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Summary  

Water is an essential component of agricultural productivity and is crucial for food security. It is 

also a vital component of the environment. Water security is becoming a global issue, but the issue 

is chronic in most developing countries, including sub-Saharan Africa. Therefore, sustainable 

water resource management is essential to achieve food and water security in Ethiopia. The Baro–

Akobo River basin, which is found in the southwest part of Ethiopia, has witnessed a substantial 

change in population, climate, and land use during the last four decades. The climate of the region 

is warming at an alarming rate, and it is expected that this tendency will persist in the coming 

century. On the other hand, the impacts of climate and land use change on the hydrology of this 

basin are not well understood. Understanding the impacts of climate and land use change on basin 

hydrology is critical for developing effective water management practices. Therefore, this study 

examined the individual and combined impacts of climate and land use changes on the basin 

hydrology. 

This study combines a statistical, geospatial, and hydrological model to investigate the hydrologic 

impacts of climate and land use change. First, seven raw and bias-corrected RCMs (RCA4 

(CNRM), RCA4 (ICHEC), RCA4 (MPI), CCLM4 (CNRM), CCLM4 (MPI), REMO (MPI)) and 

the ensemble mean were evaluated for model skill in reproducing the observed baseline climate 

for the period 1975–2005 at several weather stations in the basin. A pixel-to-point approach was 

used to compare RCMs against weather stations. Monthly distribution patterns and several 

statistical metrics were used for evaluating the performance of RCMs in capturing the historical 

observed climate of the basin. The Mann-Kendall test and Sen's slope estimate were used to 

examine the decreasing and increasing trend of the climatic variables, as well as to estimate the 

magnitudes of the significant decreasing and increasing trends. Furthermore, the ensemble mean 

and five bias corrected RCMs were used to examine climate and hydrological changes in the 

baseline and future 2021–2050 (2030s) and 2071-2100 (2080s) periods under the representative 

concentration pathway (RCP4.5 and RCP8.5) scenarios. On the other hand, the geospatial and 

synergistic techniques of cellular automata (CA) and artificial neural networks (ANN) were used 

to develop historical and future land use change scenarios. The maximum likelihood classifier 

(MLC) in the Earth Resource Data Analysis System (ERDAS) was used to conduct land use 

change classification for Landsat imagery from 1985, 2002, and 2019. Three land use maps with 

seven classes were identified, and then a change detection process was conducted. The classified 
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(1985–2002) and (2002–2019) land use maps, along with a transition matrix and spatial drivers, 

were put into the Module for Land-use Change Evaluation (MOLUSCE) model to predict land use 

maps for 2019 (current) and 2040 (a business-as-usual scenario) land use scenarios, respectively, 

using the CA-ANN multilayer perceptron methods (MLP). Besides, this study considered a further 

increase in altitudinal forest expansion and watershed management practices (conservation) in a 

land use scenario. Then the best-performing climate model (ensemble mean) under RCP4.5 and 

RCP8.5 for the 2023–2040 time frame and plausible land use scenarios considering the current, 

business as usual, and conservation was used as inputs to the calibrated models to examine the 

individual and combined impacts of climate and land use changes on the hydrology. 

Three independent climate datasets, including observed, Climate Hazards Group InfraRed 

Precipitation with Stations (CHIRPS), and Climate Forecast System Reanalysis (CFSR), were 

used to calibrate and validate the Soil and Water Assessment Tool (SWAT) model for the periods 

1990–1998 and 1999–2002, respectively. The Sequential Uncertainty Fitting 2 (SUfI2) method in 

the SWAT-CUP program was used for model calibration and sensitivity. The Nash–Sutcliffe 

Efficiency (NSE), Coefficient of Determination (R2), and Percent Bias (PBIAS) as well as two 

uncertainty measurements (r-factor and p-factor), were used to assess the model's performance. 

Then the calibrated model using the water balance equation was used to examine the individual 

and combined impacts of climate and land use change scenarios on the basin hydrology. The 

climate and land use change impacts on hydrology were analyzed on monthly, seasonal, and annual 

scales with respect to the baseline period. Statistical tests such as the t-test and Levene test were 

also used to determine the change in mean and standard deviation between the baseline and 

different climate and land use scenarios. Besides, the Indicators of Hydrologic Alterations (IHA) 

method was used to assess the hydrologic changes between the baseline conditions and future 

climate change scenarios. 

Results from the global climate models (GCMs) downscaled through the CCLM4, RCA4, and 

REMO modeling schemes are characterized by several biases, such as shifting the rainy season 

and under- and overestimation of the observed climate. However, the skill of the models was 

substantially enhanced after bias correction. All models best capture the annual cycle with less 

bias. Therefore, it was beneficial to account for such biases using a robust statistical bias correction 

method before utilizing RCM simulations to generate climatic scenarios and climate impact 

scenarios. Results from future bias-corrected RCMs show a consistent increase in monthly Tmax 
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and Tmin under RCP4.5 and RCP8.5 in the 2030s and 2080s relative to the baseline climate, while 

rainfall does not show consistency. The future climate change projections from the ensemble mean 

show an increase in the R20mm, CDD, R95p, RX1, and RX5 indices, but the R10 indices show a 

decreasing value under both RCPs. 

Observed climate and CHIRPS rainfall combined with the CFSR dataset yielded reasonable and 

comparable streamflow simulation performance in terms of statistical metrics at both Baro and 

Sore hydrological stations. All climate impact scenarios from the ensemble mean demonstrated a 

decline in surface runoff and water yield and an increase in evapotranspiration. Except for the 

extreme flow segment (i.e., 0–3% exceedance probability), the projection for simulation under 

climate change scenarios shows a decrease in flow. The increase in temperature and the decrease 

in rainfall is attributed to a relatively higher impact than the combined and land-use change-alone 

scenarios. This will have an impact on future agricultural production and water availability. 

Moreover, the projected increase in rainfall extremes, the expansion of agricultural land, and 

urbanization all lead to increased surface runoff and flooding. Therefore, to implement adaptation 

and mitigation strategies, the inclusion of predicted climate and land use change in hydrological 

impact studies is useful. 
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1. Introduction  

1.1. Background and justification  

Climate and land use changes are the two well-understood key driving forces impacting 

hydrological processes (IPCC, 2019; UNEP, 2012). Such changes have an impact on 

evapotranspiration, surface runoff, groundwater flow, and streamflow, among other hydrological 

processes (Kim et al., 2013; Yang et al., 2017). Because of the acceleration of global warming and 

the rising conversion of virgin forest lands to agricultural use, the impact of climate and land use 

change is expected to worsen in the future (Jung et al., 2011; UNEP, 2012). Therefore, 

understanding the impacts of future climate and land use changes on the hydrology of the basins 

requires more attention. 

One of the three well-documented worldwide changes is the amount of carbon dioxide (CO2) in 

the atmosphere (IGBP, 2001; UNEP, 2012). The principal cause of these global changes is the 

expansion of human activity. The amount of CO2 in the atmosphere is increasing. It was 280 ppm 

(parts per million) in 1750, 365 ppm in 1998, 391 ppm in 2011, and 419 ppm in 2022, and it is 

anticipated to be considerably above 500 ppm by the year 2100 (IPCC, 2013; NOAA, 2022). 

Global emissions of greenhouse gases increased as a result of these changes, which also affected 

the entire human population and the planet's ecosystem. 

There is unequivocal evidence to support the claim that the globe is warming at an unprecedented 

rate. Findings from the IPCC (2021) show that the mean temperature of the Earth’s surface 

between 2011 and 2020 was 1.1ºC warmer than the pre-industrial period (1880–1900). Global 

temperatures are projected to rise by 2–4°C by 2100 if greenhouse gas emissions can’t be mitigated 

in the future. Additionally, changes in the spatial and temporal pattern of rainfall, an increase in 

rainfall and temperature extremes, and a rise of 19 to 21 cm in the global sea level were noted 

(IPCC, 2019). The fact that climate change differs in different parts of the world is another issue. 

For instance, over the 20th century, rainfall in the majority of mid-high latitudes of the Northern 

Hemisphere and the tropical regions of the planet, respectively, increased by 0.5–1% and 

decreased by 0.2-0.3% every decade (IPCC, 2013). From 1983 to 2010, there was a similar 

increase in yearly rainfall in the Sahel and Southern Africa regions but a drop in rainfall in East 

Africa (Maidment et al., 2015). The impacts of climate change are huge, including altering global 
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energy patterns, ecosystems, and the global economy. This highlights the need to employ climate 

model simulations to examine change at different regional and local scales. 

Climate models are essential tools for researching how the climate system responds to changes in 

the atmosphere's composition brought on by the concentration of greenhouse gases (IPCC, 2013). 

In water resource impact assessment, there are numerous global climate model (GCM) outputs 

available, each with a different spatial and temporal resolution. But GCM outputs don't offer a 

complete picture of the variables at the scale that hydrological models need (Kay et al., 2009). As 

a result, it has become common practice to downscale large-scale variables to watershed scale 

variables, as required by hydrological models (Abdo et al., 2009; Fowler et al., 2007; Sharma et 

al., 2007). The two approaches that are currently known for downscaling the climate variables 

from GCMs are statistical and dynamic (Fowler & Kilsby, 2007; Salathé, 2003). The statistical 

downscaling process entails establishing quantitative relationships between large-scale regional 

atmospheric variables and local-scale atmospheric variables. While, RCMs, which were produced 

using the same representations of atmospheric dynamical and physical processes as GCMs, are 

used in the dynamical downscaling technique. RCMs offer a better representation of orographic 

effects, land-sea surface contrast, and land-surface characteristics due to their larger spatial domain 

(10–50km) (Christensen et al., 2007; Zhang et al., 2019). However, due to inaccurate 

conceptualization, discretization, and spatial averaging within grid cells, the RCMs are 

computationally costly and prone to systemic model errors (Teutschbein & Seibert, 2012). As a 

result, it is advised that bias correction should be applied to the RCM outputs before carrying out 

climate change and hydrologic impact assessments (Teutschbein & Seibert, 2010; Wood et al., 

2004; Worku et al., 2021). 

Changes in evaporation, soil water, and runoff are caused by climate change, which also has an 

impact on the hydrological cycle, which further influences the availability of freshwater resources 

(Bates et al., 2008). Many geographical regions around the world saw an upsurge in surface runoff 

and flood events, particularly since the 1950s (IPCC, 2019). For many more years to come, climate 

change will have a substantial impact on both the natural ecosystem and humanity. For instance, 

according to various emission scenarios, it is expected that between 12 and 81 million people will 

experience water stress in the 2020s and between 79 and 178 million in the 2050s (Arnell, 2004). 

