 2.14 1.9 2.76 5.34 11.28 6.92 7.15 

W/Sodo 6.73 6.96 4.29 2.67 3.12 3.62 2.79 2.78 3.55 3.66 6.24 6.19 

                          

Station PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 PR_W1 

Jinka 0.11 0.17 0.26 0.36 0.32 0.21 0.2 0.21 0.31 0.29 0.17 0.08 

Hossan 0.09 0.15 0.28 0.29 0.32 0.48 0.68 0.6 0.53 0.1 0.04 0.06 

Jimm 0.17 0.22 0.33 0.39 0.43 0.71 0.82 0.75 0.62 0.23 0.13 0.12 

Sewula 0.15 0.17 0.34 0.54 0.34 0.23 0.23 0.23 0.3 0.39 0.23 0.13 

Teppi 0.16 0.23 0.36 0.55 0.52 0.61 0.65 0.66 0.63 0.3 0.26 0.18 

Wolikite 0.13 0.2 0.23 0.32 0.62 0.88 0.61 0.23 0.07 0.03 0.04 0.08 
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W/ Sodo 0.14 0.18 0.34 0.46 0.41 0.42 0.49 0.5 0.49 0.26 0.13 0.1 

                          

Station PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 PR_W2 

Jinka 0.5 0.51 0.55 0.69 0.64 0.49 0.55 0.48 0.59 0.68 0.53 0.6 

Hossan 0.52 0.64 0.6 0.73 0.7 0.68 0.73 0.78 0.73 0.62 0.48 0.47 

Jimm 0.51 0.59 0.66 0.73 0.77 0.79 0.83 0.86 0.77 0.69 0.5 0.55 

Sewula 0.5 0.45 0.59 0.68 0.62 0.53 0.55 0.56 0.6 0.66 0.61 0.59 

Teppi 0.42 0.48 0.64 0.69 0.72 0.7 0.73 0.73 0.73 0.64 0.58 0.47 

Wolikite 0.53 0.55 0.59 0.71 0.8 0.87 0.83 0.75 0.43 0.33 0.44 0.4 

W/Sodo 0.47 0.5 0.61 0.71 0.7 0.64 0.73 0.7 0.66 0.69 0.42 0.57 

                          

Station PCPD PCPD PCPD PCPD PCPD PCPD PCPD PCPD PCPD PCPD PCPD PCPD 

Jinka 5.57 7 11.29 15.86 15.1 8.33 9.43 8.67 13.14 14.95 7.95 5.67 

Hossan 4.9 8 12.57 15.62 15.57 18.05 21.95 22.76 20.24 7.57 2.19 2.62 

Jimm 7.67 9.48 15.38 17.67 19.71 23.57 25.29 26.19 22.29 13.76 6.05 6.76 

Sewula 7.33 6.29 14.1 18.38 15.14 9.86 10.52 10.57 12.48 16.62 11.33 8.05 

Teppi 6.86 8.24 15.52 18.95 19.62 20.33 21.76 22.1 21 14.57 11 8.05 

Wolikite 7.1 8.24 11.57 14.81 23.48 25.95 24.57 15.38 3.76 1.43 1.86 3.24 

W/ Sodo 6.43 7 14.57 18.1 18.19 16.1 20 19.57 17.48 14.48 5.62 5.9 

                          

Station SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR SOLAR 

Jinka 20.33 21.64 23.05 22.16 21.35 19.97 19.99 18.87 17.78 18.02 19.45 19.23 

Hossan 21.07 21.83 21.55 20.44 20.18 18 16.67 16.86 18.31 20.76 21.6 21.13 

Jimm 17.04 18.05 19.35 20.26 18.55 18.77 18.76 19.4 20.24 19.79 18.25 16.9 

Sewula 19.29 20.66 21.47 19.22 19 18.05 17.38 18.7 20 18.92 18.14 19.27 
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Teppi 16.7 17.89 19.15 20.3 18.71 18.37 19.17 20.15 20.84 19.84 18.01 16.62 

Wolikite 17.48 18.93 19.92 19.66 19.18 19.19 19.35 19.66 19.96 19.84 18.49 17.46 

W/Sodo 18.85 19.03 18.79 19.49 19.59 17.9 19.33 20.86 20.8 21 19.9 18.52 

  