By the end of the 21st century, regional and worldwide projections indicate that a decrease in soil 

moisture could lead to an increase in agricultural drought (IPCC, 2014). These hydrologic changes 

https://www.sciencedirect.com/science/article/pii/S2095633920300198#bib64
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brought on by climate change have an impact on every area of human well-being, including water 

availability and agricultural output.  

Land use change is another of the most documented global changes, causing numerous impacts on 

the environment (IGBP, 2001; UNEP, 2012; Zheng et al., 2016). Environmentalists have shown 

considerable interest in information about land use change due to its effects on the environment at 

large (Meiyappan & Jain, 2012; Subedi et al., 2013). The unprecedented increase of cultivated 

land and urban areas at the expense of natural ecosystems such as forests and grasslands is the 

dominant land use change. (Bal et al., 2021; Lambin & Meyfroidt, 2011). Land use changes are 

vastly prevalent in developing countries that are characterized by agriculture-based economies and 

rapidly increasing human populations. For instance, Sub-Saharan Africa has lost 5% of its 

grasslands and 16% of its forests over the past 25 years (Midekisa et al., 2017). In Ethiopia, land 

use changes from natural vegetation to farmland and urban areas are common (Desalegn et al., 

2014; Woldesenbet et al., 2017; Wubie et al., 2016; Zeleke & Hurni, 2001).  

These land-use changes have significant effects on how the Earth's climate will change in the 

future, which in turn has significant effects on future land-use changes. Thus, the International 

Geosphere-Biosphere Programme (IGBP) and the International Human Dimensions Programme 

on Global Environmental Change (IHDP) jointly proposed the land use change research program 

in 1995, making it the forefront and hot spot of global change research to reveal the interaction 

between the global environment for human survival as well as the evolving production systems 

(agriculture, and urbanization) (Vitousek, 1994). Remote sensing (RS) and geographic information 

systems (GIS) are used in the larger context of land use science due to the rapid advancement of 

satellite-based technologies (Anh et al., 2021; Mannan et al., 2019). Up until 2005, researchers in 

land use science were confined to figuring out historical and current trends in land use changes 

(Aspinall, 2004). However, in recent times, scientists have attempted to forecast future land use 

change because of improvements in data sources and sophisticated technologies (Ahmed & 

Ahmed, 2012; Guo et al., 2019). Daye & Healey (2015) show that modeling land use change in 

this aspect is becoming more vital as there will be time to address expected changes at various 

spatial and temporal scales. Researchers mostly use numerous models that have been proposed by 

researchers to analyze and project the land use change mechanism, along with GIS and RS 

methods. The most widespread methods are models based on equations (Shamsi, 2010), statistics 

(Hyandye, 2015), Markov chains (Han et al., 2015), and cellular models (Cao et al., 2019; Li & 
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Li, 2015). Among these models, cellular automata (CA) combined with an artificial neural network 

(ANN) were used in this study. Changes in land use can affect processes occurring on the earth's 

surface, including hydrology, soil erosion, and the exchange of water and energy with the 

atmosphere (Ban et al., 2015).  

There is rising concern that the sustainability of freshwater resources is challenged in many regions 

of the world since climate and land-use changes are predicted to continue throughout the twenty-

first century (Jung et al., 2011; McMartney & Girma, 2012). As a result, several studies understand 

the individual effect of either climate or land use change on hydrology (e.g., Koch et al., 2012; 

Taye et al., 2018; Teferi et al., 2103; Woldesenbet et al., 2017; Worku et al., 2021; Zhang et al., 

2019). However, it is important to appreciate the combined impact of these factors. There are 

limited studies that understand the combined impact of climate and land change (Kim et al., 2013; 

Yin et al., 2017). An increasing number of basin-scale hydrological modeling studies incorporate 

how climate and land use change impact basin hydrology. Because climate and land use changes 

may either mitigate or aggravate each other at various spatial and temporal scales, this area of 

research is crucial for managing water resources (Praskievicz & Chang, 2009).  

In hydrological impact studies of climate and land use change, the common approaches used are 

the paired catchment approach, statistical analysis, and hydrological modeling (Li et al., 2012). 

Among these approaches, hydrological modeling is an appealing alternative because it is most 

suitable to be used as a part of scenario studies. To this end, hydrological modeling, such as SWAT, 

is a valuable scientific tool for investigating hydrological responses to various climate and land 

use change scenarios (Kiprotich et al., 2021; Seibert & Vis, 2012). In addition, the IHA method, 

which is based on the Range of Variability Approach (RVA), was used to evaluate the streamflow 

parameters under different climate change scenarios (Pradhanang et al., 2013). 

1.2 Statement of the problem 

The Nile River's water resources have been under immense pressure due to different competitive 

uses such as socio-economics, geopolitics, and legislative conditions. Moreover, previous research 

shows that several parts of the Nile basin are sensitive to climatic variations (Conway, 2005; 

Beyene et al., 2010), indicating that climate change will have a substantial effect on water 

resources. The Baro–Akobo River basin, one of the sub-basins of the Eastern Nile, has been highly 

impacted by different environmental changes. For example, climate and land use changes have 

https://link.springer.com/article/10.1007/s13201-021-01547-6#ref-CR24
https://link.springer.com/article/10.1007/s13201-021-01547-6#ref-CR70
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been observed in this basin over the last four decades (Alemayehu et al., 2016; Mengistu et al., 

2021a). Further, climate extremes trigger frequent and severe floods, landslides, soil erosion, soil 

fertility decline, and ultimately a decline in crop productivity in large areas of the study basin 

(World Bank, 2006; Yang et al., 2013). These climate, hydrology, and natural resources-related 

repercussions trigger multifarious effects on the rain-fed agriculture-based economy of the 

inhabitants, which is strongly dependent on rainfall. Unfortunately, the effect of climate change 

on water could be further worsened due to a lack of a strong water resource database, a lack of 

adequate meteorological stations, insufficient water resource planning, and a lack of hydraulic 

structures to retain water (World Bank, 2006). Consequently, an alternative climate data source 

for hydrological applications, a projection of the climatic scenarios, and an assessment of how the 

hydrology changes relative to the baseline condition could help identify suitable mitigation and 

adaptation strategies for the future in the basin. 

At the same time, the rapid urbanization of the basin’s population over the past four decades has 

caused land use changes in the basin. The conversion of forest and rangeland into cultivated land, 

the excessive use of wood and plants as fuel sources, resettlement, and investment in commercial 

agriculture was evident in the study basin. Commercial agricultural developments, introducing 

new varieties of seeds, have expanded rapidly in forested areas of the basin, particularly in the last 

four decades. Large areas of forestland have been set aside for investment in tea, coffee, soapberry, 

rubber tree, black pepper, mango, and cereal crop production in large areas of the basin 

(Alemayehu et al., 2016; Engida et al., 2021; Mekuria et al., 2011; Wakjira & Gole, 2016). The 

presence of numerous irrigation and hydropower development projects, which are under planning 

and implementation (e.g., Tams, Birbir A and Birbir R, Baro-1 and Baro-2, Geba-A, and Geba-R) 

(Alemayehu et al., 2016; Sileet et al., 2013), may lead to further deforestation and pose a threat to 

the environment. On the other hand, the effectiveness of watershed management practices such as 

filter strips, terracing, and contouring was not investigated in the basin. Thus, studies that examine 

the changes in hydrological components as a response to various land use change scenarios are 

important for sustainable land use planning and water resource management. 

Therefore, assessing the availability of water resources in the basin in a changing climate and land 

use is a prerequisite to implementing evidence-based water and land management options. 

Previous studies have separately examined the impact of climate change (Abdo et al., 2009; 

Beyene et al., 2010; Elshamy et al., 2009; Gebremedhin et al., 2017; Muleta, 2021) or land use 
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change (Alemayehu et al., 2016; Engida et al., 2021) on the hydrology of the basin. However, the 

combined impact of climate and land-use change scenarios on the hydrology of the basin is not 

well understood. The aforementioned climate change studies in the basin most often used the 

coarse spatial resolution of GCMs or not used the bias correction approach (e.g., Mengistu & 

Sorteberg, 2012) to examine the impacts of climate change on the hydrology of the basin. 

However, the GCM model may not well represent the climate variables of the study basin, and it 

has implications for hydrology because of its coarse resolution (Fowler & Kilsby, 2007; Sharma 

et al., 2007). 

Most of the studies undertaken in Ethiopia in general and the study basin in particular that 

investigated the impact of climate change on basin hydrology have considered that land use 

remains static (e.g., Beyene et al., 2010; Mengistu & Sorteberg, 2012). In contrast, studies that 

investigated the impact of land-use change considered climate as static (e.g., Alemayehu et al., 

2016; Engida et al., 2021). Nevertheless, it is important to note that there is a feedback between 

climate and land use change, which subsequently affects rainfall, climatology, and hydrology. 

Therefore as climate and land use in the future will change continuously due to accelerated 

population growth, economic development, and global warming (McCartney & Girma, 2012), it 

is important to assess the future impacts of these environmental changes on the hydrology of the 

basin using the SWAT model and IHA tools that are not well understood by the previous studies. 

This study is distinguished from previous ones by using high-resolution RCMs and plausible land 

use scenarios to examine the impacts on hydrology. The climate scenarios were obtained from 

multiple bias-corrected RCMs and the ensemble mean to develop robust climate change scenarios. 

The land use scenarios were generated from a model that takes into account the historical trend 

and spatial factors as well as the effort of watershed management scenarios. This study evaluated 

the individual and combined climate and land use modeling results to evaluate their impacts on 

the hydrology of the basin.  

 1.3 Research question 

 How well does the regional climate model perform in reproducing the basin climate? 

 How well are the different statistical bias correction approaches in adjusting the daily rainfall 

and temperature simulations of RCM? 

 Is there any significant trend observed in rainfall and temperatures in the study basin? 
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 How good are the gridded climate products at calibrating the hydrological models? 

 How may the streamflow be impacted in future periods under different climate scenarios? 

 What are the individual and combined impacts of climate and land use change on the Baro 

basin water balance? Which of these impacts has the greatest impact on water availability in 

the basin? 

1.4 Objectives of the study 

The general objective of this study was to investigate the individual and combined impacts of 

climate and land use change on the hydrological processes of the Baro–Akobo River basin 

The specific objectives were to: 

 Examining the raw and bias adjusted RCMs, as well as the ensemble mean in reproducing 

the Baro–Akobo basin historical climate 

 Comparing the observed and gridded climate products in simulating the hydrology of the 

Baro and Sore River stations using the SWAT model 

 Assessment of future climate change projections based on various RCMs and the ensemble 

mean for the representative concentration pathways (RCP4.5 and RCP8.5) 

 Examining the impacts of climate change on the streamflow under the representative 

concentration pathways (RCP4.5 and RCP8.5). 

 Examining the impact of land use change on the water balance of the Baro basin under 

different land use change scenarios 

 Evaluations of the combined impacts of climate and land use changes on the water balance 

of the Baro basin 

1.5 Significance of the study  

This study integrates different climate and land use change scenarios. A comprehensive 

quantification and assessment of future hydrology due to the impacts of both climate and land 

change in the basin are required for several important reasons: First, this study develops a robust 

baseline and future climate, land use, and impact scenarios for the basin. Such scenarios encourage 

the development of sustainable water and land resource management strategies that can provide 

optimal benefits for climate mitigation and adaptation. This study is also crucial to resisting the 

effects of both drought and flooding under current and future climatic conditions. Looking at 

alternative climate products like gridded satellite climate estimates in such remotely located and 
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poorly gauged regions is also very important, and it provides an alternative climate data set for 

hydrological modeling and applications. In general, this study provides useful information for 

water and land resource management decisions that can maximize water storage as well as water 

yield under different climate and land use conditions. This research can also serve as a foundation 

for reviewing current land and water management policies and programs in light of climate and 

land use change. 

1.6 Study scope and limitations 

Several socio-economic and environmental problems in the basin can be active areas of research. 

However, the scope of this study is limited to the hydrologic impact of climate and land use change 

as an environmental problem. 

The impact of climate and land use change studies on hydrology tends to contain a range of 

limitations. It is important to acknowledge that the performance evaluation results may be limited 

by the spatial scale mismatch among the RCMs/gridded climate products and weather stations, the 

number and distribution of weather stations, and the position of weather stations within the pixel 

of the RCMs/gridded climate products. The lack of good quality data causes a lower level of 

performance by a hydrological model during the calibration and validation processes, as well as 

the comparison of the baseline conditions with the simulation of climate impact scenarios. The 

impact of future climate change was assessed in meteorological terms of rainfall and temperature, 

while other climate variables, such as relative humidity, solar radiation, and wind speed, were 

assumed to remain the same in the future. The climate variables used in this study are the results 

of the Coordinated Regional Climate Downscaling Experiment Program (CORDEX) Africa RCM 

simulations under different RCPs with a spatial resolution of 50 x 50 km, which is a little bit coarse.  

The spatial data used, such as soil, are assumed to remain the same in the future. However, in the 

real world, soil properties will change when land use is changed. The land use change scenarios 

could be influenced by the factors influencing land use changes (e.g., land use policy, economic 

development, and the natural environment). For example, the business-as-usual land use scenario 

is generated based on the assumption of future development in line with historical trends. It will 

most likely be the trend of land use change in the study basin. Nevertheless, the change would not 

always be linear because future trends are uncertain due to uncertainties in future population 

growth, economic policy, and government policy. 
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A hydrologic model SWAT is a semi-distributed parameter. To obtain the ‘‘best fit" for observed 

and simulated data, the model parameters considered in this study are adjusted using literature and 

default values without being confirmed by field measurements during calibration. Furthermore, 

the model parameters after calibration are kept for modeling future conditions without adjustment 

under future scenarios. Nevertheless, future climate and land use changes might change the 

parameters. 

Despite the limitations, this study makes every effort (e.g., looking for the best available data, bias 

correction, accuracy assessment, model calibration, and validation, using the most plausible 

climate and land use scenarios, etc.) to reduce the uncertainty in the model estimate and attempt 

to understand the possible impact of climate and land use change on the water resource availability 

in the study area. Considering the limitations of this study, the results are only valid under the 

presently used climate and land use scenarios. Nevertheless, the results and methodology used in 

this study still have implications for water management and land use planning in the future for the 

study area and other areas facing similar problems from climate and land use change. 

1.7 Dissertation organization 

This dissertation is organized into eight chapters. 

Chapter 1 presents a general overview, a statement of the problem, objectives, significance, and 

scope and limitations of the dissertation. 

Chapter 2 is a comprehensive literature review covering the science of climate and land use change 

and the role of hydrological modeling for climate and land use change impact studies. 

Chapter 3 presents the general procedure of the study, and a description of the study area in terms 

of location, climatology, land use and soil, natural resources, data collection, and methods. Data 

quality control and missing data estimation were also carried out.  

Chapter 4 presents the long-term baseline climate comparison with the historical climate models. 

This chapter includes an evaluation of the performance of statistical bias correction methods in 

adjusting the rainfall and temperature simulation climate models and a comparison of the RCMs' 

skills using several statistical metrics. 

Chapter 5 presents the evaluation of different gridded satellite products’ skills in capturing the 

historical rainfall and temperature and their applicability for hydrological modeling at the Baro 

and Sore watersheds in the Baro–Akobo River basin. 
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Chapter 6 deals with the evaluation of near-term and long-term future climate change scenarios 

using RCMs and their ensemble simulations adjusted through a robust statistical bias correction 

method. A hydrological model combined with indicators of hydrological alteration was performed 

using the multi-model ensemble mean of climate models to examine the future hydrological 

condition.  

Chapter 7 presents the historical climate model performance and land use change and then 

develops future climate and land use scenarios to investigate the individual and their combined 

impacts on the hydrology of the basin 

Chapter 8 presents the synthesis, summary, and conclusions of all the results. Additionally, some 

recommendations for future research are given. 
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2. Literature review  

2.1 Climate change  

Climate change is defined as a change in the state of the climate that can be detected by variations 

in the mean and/or variability of its attributes and that lasts for a considerable amount of time, 

usually decades or longer. Most African countries have also seen a strong warming trend in global 

climate change during the past few decades, and the trend is anticipated to continue in the future 

(IPCC, 2013). The IPCC report states that developing countries will be more susceptible to climate 

change (IPCC, 2007). Ethiopia is especially vulnerable to the effects of climate change due to its 

less adaptable economic structure and heavy reliance on agriculture. Between 1948 and 2006, 

upward trends in annual air temperature and downward trends in annual rainfall were observed 

over Ethiopia (Jury & Funk, 2013); however, findings show that Ethiopia will continue to warm 

by 0.7°C to 2.3°C by the 2020s and between 1.4°C and 2.9°C by the 2050s (World Bank, 2006). 

The variations in both the temperature and the amount of precipitation show striking geographic 

variety (Laprise et al., 2013). Significant hydrological effects could result from the combination 

of rising temperatures and changing rainfall patterns and intensities, which could speed up the 

hydrological cycle and increase the frequency of hydrological extremes (Taye et al., 2011). 

2.2 Climate modeling and downscaling  

The atmosphere-land-ocean system is closely tied to the warming of the climate system and 

changes in its state variables. The study of climate modeling combines these intricate systems with 

GCMs to simulate and predict future climate change over decades and centuries. GCMs are the 

primary source of data for projecting likely future climate change. These GCM-derived climate 

change scenarios are the first step in this process. The majority of GCMs depict the global climate 

using a 3-dimensional grid over the globe, often with a horizontal resolution of between 250 and 

600 km, 10 to 20 vertical layers in the atmosphere, and up to 30 layers in the ocean. GCMs' spatial 

resolution is too low to resolve effects at the regional scale. Downscaling is therefore necessary 

(Bates et al., 2008; Gautam & Arora, 2015). 

The primary downscaling methods used to create regional and local-scale climate data from GCMs 

are statistical and dynamic downscaling (Murphy, 1999; Wilby et al., 2000). There is evidence 

showing the superiority of dynamical downscaling over statistical downscaling methods for 

simulating rainfall in places with varying topography (Schmidli et al., 2007). The dynamical 
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downscaling approach is reliant on GCM boundary forcing, which is the same as statistical 

downscaling. Dynamic downscaling, however, does not rely on a stable link between predictor 

and predictand and is more effective at modeling physically consistent atmospheric processes on 

a smaller scale (Fowler & Kilsby, 2007). Dynamic downscaling is similar to GCMs in that it uses 

mathematical representations of the physical processes that form the climate system, but it has a 

better geographical resolution and can account for the influence of mountains, coastlines, and local 

climate drivers (Schmidli et al., 2007). 

There are important regional and global climate modeling centers that use the dynamical 

downscaling strategy to construct large ensembles of RCM simulations by layering RCMs onto 

the third and fifth phases of Climate Model Intercomparison Project GCMs (CMIP3 and CMIP5) 

(Christensen et al., 2007; Kim et al., 2014). For instance, the CORDEX, run under the auspices of 

the World Climate Research Program (WCRP), is an international program to make downscaled 

climate datasets available, combine model evaluation frameworks, and use climate model data for 

climate change impact studies (Giorgi et al., 2009). The results of CORDEX were assessed and 

used to research the effects of climate change in various parts of Africa, and they demonstrated 

reasonable performance (Endris et al., 2013; Haile & Rientjes, 2015; Nikulin et al., 2012; Worku 

et al., 2020b). However, it was found that the skill of the RCM differs depending on the skill 

measures used for assessment. These are because of the variation in initial boundary conditions, 

local forcing, the parameters considered, and parameterization of key variables, RCMs have 

different skills in predicting the climate of a specific region. Thus, it is crucial to identify RCMs 

that can simulate the historical climate of the study region. In addition, the output of downscaled 

RCMs shows consistent biases (Elshamy et al., 2009; Gudmundsson et al., 2012; Worku et al., 

2020b). As a result, climate information from climate model simulations without bias corrections 

is less accurate, especially when it comes to the production of extreme climate events. For example, 

runoff simulation using RCMs is less trustworthy than runoff simulation using bias-corrected 

climatic data (Fang et al., 2015; Fiseha et al., 2014; Worku et al., 2021). Therefore, bias-adjusted 

RCM simulations must be used before assessing the impact of climate change. 