Station WND WND WND WND WND WND WND WND WND WNDA WNDA WNDA 

Jinka 0.61 0.67 0.76 0.73 0.74 0.82 0.81 0.86 0.8 0.6 0.5 0.56 

Hossan 1.56 1.66 1.64 1.62 1.37 1.42 1.51 1.45 1.15 1.58 1.68 1.66 

Jimm 0.42 0.49 0.54 0.52 0.48 0.45 0.44 0.4 0.41 0.4 0.35 0.36 

Sewula 0.95 1.1 1.05 0.97 0.89 0.77 0.76 0.94 1.11 0.91 0.81 0.84 

Teppi 1.56 1.66 1.64 1.62 1.37 1.42 1.51 1.45 1.15 1.58 1.68 1.66 

Wolikite 3.99 3.87 3.11 2.79 1.92 1.15 1.04 0.99 1.23 2.67 4.07 4.58 

W/Sodo 0.38 0.45 0.53 0.5 0.43 0.37 0.34 0.35 0.39 0.37 0.37 0.36 
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Appendix 8: SWAT model Soil 

  

SNA

M 

NLAYE

RS 

HYDG

RP 

SOL_Z

MX 

SOL_

Z1 

SOL_B

D1 

SOL_AW

C1 

SOL_

K1 

SOL_CB

N1 

CLA

Y1 

SILT

1 

SAN

D1 

SOL_AL

B1 

USLE_K

1 

SOL_E

C1 

1 eucam 2 B 1800 210 1.45 0.22 38.4 1.2 11 67 22 0.13 0.3 0.13 

2 chrlu 3 B 900 600 1.5 0.2 33.63 1.63 21 33 46 0 0.3 0.11 

3 eunit 1 A 1000 100 1.62 150 360 0.58 8 12 80 0.32 0.16 0.1 

4 euflu 3 C 2422 181 1.1 0.11 4.34 1.47 60.6 23.3 16.1 0.09 0.2 0.07 

5 chrve 3 B 900 200 1.45 0.19 30 0.5 25 31 44 0.13 0.3 0.09 

6 pelve 2 B 50 30 1.35 0.1 65.68 1.9 50 23 27 0.14 0.25 0.12 

7 dyfluv 3 A 1200 500 1.44 0.19 287.3 1.8 35 38 27 0.13 0.21 0.09 

8 chroca 3 A 1500 900 1.43 0.2 7.15 1.8 33 55 12 0.13 0.21 0.14 

9 lepto 3 A 1500 900 1.43 0.2 7.15 1.8 33 55 12 0.13 0.21 0.14 

10 calxer 1 C 1250 120 1.1 0.12 6.23 1.9 55 30 15 0.17 0.21 0 

11 calfl 1 A 1000 100 1.68 75 180 3.27 5 21 74 0.23 0.13 0.1 

12 verlu 3 C 200 30 0 0 18 3.2 25 35 40 0.23 0.13 0.1 

13 vitan 3 C 200 20 0 0 20 1.3 20 24 56 0.23 0.13 0.1 

13 chroca 4 B 1651 177.8 1.15 0.16 200 2.33 7.5 27.2 65.3 0.01 0.17 0 

 

  

SNA

M 

NLAYE

RS 

HYDG

RP 

SOL_Z

MX 

SOL_

Z2 

SOL_B

D2 

SOL_AW

C2 

SOL_

K2 

SOL_CB

N2 

CLA

Y2 

SILT

2 

SAN

D2 

SOL_AL

B2 

USLE_K

2 

SOL_E

C2 

1 eucam 2 B 1800 260 1.46 0.21 37.2 0.3 14 66 20 0.13 0.3 0.1 

2 chrlu 3 B 900 850 1.46 0.18 39.86 1.1 13 46 41 0 0.34 0.11 

3 eunit 1 A 1000 0 0 0 0 0 0 0 0 0 0 0 

4 euflu 3 C 2422 363.3 1.27 0.11 4.54 1.37 60.6 18.6 20.8 0.09 0.2 0.04 

5 chrve 3 B 900 600 1.37 0.09 5.52 0.22 44 23 33 0.13 0.11 0.04 
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6 pelve 2 B 50 50 1.19 0.09 4.98 1.6 67.8 27 5.2 0.06 0 0.4 