2.3 Climate change scenarios 

The climate scenario is a plausible indication of what the future could be like over the coming 

decades or centuries, providing a specific assumption. These assumptions include future trends in 
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energy demand, emissions of greenhouse gases, and land use change, as well as assumptions about 

the behavior of the climate system over long time scales. It is largely the uncertainty surrounding 

this assumption that determines the range of possible scenarios (Kay et al., 2009). In addition to 

the no-climate-policy scenarios like the Special Report on Emission Scenarios (SRES), there has 

recently been an increase in interest among the scientific community in scenarios that specifically 

study the impact of various climate policies (Moss et al., 2010). These SRES developed future 

evolutions of atmospheric greenhouse gas emission scenarios based on the future evolution of 

socioeconomic changes and assumed that no climate policies would be implemented to mitigate 

climate change, so these emission scenarios do not account for interventions or the impact of policy 

changes on interventions (van Ruijven et al., 2014).  

The need for new scenarios prompted the IPCC to request the scientific community to develop a 

new set of scenarios for the assessment of future climate change. The fifth IPCC report presents a 

new approach to emission scenarios called RCPs. Therefore, a set of new scenarios is constructed 

containing emission, concentration, and land-use trajectories referred to as RCPs. In its name, the 

word "representative" signifies that each of the RCPs represents a larger set of scenarios in the 

literature. This implies that this set of RCPs should be compatible with the full range of emission 

scenarios (with and without climate policy) available in the current scientific literature. The word 

"concentration pathway" emphasizes that these RCPs are not the final new, fully integrated 

scenarios (i.e., they are not a complete package of socio-economic, emission, and climate 

projections), but instead are internally consistent sets of projections of the components of radiative 

forcing that are used as input to climate models. The word "concentration" also emphasizes that 

instead of emissions, concentrations are used as the primary product of the RCPs, designed as input 

to climate models (IPCC, 2013; van Ruijven et al., 2014). Four RCPs scenarios (Moss et al., 2010) 

named according to the radiative forcing target level for 2100 are used (Table 2.1). 

 The RCPs were developed through an innovative collaboration between integrated assessment 

modelers, climate modelers, terrestrial ecosystem modelers, and emission inventory experts (van 

Ruijven et al., 2014). The dynamically downscaled regional climate multi-model outputs of 

CORDEX-Africa emphasize the RCP4.5 and RCP8.5 scenarios. The RCP8.5 scenario gives 

projections that correspond to the business-as-usual development pathways, and the RCP4.5 

scenario represents the middle situation. The fifth assessment report of the ICCP provided global 
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and regional climate projections for the new RCP scenarios under CMPI5. Few validation studies 

indicated good agreement with observations (e.g., Chaturvedi et al., 2012).  

Table 2. 1 Overview of the representative concentration pathways (RCPs). 

S.No Scenarios  Description  

1 RCP8.5 Rising radiative forcing pathways leading to 8.5 W/m2 (~ 1,370 parts per 

million [ppm] carbon dioxide [CO2]) by 2100. It is one very high reference 

emission scenario 

2 RCP6  RCP6 Stabilization without overshoot pathway to 6 W/m2 (~850 ppm CO2) 

at stabilization after 2100 

3 RCP4.5  RCP4.5 Stabilization without overshoot pathway to 4.5 W/m2 (~650 ppm 

CO2) at stabilization after 2100. It is a medium stabilizing scenario 

4 RCP2.6 The peak in radiative forcing at ~3 W/m2 (~490 ppm CO2) before 2100 and 

then declines to 2.6 W/m2 by 2100 

 

2.4 Bias correction of climate model simulations 

The process of bias correction involves modifying model variables to more accurately match the 

observed distribution and statistics (Teutschbein & Seibert, 2012). Additionally, bias correction 

involves rescaling and post-processing the results of climate models to lessen the impact of 

systematic errors in the models (Piani et al., 2010). Even though they are based on physical 

principles, the information generated by global climate models also comprises numerical 

approximations, which may lead in some cases to biases resulting in deviations of the simulated 

climate from the observed one (Fang et al., 2015; IPCC, 2015; Teutschbein & Seibert, 2012). It is 

nowadays widely recognized that climate model results cannot be used directly as inputs to other 

more specialized impact models and that an adjustment (bias correction) towards the observed 

climatology is necessary. A bias correction is therefore applied to compensate for any tendency to 

overestimate or underestimate the mean of downscaled variables. Several bias correction methods, 

such as local intensity scaling, power transformation, variance scaling, linear scaling, and 

distribution mapping of precipitation and temperature, exist for RCM projections, and detailed 

information on different bias correction methods is provided (Teutschbein & Seibert, 2012). 
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There are typically biases in the RCM statistics of key hydro-meteorological variables, such as 

precipitation and temperature. Many of these biases originate from either the driving GCM model 

or the RCM used for downscaling. Since hydrological models are very sensitive to anomalies in 

rainfall amounts, direct use of RCM outputs in impact studies is therefore usually not appropriate, 

and the hydrological important variables of precipitation and temperature need to be adjusted 

before use in impact studies (Fang et al., 2015). In addition to reducing uncertainty in climate 

scenarios, bias correction in RCM simulations improves the reliability of findings in scenarios 

involving the effects of climate change. For instance, runoff simulations using bias-corrected 

RCMs are more accurate than those using non-biased RCM simulations (Fang et al., 2015; 

Teutschbein & Seibert, 2012). 

2.5 Land use change and modeling  

According to FAO, land use refers to the intended use or management of the land cover type by 

human beings, such as agriculture, forestry, and building construction. A regionally pervasive and 

internationally relevant ecological trend is land-use change. According to Vitousek (1994), three 

of the well-documented worldwide changes are rising carbon dioxide concentrations in the 

atmosphere; changes in the global nitrogen cycle's biochemistry; and ongoing land-use and land-

cover changes. Between 1990 and 2010, 75 million hectares of forest in Africa were converted to 

agriculture and grazing, the second-highest rate behind South America (FAO, 2010). Over the 

same 20-year period, over 13 million hectares of the original East African forest were gone, and 

the surviving forest is fragmented and always in danger. More than other influences, population 

increase has been the primary driver of change in land use and land cover in the majority of 

emerging countries. In the majority of African, Asian, and Latin American nations, there is a 

statistically significant association between population growth and changes in land cover (FAO, 

2010).  

Land use change is mainly caused by high population growth, and it is most common in developing 

countries like Ethiopia (Andualem et al., 2018; Maitima et al., 2009; Tegene, 2002; Zeleke & 

Hurni, 2001). In various parts of Ethiopia, land use changes were studied from a small scale to a 

large scale (Mekuria et al., 2011; Teferi et al., 2013; Toma et al., 2022; Zeleke & Hurni, 2001). 

All of these studies demonstrate that natural vegetation, such as forests, grazing lands, and 

shrublands, has suffered as agricultural land has increased. Agriculture has increasingly moved 
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from gently sloping terrain into the steeper slopes of the nearby mountains in several areas of 

Ethiopia's highlands (Toma et al., 2022). In contrast, Bewket & Sterk (2005) note that recent years 

have seen an increase in woodland areas as a result of afforestation initiatives in the Blue Nile 

basin. In addition, Teferi et al. (2013), showed that the change in natural vegetation to grassland 

was dominant, followed by grassland to agricultural land in the Jedeb watershed, Ethiopia. 

These land-use changes have significant effects on how the Earth's climate will change in the 

future, which in turn has significant effects on future land-use changes. One of the most active 

areas of research internationally in recent years has been global change research. An 

unprecedented rate and scale of environmental change are being caused by human activity. Land 

use change is one of the many aspects of global environmental change that is claimed to be 

intimately correlated with both natural and human processes. Thus, the IGBP and IHDP on global 

environmental change jointly proposed the land use change research program in 1995, making it 

the forefront and hot spot of global change research to reveal the interaction between the global 

environment for human survival as well as the evolving production systems (agriculture, 

industrialization) (Turner et al, 1995; Vitousek, 1994). 

Land-use change models are used by several researchers and experts to investigate the dynamics 

and causes of land use change and to provide information for policies affecting such change. The 

RS and GIS technologies are utilized for detecting the change, giving basic data for the model, and 

then predicting the future land use map (Bal et al., 2021; Kumar et al., 2014; Siddiqui et al., 2017; 

Sinha et al., 2015). Some of the commonly used models for the projection and simulation of future 

land use change include Markov Chain Analysis (MCA) (Jafarpour et al., 2022), CA-Markov 

(Subedi et al., 2013), ANN (Pereira et al., 2019; Rahman et al., 2020), CA-ANN (Islam et al., 

2018), and Binary Logistic Regression (Siddiqui et al., 2017). Among these models, CA combined 

with ANN was used in this study. CA is a common approach to simulating land use maps and can 

efficiently represent nonlinear, spatially stochastic land-use change processes (Abbas et al., 2021; 

Almeida et al., 2008).  

The fundamental characteristics of CA include: a regular discrete lattice of cells, the evolution of 

each cell takes place in discrete time points, each cell being in one of a finite set of exhaustive 

states (no other states are possible), and exclusive (a cell cannot be in more than one state at any 

one time),  the future state of the cells is determined by the current states of the cell itself and the 
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cells in the neighborhood following transition rules (these rules are identical for all cells in the 

lattice), the neighborhood relation influences the studied cell. Because of these characteristics, CA 

can simulate complicated systems (Couclelis, 1985). For example, it simulates several land use 

types and takes into account spatial interaction, this paradigm has been widely applied in land use 

change modeling (Abbas et al., 2021; Khawaldah et al., 2020; Ramdani et al., 2021; Siddiqui et 

al., 2017). It is an effective method for comprehending land-use dynamics and systems (Wu, 2002), 

especially when combined with additional tools like ANNs (Li & Yeh, 2002). The CA-ANN 

analyzes hypothetical situations, making it valuable for planning and the assessment of land-use 

change simulations (Pahlavani et al., 2017).  

One of the most crucial elements of a CA model that must be well defined to give appropriate 

simulation in the context of a CA-based land use model is the transition rule (Couclelis, 1985). To 

project land usage, a range of techniques were used in the literature, including standard logistic 

regression (Siddiqui et al., 2017), a combination of linear and geometric formulations (Lau and 

Kam, 2005), and rule-based models (Betel and Flocchini, 2011). New artificial intelligence 

techniques have recently been used to simulate changes in land use (Szuster et al., 2011). Artificial 

neural networks (ANN) (Rahman et al., 2020) and support vector machine (SVM) are the two 

techniques that have recently been used (Yang et al., 2008). They both showed competitive 

performance (Szuster et al. 2011). In the present study, the ANN methods were used. ANNs are 

self-learning computer models that are employed in a variety of fields for pattern recognition. The 

ANN algorithm can be linked to suitability maps and assumes a relationship between historical 

and future land-use change. The model "trains" itself on a dataset and the corresponding land-use 

maps of different years, enabling it to identify and reproduce the pattern of land-use classes (Li & 

Yeh, 2002). In general, in the ANN-CA model, the CA provides the spatiotemporal framework for 

land use change simulations, and ANN is applied to discover the local transition rules of the CA 

in the input layer of ANN. Neurons are a set of cellular attributes, which are social, economic, and 

physical factors. It was assumed that these attributes determined the land use change probabilities. 

A neuron in the output layer of ANN corresponds to a land use class. The value of a neuron in the 

output layer represented the transition probability from the existing class to the corresponding land 

use class. In general, because of improvements in processing performance and the greater 

accessibility of powerful and flexible software over the past few years, the usage of ANNs in land-

use modeling has significantly grown (Abbas et al., 2021; Liping et al., 2018). 
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In general, when ANNs were integrated into CA models, their predictive skills can be improved 

(De Almeida and Gleriani 2005; Li and Yeh 2001; Pijanowski et al. 2002). The widely applied 

CA-ANN model is modified in three aspects, namely, the multiple land use maps can be input and 

predicted, a threshold parameter is introduced to make the model controllable and the Monte Carlo 

method is introduced to determine the final state of the cell. One of the most widely used neural 

network models is the backpropagation (BP) neural network method, which is a multi-layer 

feedforward network trained using the error BP technique (Bishop, 1995). It is used to generate 

the model's transition rule (Li & Yeh, 2002). Figure 2.1 depicts the framework of the proposed 

model for business-as-usual scenario development. 

 

Figure 2. 1 Framework of a dynamic cellular automaton model based on neural networks (Li & 

Yeh, 2002). 

2.7 Climate change impacts on hydrology 

Numerous hydrological modeling techniques have been extensively employed in assessing climate 

change. For instance, the HSAMI lumped rainfall-runoff model demonstrated greater winter 
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discharge under climate change, resulting in an adjustment of the hydrology and the 

geomorphological process to the riparian environment (Arsenault & Brissette, 2016; Boyer et al., 

2010). The Siruana watershed in Spain was subjected to the Hydrological Modeling System (HEC-

HMS), which demonstrated that the local soil moisture conditions had a significant impact on the 

impact of climate change on water resources (Candela et al., 2012). Seasonal fluctuations in 

temperature and precipitation were found to be crucial in predicting how watersheds will respond 

in the future by the hydrological simulation program Fortran (HSPF) carried out in Western Turkey 

(Göncü & Albek, 2010). Three hydrological models were evaluated for use in assessing climate 

change by Surfleet et al. (2012) in various basins in the USA. They employed the Variable 

infiltration capacity (VIC) model as a large-scale method, the PRMS model as a basin-scale 

strategy, and the Coupled Groundwater and Surface Water Flow Model (GSFLOW) model as a 

site-specific approach. The findings demonstrate how proper parameterization of a model, 

estimations of uncertainty, and understating a model's limitations can alter how climate change 

projections are interpreted. 

Bae et al. (2011) compared variations in PET response to climate change in the Chungju Dam 

basin, Korea, using three distinct hydrological models (PRMS, SLURP, and SWAT). The outcome 

has shown that while all hydrological models performed similarly during historical calibration for 

runoff simulation, different outcomes were achieved when future GCM outputs were incorporated 

into the models. Recent studies (Abbaspour et al., 2007; Basheer et al., 2016) on the effects of 

climate change on water resources, stream flow, and water quality have made extensive use of the 

SWAT model. SWAT was chosen as the basic model in this study to simulate the effects of climate 

change on hydrology. Water resource managers must take into account the possible effects of 

climate change and global warming, which could further strain the supply of water for human use, 

the environment, or even extensive animal use (Tu, 2009). 

2. 8 Land use change impacts on hydrology     

Land use change alters hydrologic processes by influencing ecosystem evapotranspiration, surface 

and subsurface flow regimes, soil infiltration capacity, transpiration, interception, and 

conservation (Tu, 2009). Deforestation, for example, can increase streamflow, which may lead to 

short-term positive feedback. Moreover, the clearing of forests raises the risk of damaging floods 

and causes increased soil erosion. In the past time, the impact of deforestation and reforestation on 
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watershed hydrology has been well-understood around the world (Brown et al., 2005; Crouzeilles 

et al., 2017; Hu et al., 2017; Sun et al., 2004; Swank et al., 2001). Such studies used a "paired 

watershed" approach or examined long-term hydrologic data for a watershed that experienced land 

use change. These studies have revealed that changes in land use can impact hydrological 

processes. For example, Hu et al. (2017) concluded that ecological restoration accounted for 

72.18% of the streamflow reduction using a meta-analysis based on field experimental data in the 

Loess Plateau.  

Several studies are also carried out on the hydrology of the watershed by utilizing land use data in 

different parts of Ethiopia using hydrological and statistical methods (e.g., Chaemiso et al., 2016; 

Engida et al., 2021; Geremew, 2013; Haile and Assefa, 2012; Setegn et al., 2008; Tekleab et al., 

2014; Teferi et al., 2013; Woldesenbet et al., 2017). Most of the hydrological-based study’s 

comparisons of land use change for the different periods showed that the mean wet monthly stream 

flow increased and the dry average monthly flow decreased. However, conclusions varied 

significantly. For example, Haile and Assefa (2012) reported that the mean wet monthly 

streamflow increased by 39% and the dry average monthly flow decreased by 46% for the 2011 

land use relative to the 1985 land use due to land use change in the Angereb watershed in Ethiopia. 

Bekele et al. (2021) found that land use change affected the water balance of the Keleta watershed, 

Ethiopia. An increase in the volume of surface runoff and base flow by 10.4% and 0.6%, 

respectively, and a decrease in groundwater flow (3.5%) were estimated during the period 1985–

2010 because of land use changes.  

Most of these evaluations focused on a base land use change (earlier year) and changed land use 

(later year). The base and changed land uses are used individually as inputs for a hydrological 

model, and the model responses for different land use changes are used to represent the land use 

impacts on hydrology. The disadvantage of these approaches is that the land use is assumed to be 

unchanged over a period, whereas, in reality, it is dynamically changing. In contrast, the land use 

transition models can provide land use change dynamics over a period, which provides the 

potential for hydrological models to represent the dynamic land use change processes. 

Furthermore, land use transition models can project possible future land use scenarios, which could 

integrate projected climate data to assess the combined impacts of climate change on hydrology 

(Fan & Shibata, 2015). Because climate and land use change are likely to occur jointly in the 

future, assessing combined climate and land use change impacts on hydrology is important for 
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future land use planning and sustainable water resource management (Fan & Shibata, 2015; Tong 

et al., 2012). 

On the other hand, the effectiveness of watershed management practices such as terracing, filter 

strips, and contour in improving the moisture holding capacity and reducing surface runoff has 

been studied in various hydrological modeling studies (Arnold et al., 2012; Berihun et al., 2020; 

Worku et al., 2020b). However, there is limited information about their effectiveness in reducing 

the impact of climate and land use change on the Baro basin. 

2.9 Climate and land use change impacts on hydrology 

As climate and land use change and their impacts become pressing issues, it is useful to understand 

the effect they will have on water resources (IPCC, 2019; Praskievicz & Chang, 2009). The 

quantity of river water could be dramatically impacted by climate and land use changes, and their 

negative consequences could lead to a decline in the services it provides. Most of the previous 

studies have quantitatively evaluated the hydrologic impact of climate or land use changes 

individually (e.g., Koch et al., 2012; Mengistu et al., 2022a; Taye et al., 2018; Teferi et al., 2103; 

Woldesenbet et al., 2017; Worku et al., 2021; Worqlul et al., 2018; Zhang et al., 2019). However, 

only a few studies have analyzed and compared the combined impact of climate and land use 

changes on hydrology (e.g., Getachew et al., 2021; Fan & Shibata, 2015). These studies have 

revealed that changes in climate and land use can impact hydrological processes. Because of this, 

analyzing the effects of climate change and land use change has received a lot of attention in the 

past 20 years (Guo et al., 2008; Legesse et al., 2003; Mango et al., 2011; Yang et al., 2017). As a 

result, it is very helpful and valuable to estimate and understand how hydrology will respond to 

future changes in climate and land use to optimize water management, land-use planning, 

management, and policy in a basin. Analyzing the effects of land use and climate change on 

hydrological responses is also difficult due to changes in hydro-meteorological variables and basin 

features at various spatiotemporal scales.  

Methods used to assess the impacts of climate and land use change on hydrology can be classified 

as (i) experimental paired catchment approach, (ii) statistical techniques; and (iii) hydrological 

model. Among these techniques, the paired catchment approach is the most difficult but often 

considered the best approach for smaller catchments. However, the applicability of the paired 

catchment approach over large catchments may not be possible (Lørup et al., 1998) since it requires 
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years of continuous monitoring to gather sufficient data for the analysis. Statistical trend detection 

tests have been proven to be very useful in qualitatively determining the presence of a significant 

trend in the time series along with direction and rate of change (Li et al., 2009; Zhang et al., 2008). 

But these techniques cannot be used for quantifying the change and attributing it to a particular 

cause due to a lack of a physical mechanism (Li et al., 2009). Hydrological models are also useful 

research tools in the study of climate and land use change. Mathematical equations are the 

foundation of empirical models. Based on the process description, there are three types of 

hydrological models (Cunderlik, 2003). 

Lumped models: these hydrologic models do not vary geographically within the basin or 

watershed, and thus, the parameters are spatially averaged to a single value for the whole modeled 

area without explicitly considering the response of each sub-basin. This method is known as 

conceptual models, which are simple hydrologic models that require only a few parameters to 

simulate a catchment. The parameters often do not characterize the physical features of hydrologic 

processes and usually involve a certain degree of empiricism, and thus may lack the ability to 

correctly represent a catchment. These models are not commonly applicable to event-scale 

processes. If the goal is to estimate the discharge, these models can provide comparable 

simulations to complex physically based models (Seiller et al., 2012). 

Distributed models: by far the most appealing tools for conducting impact assessment studies are 

distributed, physically based hydrologic models (Mango et al., 2011; Wang et al., 2012). These 

models operate within a distributed framework to take the meteorological and physical conditions 

of the basin or watershed into account. These hydrological models are fully allowed to vary in 

space at a resolution usually chosen by the user. The distributed modeling 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 behavior. Distributed models generally require a large amount of (often unavailable) data. 