7 dyfluv 3 A 1200 800 1.4 0.07 0.14 0.58 75 17.8 7.42 0.23 0 0.8 

8 chroca 3 A 1500 1200 1.3 0.17 0.8 0.75 48.7 25.3 80.8 0.06 0 0.08 

9 lepto 3 A 1500 1200 1.3 0.17 0.8 0.75 48.7 25.3 80.8 0.06 0 0.08 

10 calxer 1 C 1250 450 1.19 0.09 4.98 1.6 67.8 27 5.2 0.17 0.2 0 

11 calfl 1 A 1000 0 0 0 0 0 0 0 0 0 0 0 

12 verlu 3 C 200 10 1.3 0 0 0 0 0 0 0 0 0 

13 vitan 3 C 200 80 1.2 0 0 0 0 0 0 0 0 0 

13 chroca 4 B 1651 533.4 1.15 0.13 250 1.45 5 34.4 60.5 0.01 0.1 0 

 

  

SNA

M 

NLAYE

RS 

HYDG

RP 

SOL_Z

MX 

SOL_

Z3 

SOL_B

D3 

SOL_AW

C3 

SOL_

K3 

SOL_CB

N3 

CLA

Y3 

SILT

3 

SAN

D3 

ROC 

K3 

SOL_AL

B3 

USLE_

K3 

1 eucam 2 B 1800 460 1.45 0.2 34.8 0.21 19 59 22 0 0.13 0.3 

2 chrlu 3 B 900 900 1.45 0.06 0.9 0.66 73.6 18.5 8.6 0 0 0 

3 eunit 1 A 1000 0 0 0 0 0 0 0 0 0 0 0 

4 euflu 3 C 2422 847.8 1.28 0.1 5.16 1.41 19 59 22 0 0.09 0.2 

5 chrve 3 B 900 900 1.42 0.15 10.56 0.21 35 35 30 0 0.13 0.28 

6 pelve 2 B 50 0 0 0 0 0.73 64.5 16.5 27.7 0 0 0 

7 dyfluv 3 A 1200 1200 1.55 0.02 0.8 0.19 75 17.5 7.42 0 0 0 

8 chroca 3 A 1500 1500 1.35 0.16 0.9 0.15 34.3 22 8.7 0 0 0 

9 lepto 3 A 1500 1500 1.35 0.16 0.9 0.15 34.3 22 8.7 0 0 0 

10 calxer 1 C 1250 700 1.14 0.2 9.34 1.7 30 60 10 0 0.17 0.3 

11 calfl 1 A 1000 0 0 0 0 0 0 0 0 0 0 0 

12 verlu 3 C 200 200 0 0 0 0 0 0 0 0 0 0 

13 vitan 3 C 200 200 0 0 0 0 0 0 0 0 0 0 
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13 chroca 4 B 1651 685.8 1.3 0.09 400 0.73 1.5 16.5 81.9 27.62 0.06 0.1 
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Appendix 9: Seasonal rainfall, wet and dry season trend across the area 