However, the governing physical processes are modeled in detail, and if properly applied, they can 

provide the highest degree of accuracy (Abbott, 1996). 

Semi-distributed models: the parameters of semi-distributed models are partially allowed to vary 

spatially by dividing the basin into several smaller sub-basins. The main advantages of these 

models are that their structures are more physically based than lumped models' structures, and they 
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require fewer input data points than fully distributed models. Due to their extensive 

parameterization, fully distributed hydrological models are difficult to apply at a large basin scale, 

which makes comparatively less demanding semi-distributed hydrological models a practical 

option. Many recent studies (Kiprotich et al., 2021; Teklay et al., 2021; Tong et al., 2012; 

Woldesenbet et al., 2018; Yin et al., 2017) demonstrate that hydrological models such as SWAT 

can estimate the components of the water balance and assess the effects of climate or land use 

change. This study presents a semi-distributed hydrologic modeling-based approach to evaluate 

the individual and combined impacts of climate and land use change on hydrology.  

2.6.1 Soil and water assessment tool model  

The United States Department of Agriculture's Agricultural Research Service created the SWAT 

over about 30 years of modeling. It was created to predict the effects of land management 

techniques on water, sediment, and agricultural chemical yields over many years in large, complex 

watersheds with a range of soil, land use, and management circumstances. SWAT has several 

advantages, including the ability to be used at various temporal scales, a spatially distributed 

model, open access with in depth documentation, and the ability to use multiple-input constraints 

and a process-based hydrological model. The model has recently gained recognition on a global 

scale as a reliable interdisciplinary watershed modeling tool. SWAT is used globally and is 

regarded as a flexible model that can be used to combine many environmental processes, allowing 

for more effective watershed management and the formulation of more informed policy decisions 

(Arnold et al., 1998; Gassman et al., 2007).  

 In SWAT, a watershed is split up into sub-basins, and these sub-basins are then split up into 

hydrological response units (HRUs) with uniform land use, soil, and management characteristics. 

The soil water balance is taken into account in each HRU. Snow, the soil profile, the shallow 

aquifer, and the deep aquifer are its four storage volumes. There may be multiple strata in the soil 

profile. Infiltration, percolation, evaporation, plant absorption, and lateral flow are all components 

of the soil water cycle (Neitsch et al., 2011). The hydrological process estimates surface runoff 

using the SCS curve number or Green-Ampt infiltration equation. Using layered storage routing 

and a crack flow model, percolation can be estimated. Potential evapotranspiration can be 

simulated by using the Priestley-Taylor, Hargreaves, or Penman-Monteith methods. Using the 
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Modified Universal Soil Loss Equation (MUSLE), the SWAT model can also simulate erosion 

from the watershed (Arnold et al., 1998; Neitsch et al., 2011). 

2.6.2 Indicators of hydrological alteration software 

The IHA is a software program that offers important information for those trying to recognize the 

hydrologic effects of human activities or generate environmental flow recommendations for water 

resource managers (The Nature Conservancy, 2009). This tool has been used by nearly 2,000 water 

resource managers, hydrologists, ecologists, researchers, and policymakers from around the world 

to analyze potential water management strategies or to study how human activities have altered 

rivers, lakes, and groundwater basins through time. The IHA methodology, which is conceptually 

based on the Range of Variability Approach (RVA), is used to evaluate the degree of alteration to 

the natural flow regime due to dam construction and projected climate change (Richter et al., 

1996). It is useful to compare flow parameters under different scenarios and particularly for 

assessing key flow regimes characteristics, such as magnitude, timing, frequency, and duration 

(Pradhanang et al., 2013). Magnitude is a measurement of the volume of flow associated with a 

specific hydrologic event; frequency describes how frequently events occur within a given period; 

duration is the length of an event (above a certain flow rate threshold); timing is when the event 

takes place within a specific period; and rate of change is how rapidly the hydrograph falls and 

rises; the pulse is defined as an event that takes place above or below a certain threshold. 

Hydrologic pulses can be defined as the daily mean water condition that either rises above the 75th 

percentile (a high pulse) or drops below the 25th percentile (low pulse) of the mean daily values. 

The IHA program, for instance, may determine the date and maximum flow of the largest floods 

or lowest flows each year. It can then determine the mean and variation of these values for a certain 

period. To describe statistically how these patterns have evolved for a specific river or lake as a 

result of sudden effects like dam construction or more gradual trends brought on by changes in 

land- and water use, comparative analysis can be used. In general, to investigate the degree of 

hydrologic change in ecologically important statistics, the IHA estimates 67 hydrologic parameters 

resulting from daily streamflow statistics. These are divided into two categories: 34 environmental 

flow components (EFC) and 33 IHA parameters (Annex 6.1). Further information on the IHA 

methods is available in the Indicators of Hydrologic Alteration Version 7.1 User's Manual. 
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2.10 Hydrological evaluation of satellite rainfall estimates 

In recent times, hydrological analysis and simulations have used satellite precipitation products 

with high temporal and spatial resolution over a wide range of locations to provide new 

information to support water resources management globally. Satellite-based precipitation 

products are particularly useful for hydrological simulation in large watersheds in developing 

countries or remote locations because they can effectively extend precipitation estimates to regions 

where conventional measuring stations are scarce, unevenly distributed, or erratic. Furthermore, 

the selection of the optimal precipitation data for hydrological models depends on the basin, and 

it is becoming more accepted that the choice of the precipitation input is more crucial than the 

hydrological model itself (Dhanesh et al., 2020; Tuo et al., 2016). 

Satellite-based precipitation products vary in terms of their domain sizes, sources, and methods of 

acquisition, as well as their geographical and temporal resolutions. These products need to be 

assessed in terms of how well they capture the spatiotemporal variability in rainfall when 

compared to observed rain gauge data because they are an indirect estimate of rainfall (Gao et al., 

2013; Luo et al., 2019). A statistical assessment of the skill of different rainfall datasets to simulate 

streamflow within a hydrological modeling framework provides a good approach for comparing 

rainfall data (Getirana et al., 2011; Wilk et al., 2006). Several studies have been conducted to 

assess the suitability of several gridded satellite climate products, particularly the CFSR, TRMM, 

and CHIRPS precipitation datasets for streamflow simulation using various hydrological models 

(Bitew et al., 2012; Dhanesh et al., 2020; Luo et al., 2019; Tuo et al., 2016). However, 

investigations revealed different results in terms of how well the datasets drive hydrological 

models. The findings of these studies demonstrated that the structure of the model, climate, and 

topography have a significant impact on the performance of SREs. 

The majority of the hydrological assessment research results show that the satellite climate 

products can be used for hydrological modeling when the model is calibrated to each climate 

product independently (Camici et al., 2018; Tuo et al., 2016). Although gridded rainfall datasets 

have been extensively employed in hydrological modeling research, biases and uncertainties 

related to the data have been found to affect the model calibration and, subsequently, hydrological 

simulations (Uhlenbrook et al., 2010). The degree of inaccuracy introduced in the hydrological 

simulations varies with the geographic region as a result of the uncertainty in rainfall among the 



26 
 

datasets, which is then translated into error in the estimations of streamflow (Gebrehiwot et al., 

2013). Thus, climate variability must be taken into consideration in hydrological modeling since 

it influences the performance of gridded datasets. A dataset that could depict the geographical 

variety of rainfall in each geographic location may perform differently in another area. 

Furthermore, it is important to note that the errors of satellite products are compensated by model 

parameters when the model is recalibrated. Therefore, satellite product evaluation at specific 

watersheds and quantifying the effect of model recalibration on hydrological performance are very 

important. 

3. Materials and Methods 

3.1. Conceptual framework 

A conceptual framework is intended to aid in gaining a comprehensive understanding of the 

individual and combined effects of climate and land use change on the hydrology of the basin. The 

basin can be expected to continue to change in the future due to climate and land use changes. The 

SWAT is a comprehensive hydrological model that is based on physical mechanisms and provides 

a framework for analysis. The methodology includes four phases: performance evaluation of 

RCMs using several statistical approaches; hydrological model calibration and validation using 

three independent climate datasets and spatial data including DEM, land use, and soil; projection 

of future climate and its impact; and evaluation of the individual and combined impacts of climate 

and land use change on the hydrology. Figure 3.1 provides the general conceptual framework of 

the study procedures.  
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Figure 3.1 The conceptual framework of the study procedures used to study the climate and land 

use change impacts on the hydrology. 

3.2 Description of the study area 

3.2.1 Location 

The Baro–Akobo River basin is one of the 12 major river basins of Ethiopia. The basin has high 

strategic significance for Ethiopian development, at both the regional and national levels. It is 

situated between 5° 31` and 10° 54` North latitudes and 33° and 36° 17´ East longitudes (Figure 

3.2). It drains from the western highlands of Ethiopia to the Sudanese border to join the White 
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Nile. It is bordered by South Sudan in the west and southwest, Sudan in the northwest, and the 

Abbay and Omo–Gibe basins in the east. Parts of the Benshangul-Gumuz, Gambella, Oromia, and 

SNNP administrative areas are included in the basin. In the Eastern Nile basin, it is the second-

largest sub-basin, next to the Abbay (Blue Nile) sub-basin. The Baro-Akobo-Sobat (White Nile) 

sub-basin, the Abbay (Blue Nile) sub-basin, the Tekeze-Atbara sub-basin, and the main Nile basin 

from Khartoum to the Nile delta are the four sub-basins that make up the Eastern Nile Basin. It 

drains from the western highlands of Ethiopia to the Sudanese border to join the White Nile. The 

basin area is approximately 75,912 km2 and its major river is 380 km long. It has a complex 

topography with an elevation range of 293 to 3266 meters above sea level (masl), which results in 

different rainfall regimes. The complex terrain and land surface heterogeneity and their 

interactions with large-scale climate forcings contribute to the diverse spatial rainfall patterns over 

the basin. The geographic distribution of the hydro-meteorological stations in the basin is 

presented in Figure 3.2. 
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Figure 3.2  Location map of the study area, a) Major Ethiopian river basin, the downstream 

countries, White Nile and tributaries b) Baro-Akobo River basin c) weather and flow stations, and 

d) elevation of the basin. 

3.2.2 Climate and hydrology 

In this study, 12 weather stations were used because of their reliability and better data quality for 

rainfall estimates. However, only six of the 12 stations have good records of the daily maximum 

and minimum temperatures. Rainfall and temperature in the basin show substantial spatial and 

seasonal variability. The basin predominantly has a tropical monsoon climate with distinct wet and 

dry seasons. Months from March to October represent the wet season, while months from 

November to February represent the dry season (Figure 3.3). The mean annual rainfall in the basin 

from 1975–2005 varied from 1251 mm to 2400.6 mm (Table 3.1). The mean rainfall in the basin 

is estimated to be 1749.8 mm/year, with mean daily maximum and minimum temperatures of 26.8 

and 13.4°C, respectively. 

 

 

Figure 3.3  Mean monthly rainfall (mm) of selected weather stations in the Baro–Akobo basin 

for the period (1975–2005). 
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Table 3.1 The weather stations considered in this study with their annual summer statistics of the Baro-

Akobo basin for the period 1975–2005. 

Station Lon Lat Min. 1st 

Qu 

Mean 3rd 

Qu 

Max. sd cv Skewness Missing 

data(%) 

Alem-

Teferi 

35.2 8.9 1172 1491 1695.8 1815 2799 344 0.20 1.16 
8.6 

Bure 35 8.3 993 1206 1343.6 1480 1673 194 0.14 0.18 10.2 

Gore 35.5 8.1 1446 1751 1911.4 2040 2684 261 0.14 0.90 1.13 

Masha 35.4 7.7 1879 2123 2400.6 2529 3328 374 0.16 1.00 8.1 

Mizan-

Teferi 

35.6 7 1545 1898 2289.8 2236 3001 364 0.17 0.85 
19.7 

Tepi 35.4 7.2 1216 1431 1591.3 1740 2098 225 0.14 0.15 14.2 

Uka 35.4 8.2 1508 1713 1909.4 2048 2794 297 0.16 1.28 20.2 

Mettu 35.6 8.3 828 1622 1704.4 1913 2180 325 0.19 -1.00 4.2 

Dembi- 

Dollo 

34.8 8.5 871 1142 1251 1368 1499 165 0.13 -0.43 
11.3 

Hurumu 35.7 8.3 1257 1578 1851.8 1867 3010 464 0.25 1.19 8.6 

Chora 36.1 8.4 1012 1494 1706.9 1913 2159 315 0.18 -0.47 7.7 

Yubdu 35.5 9 1332 1508 1659.6 1769 2002 194 0.12 0.17 14.4 

 

3.2.3 Land use and soil 

The main forms of land cover in the basin include forest, agriculture, grassland, and scrubland. 

Perennial and cash crops like coffee, mango, and avocado are examples of major crops in the basin. 

Since the soils in the river basin are typically deep and rich in organic matter, they have a great 

potential for infiltration. Chromic Cambisols, and Eutric Gleyisols are among the dominant soil 

type in the basin. Wide variations in soil types are seen in the basin. This is one of the basin's 

distinctive features that helps determine its hydrologic characteristics. Figure 3.4 shows the spatial 

distribution of different land uses and soil types in the basin. 
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Figure 3.4  Land use (a) and soil map (b) of the Baro basin 

3.2.4 Development of natural resources/water resources 

One of Ethiopia's most widely used river basins is the Baro–Akobo. With an area of 75,912 km2, 

or 6.9% of the country, the basin is the second-smallest river basin among the Ethiopian major 

river basins. However, it has the second-highest runoff potential (23.6 Bm3), 27 percent of the 

country’s potential irrigable land, and 8.9 percent of the hydropower potential (Awulachew et al. 

2007). In the basin, a variety of hydropower and irrigation schemes, ranging from small-scale to 

large-scale, have been widely used. The Birbir A, Birbir R, Baro-1, Baro-2, Geba-A, Geba-R, 

Itang, and Gilo-2 are among the numerous water resources development projects currently being 

planned and implemented in the basin. These projects will impact the local area and downstream 

Nile countries such as Sudan and Egypt (Sileet et al., 2013). 

One of Ethiopia's wettest and best-watered regions is the Baro–Akobo River basin wetland. For 

instance, the Machar Marshe, which is part of the basin, is one of the peculiar features of the 

basin’s extensive wetland area. Local rainfall, torrents flowing from the western Ethiopian plateau, 

and runoff from the Baro, Akobo, Gilo, and Alwero rivers all contribute to the feeding of the 

wetlands (Sileet et al., 2013). The Baro–Akobo River basin is home to three of Ethiopia's four 
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UNESCO-designated biodiversity sites. The Yayu Coffee Forest Biosphere Reserve, the Sheka 

Forest Biosphere Reserve, and the Kafa afromontane cloud forests are known to contribute to the 

unique biological diversity of the basin (UNESCO, 2012). Both plant and animal species are 

abundant in the forest. In all ecosystems, there are more than 300 higher plants, 50 animals, 200 

bird species, and 20 amphibian species. Of them, Ethiopia is home to at least 55 plants and 10 bird 

species alone. Additionally, the area is home to around 38 endangered species, including 30 plant 

species, 3 animal species, and 5 bird species. In general, the richness of the river basin's plants and 

animals is noteworthy. Major rivers like the Baro and Akobo rivers, which are the principal 

tributaries of the White Nile, are also derived from it. The forest is also highly recognized for 

preserving biodiversity, preventing floods and erosion, and sequestering carbon to lessen the 

consequences of climate change. 

3.3 Data collection 

3.3.1 Historical and future climate change scenarios  

The National Meteorology Agency of Ethiopia provided the baseline observed daily rainfall 

maximum and minimum temperature data used in this study for the period 1975–2010. In addition, 

to analyze the historical and future climate data for the basin, seven RCMs (RCA4 (CNRM), RCA4 

(ICHEC), RCA4 (MPI), CCLM4 (CNRM), CCLM4 (ICHEC), CCLM4 (MPI), and REMO (MPI)) 

and the ensemble mean under RCP4.5 (medium) and RCP8.5 (extreme) emission scenarios were 

obtained from the CORDEX Africa data portal (http://www.cordex.org). Climate data (rainfall and 

temperature) is initially obtained from each RCM. The distribution mapping (DM) and linear 

scaling (LS) techniques are employed to correct biases in the historical and future climate data for 

the basin. Because the RCM output of the given grid is the spatial mean of this grid, for each 

weather station point, the RCM dataset of the grid containing this point is extracted using a point-

to-pixel approach. Annual rainfall statistics for the observed and the raw and bias corrected RCMs 

for annual rainfall are presented in Figure 3.5. Further information is available in chapters 4, 6, 

and 7. 
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Figure 3.5  Annual rainfall statistics for the observed with a) raw, b) DM, and c) LS bias corrected 

RCMs for the Baro–Akobo basin for the period 1975–2005. 

 

 

 

b) 

c) 
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3.3.2 Data quality check 

A total of 12 stations were chosen and used as a benchmark to assess the effectiveness of RCMs 

and SREs. The double mass plot (Figure 3.6) is used to evaluate the consistency and continuous 

data of these stations (Searcy & Hardison, 1960). The double mass curve analysis revealed that 

there had not been a substantial break in the time series of the chosen rain gauge stations. Following 

a gauge consistency check, Multiple Imputation by Chained Equation (MICE), available in R 

programming, was used to impute missing data from the chosen gauge stations (van Buuren & 

Groothuis-Oudshoorn, 2011). 

 

Figure 3.6 Double mass curve used to show the consistency of the weather stations. 

 3.3.3 Historical and future land use  

Land use classification 

In this study, land-use maps of 1985 (Landsat 4–5 Thematic Mapping (TM)), 2002 (Landsat 7 

Enhanced Thematic Mapping (ETM+)), and 2019 (Landsat 8 Operational Land Inventory (OLI)) 

were obtained from the USGS at http://earthexplorer.usgs.gov/. Each image has a spatial resolution 
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of 30 m. The maximum likelihood classifier (MLC) algorithm was used for image classification 

undertaken in ERDAS Imagine 2014. To determine the accuracy of land use classification, the 

users, producers, the overall classification, and the kappa coefficient were also estimated using 

ERDAS. The accuracy assessment is measured by applying Kappa statistical analysis (K). After 

analyzing the land-use patterns from 1985–2019, seven major land-use classes were identified: 

forest, agricultural land, shrubland, grassland, built-up areas, wetlands, and water bodies. Further 

information is available in chapter 7 and Annex 7.6 and 7.7. 

Transition Potential Modeling and Model Validation  

The MOLUSCE plugin integrates some well-known algorithms for transition potential modeling, 

such as the ANN (multilayer perceptron), weights of evidence, multi-criteria evaluation, logistic 

regression, and CA algorithm, for future simulation. In this study, the CA-ANN approach for 

transition potential modeling and projection was used. The spatial variables for model calibration 

were chosen based on their relatively good association with the land use map, as measured by 

Cramer’s coefficient. Land use data from 1985–2002 and 2002–2019, along with spatial variables, 

were employed to project land use maps for 2019 and 2040 (business as usual), respectively. After 

obtaining the projected land use map, the current land use map of 2019 was compared with the 

projected land use map and obtained an acceptable % of correctness, Kappa (overall), Kappa 

(historical), and Kappa (location) value of 83.48%, 0.71, 0.89 and 0.79, respectively. Further 

information is available in chapter 7 and Annex 7.8. 

Projection of land use map 

After obtaining acceptable results from model validation, the land use map for 2040 (the BAU 

land use scenario) was predicted. For this purpose, the temporal land use data from 2002 and 2019, 

the spatial variables such as slope and DEM, and the transition probability matrix were employed 

to predict the land use map for 2040 using the CA-ANN multilayer perceptron approach (MLP) 

within the MOLUSCE (Abbas et al., 2021). On the other hand, this study considered a further 

increase in altitudinal forest expansion and watershed management practice (conservation). 

Detailed information is available in chapter 7. 
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3.3.4 Hydrological model setup  

Hydrological models are generally employed as a standard tool for studying hydrological 

processes, many of which have varying applications, ranging from small watersheds to worldwide 

models. Each model has unique applications, characteristics, advantages, and disadvantages. In 

this study, the SWAT model is used to estimate the water balance of the baseline and future climate 

and land use changes. The model has shown good performance in estimating the separate and 

combined climate and land use change impacts (Kiprotich et al., 2021; Teklay et al., 2021; Zhang 

et al., 2018). 