No STAIONS Long Lat Elev Bega Belg Kiremt Max Min Annual Mean Sdv CV 

1 Areka 37.42 7.04 1750 232.44 123.36 187.82 229.74 28.88 1504.27 1198.27 37.59 0.31 

2 Asendabo 37.23 7.77 2400 130.80 355.96 685.72 196.52 18.83 1172.49 1837.56 67.77 0.37 

3 Baco 37.19 9.19 1650 107.79 75.49 219.84 263.87 9.19 1308.65 1320.74 40.21 0.30 

4 Bonga 36.23 7.22 1650 334.02 577.13 761.77 209.15 49.68 1672.92 1320.74 40.21 0.30 

5 Chida 36.78 7.17 1640 271.81 582.95 622.61 194.49 41.5 1477.36 1227.63 38.03 0.31 

6 Chira 36.18 7.13 1500 316.17 565.84 947.69 253.83 48.33 1829.70 1367.52 77.70 0.57 

7 EJAJI 37.14 9.00 1900 135.19 76.55 175.16 255.29 11.64 1320.75 1305.02 47.81 0.37 

8 Indibir 36.44 5.14 397 151.30 58.18 41.10 250.72 13.55 466.20 1559.64 48.81 0.31 

9 Hossaina 37.87 7.55 2200 148.64 418.34 614.18 184.39 17.42 1181.14 1504.27 59.36 0.39 

10 Jimma 36.83 7.67 1725 229.47 447.45 820.43 215.89 34.41 1497.35 1768.23 54.20 0.31 

11 Jinka 36.63 5.80 1480 364.93 488.38 377.25 171.03 47.11 1230.54 1415.26 76.46 0.54 

12 L.Genet 36.95 8.10 1690 284.96 469.31 1085.49 294.04 25.2 1839.76 1178.81 76.97 0.65 

13 Sekoru 37.40 7.92 1896 139.05 377.53 830.49 225.15 15.59 1347.07 1689.74 50.84 0.30 

14 Tep 35.15 5.59 1540 315.14 135.72 224.73 213.89 42.69 1609.29 1236.53 37.71 0.30 

15 W.Soddo 37.72 6.83 2100 212.85 479.39 700.65 208.79 29.45 1392.88 1637.16 74.06 0.45 

16 Welliso 37.98 8.55 2000 71.12 252.95 863.57 278.72 6.47 1187.66 1308.65 84.74 0.65 

17 Wolkite 37.75 8.27 1500 103.93 328.94 861.36 282.56 10.8 1294.23 1288.01 49.52 0.38 
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Appendix 10: The standard deviation and coefficient of variation rainfall 

data.  

No STAIONS Long Lat Elev Bega Belg Kiremt Max Min Annual Mean Sdv CV 

1 Areka 37.42 7.04 1750 232.44 123.36 187.82 229.74 28.88 1504.27 1198.27 37.59 0.31 

2 Asendabo 37.23 7.77 2400 130.80 355.96 685.72 196.52 18.83 1172.49 1837.56 67.77 0.37 

3 Baco 37.19 9.19 1650 107.79 75.49 219.84 263.87 9.19 1308.65 1320.74 40.21 0.30 

4 Bonga 36.23 7.22 1650 334.02 577.13 761.77 209.15 49.68 1672.92 1320.74 40.21 0.30 

5 Chida 36.78 7.17 1640 271.81 582.95 622.61 194.49 41.5 1477.36 1227.63 38.03 0.31 

6 Chira 36.18 7.13 1500 316.17 565.84 947.69 253.83 48.33 1829.70 1367.52 77.70 0.57 

7 EJAJI 37.14 9.00 1900 135.19 76.55 175.16 255.29 11.64 1320.75 1305.02 47.81 0.37 

8 Indibir 36.44 5.14 397 151.30 58.18 41.10 250.72 13.55 466.20 1559.64 48.81 0.31 

9 Hossaina 37.87 7.55 2200 148.64 418.34 614.18 184.39 17.42 1181.14 1504.27 59.36 0.39 

10 Jimma 36.83 7.67 1725 229.47 447.45 820.43 215.89 34.41 1497.35 1768.23 54.20 0.31 

11 Jinka 36.63 5.80 1480 364.93 488.38 377.25 171.03 47.11 1230.54 1415.26 76.46 0.54 

12 L.Genet 36.95 8.10 1690 284.96 469.31 1085.49 294.04 25.2 1839.76 1178.81 76.97 0.65 

13 Sekoru 37.40 7.92 1896 139.05 377.53 830.49 225.15 15.59 1347.07 1689.74 50.84 0.30 

14 Tep 35.15 5.59 1540 315.14 135.72 224.73 213.89 42.69 1609.29 1236.53 37.71 0.30 

15 W.Soddo 37.72 6.83 2100 212.85 479.39 700.65 208.79 29.45 1392.88 1637.16 74.06 0.45 

16 Welliso 37.98 8.55 2000 71.12 252.95 863.57 278.72 6.47 1187.66 1308.65 84.74 0.65 

17 Wolkite 37.75 8.27 1500 103.93 328.94 861.36 282.56 10.8 1294.23 1288.01 49.52 0.38 

 

  

TH-2892_166104046



 

  

219 

  

List of Publications 

1. Chaemiso, S. E., Kartha, S. A., & Pingale, S. M. (2021). “Effect of land use/land cover 

changes on surface water availability in the Omo-Gibe basin, Ethiopia”. Hydrological 

Sciences Journal, Taylor and Francis, 66(13), 1936-1962 (Peer-Reviewed Journal) 

 

2. Chaemiso, S. E., Kartha, S. A. (2019). The Impact of Precipitation and Evaporation on 

Stream flow under the Response of Climate Change Using Hydrological and Climate 

Model. Case study in Upper Omo Gibe Basin, Ethiopia. 19th Symposium on 

Sustainable Water Resources Development (ISSWRD19), Arba Minch Water 

Technology Institute (AWTI). (Conference Paper presented) 

 

TH-2892_166104046