ArcSWAT 2012.10.24 compatible with ArcGIS 10.4 was used to set up the model. Using the 

automatic watershed delineation tool in ArcSWAT, basin properties such as slope gradient, slope 

length, and stream network were extracted from the DEM. A threshold area of 210 km2 was used 

during the SWAT model setup. The HRUs are the smallest modeling units with a similar area of 

aggregated land use, soil, and slope. Multiple HRU creation approaches were used with a 2, 20, 

and 10% threshold for land use, soil, and slop units, respectively. The land use, the soil, and the 

slope class derived from the DEM were overlaid together to produce 71 sub-basins and 773 HRUs 

in the basin. Following this spatial data setup, the weather data from each station were used to run 

the model. The centroid method was used to link the weather station data to the subbasin (Neitsch 

et al., 2011; Dile and Srinivasan, 2014). The SWAT model estimates the important hydrologic 

components for each HRU unit based on the following water balance equation and their outputs 

are aggregated at the basin level to compare the baseline with the future period and scenarios 

(Neitsch., 2011). 

Swt = Swo +∑ (
t

i=1
Rday−Qsurf  −Ea −Eseep  −Qgw)……………………………………………3.1 

Where, 𝑆𝑤𝑡 is the soil water content (mm), 𝑆𝑤𝑜 is the initial soil water content (mm), 𝑅𝑑𝑎𝑦  is the 

amount of precipitation (mm), 𝑄𝑠𝑢𝑟𝑓 is the surface runoff (mm), 𝐸𝑎   is the amount of 

evapotranspiration (mm), 𝐸𝑠𝑒𝑒𝑝  is the soil infiltration I (mm), and 𝑄𝑔𝑤  is the return flow (mm). In 

this study, surface runoff was estimated using the curve number (CN) method, potential 

evapotranspiration was estimated using the Penman-Monteith equation and the channel routing 

processes were simulated using the Variable Storage Routing method (Neitsch et al., 2011).  
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3.3.5 Parameter sensitivity, calibration, and validation 

Successful application of a hydrologic model depends on parameter sensitivity analysis and model 

calibration and validation processes. This study used the SUFI2 algorithm in the SWAT-CUP to 

conduct sensitivity analysis, calibration, and validation (Abbaspour et al., 2015). Model calibration 

and validation processes are determined using the most sensitive parameters for a given watershed. 

In this study, eighteen model parameters were selected for sensitivity analysis based on SWAT 

default values and literature recommendations (Dile et al., 2013; Mengistu & Sorteberg, 2012; 

Setegn et al., 2008). 

The streamflow data for the period 1988–1989 was used for model warm-up. Model warm-up is 

used to initialize different biophysical processes in the model to get the full hydrological cycle 

operational. The model was calibrated using observed streamflow data at the Baro and Sore River 

gauging stations for the period 1990–1998. Model calibration involves the adjustment of sensitive 

model parameter values until a reasonable model simulation performance is achieved. The model 

was validated using observed streamflow at both stations for the period 1999–2002. Model 

validation is the process of evaluating the performance of the calibrated model on an independent 

dataset without making further parameter adjustments. 

3.3.6 Model performance evaluation 

The model performance was evaluated using NSE, R2, and PBIAS as presented in the following 

equation. The NSE is a normalized statistic that estimates the relative magnitude of the residual 

variance compared to the observed and determines how well the plot of observed versus simulated 

data fits the 1:1 line (Nash & Sutcliffe, 1970). The R2 describes the proportion of variance in 

observed and simulated data, and its value ranges between 0 and 1, with higher values indicating 

less error variance (Krause et al., 2005). PBIAS measures the average tendency of the simulated 

data to be larger or smaller than the observed data. Low values of PBIAS designate an accurate 

model simulation in which positive values indicate model underestimation and negative values 

indicate model overestimation bias (Gupta et al., 2009). 

NSE= 1 −  
∑ (Oi− Si

)2n
i=1

∑ (Oi− O̅)
2n

i=1

     ………………………………………………………………………. (5.2) 

R2 = 
[∑ (oi− O̅)
n
i=1  (si− s̅)] 

2           

∑ (Oi− O̅)
2n

i=1 ∗ ∑ (si−  s̅)
2n

i=1

 ………………………………………………………………… (5.3) 
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PBIAS = 
∑ (oi−si)
n
i=1 ∗100     

∑ (oi)
n
i=1   

 …………………………………………………………………… (5.4) 

Where Oi is the observed streamflow (m3/sec), Si is the simulated streamflow (m3/sec), 0̅ is the 

average measured streamflow (m3/sec); s̅ is the average simulated streamflow (m3/sec) and n is 

the number of observations. Based on the values of the performance parameters above, the model 

simulation may be considered satisfactory when the NSE > 0.5, R2 > 0.5, and PBIAS = ±25% for 

streamflow simulation (Moriasi et al., 2007). 

3.3.7 Model prediction uncertainty 

The calibrated model uncertainty analysis was estimated using the SUFI-2 algorithm in the SWAT-

CUP. Generally, model uncertainty may arise due to several sources, such as driving variables 

(e.g., climate data), model conceptualization, model parameters, and observed data (e.g., 

streamflow). SUFI-2 handles all sources of uncertainty as parameter certainty and measures 

uncertainty in terms of p-factor and r-factor. The p-factor has a range of values from 0 to 1, with 

1 representing the ideal value or 100% of observed data being bracketed in the 95PPU band. For 

streamflow simulation, the value of the p-factor is suggested to be greater than a threshold of 0.7 

to indicate a highly acceptable simulation result. The ratio between the 95PPU band's average 

width and the standard deviation of the observed variable is used to calculate the r-factor, which 

displays the 95PPU band's thickness. Ideally, the r-factor should be near zero. For streamflow 

simulation, the value of the r-factor is suggested to be less than a threshold of 1.5 to indicate an 

acceptable simulation result. 
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4. Evaluation of the performance of bias-corrected CORDEX–RCMs in reproducing the 

Baro–Akobo basin climate1  

Abstract 

The applicability of the regional climate models (RCMs) for catchment hydroclimate is obscured 

due to their systematic bias. As a result, bias correction has become an essential precondition for 

the study of climate change. This study aimed to evaluate the skill of seven rainfall, five maximum 

and minimum temperature RCMs outputs against observed data in simulating the characteristics 

of climate at several locations over the Baro–Akobo River basin in Ethiopia. The evaluation was 

performed based on raw and bias-corrected individuals as well as the ensemble mean RCM 

simulation. The RCMs data has been compared to long-term observations. Several statistical 

metrics were used to compare RCMs against the observed using a pixel-to-point approach. The 

findings of this study show that pronounced biases, such as a lower correlation coefficient and 

higher PBIAS and RMSE, were observed in the rainfall and minimum temperature estimates than 

in the maximum temperature. However, all RCMs after bias correction shows better performance 

in reproducing the mean monthly rainfall and temperature and improve all the statistical metrics. 

The Mann–Kendall trend test for observed and RCMs indicates a decreasing annual rainfall trend, 

while the maximum and minimum temperatures show an increasing trend in most stations. In most 

metrics, the ensemble indicates better agreement with observations than individual models at most 

stations. In general, after bias correction, the ensemble simulates the Baro–Akobo basin climate 

adequately and can be used for the evaluation of future climate projections in the region. 

4.1 Introduction 

Human activities over the last century increased greenhouse emissions in the atmosphere, which 

caused global warming. Several types of research conducted during recent decades indicate that 

the increase in the atmospheric greenhouse gas concentration due to anthropogenic emissions has 

begun altering the global climate (IPCC, 2007). Such impacts are expected to be more intense in 

                                                             
1 This chapter is based on Mengistu, A.G., Woldesenbet, T.A, Dile, Y.T., 2021a. Evaluation of the 

performance of bias-corrected CORDEX regional climate models in reproducing Baro–Akobo 

basin climate. Theor. Appl. Climatol. 144:751–767 https://doi.org/10.1007/s00704-021-03552-w 

 

https://doi.org/10.1007/s00704-021-03552-w
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sub-Saharan Africa, where the social-ecological system is not resilient to shocks (IPCC, 2007; 

Davies et al., 2010). As ongoing climate change has been confirmed, assessing its impact on 

regionally important sectors has become a major concern, especially for policymakers who 

develop action plans to mitigate and adapt to the impacts of future climate change (IPCC, 2001). 

Climate change studies are conducted using data from general circulation models (GCMs). 

However, since the GCMs have a coarse resolution, they are not suitable for regional climate 

change impact studies. Rather, Regional climate models (RCMs) have been used to dynamically 

downscale GCM output to scales more suitable to end regional applications. Therefore, GCM-

driven RCM output may provide valuable information for climate adaptation practices, risk 

assessment studies, and policy planning. Such efforts enabled the application of RCM outputs to 

understand the impacts of climate change in local climates that are influenced by complex 

topographies and landscapes (Alley et al., 2007; Giorgi et al., 2009). Currently, the Coordinated 

Regional Climate Downscaling Experiment (CORDEX) program, initiated by the World Climate 

Research Program, provides an opportunity for generating high-resolution regional climate 

projections, which can be used for assessment of the future impacts of climate change at regional 

scales (Haile & Rientjes, 2015; Giorgi et al., 2009).Furthermore, because of the RCM model 

outputs have biases, which makes it difficult to use them directly for climate and hydrological 

impact studies. Several researchers suggested applying bias correction and the use of an ensemble 

mean to reduce errors in RCM outputs (Christensen et al., 2008; Kim et al., 2014; Teutschbein & 

Seibert, 2010; Worku et al., 2021). 

This study aims to assess the performance of the CORDEX RCMs in simulating the climate 

characteristics over the Baro-Akobo basin. The basin is one of Ethiopia's transboundary rivers that 

join the Nile. The Nile River is the main water resource for riparian countries, which are already 

under immense pressure due to various competitive uses as well as social, geopolitical, and 

legislative conditions. Moreover, the Nile basin region, including the study basin, is vulnerable to 

climatic variability (Beyene et al., 2010; Kim et al., 2008; Mengistu & Sortbereg, 2012). To cope 

with the climatic variability and improve food security and energy provision in the Baro–Akobo 

basin and Nile basin regions, large irrigation and hydropower schemes are planned and under 

implementation (McCartney et al., 2009). Since climate change may have a considerable impact 

on water resources (IPCC, 2014), planning water resources in the basin requires a robust study that 

explores the long-term climate trend and variability to optimize outcomes from such investments. 
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There are limited studies that evaluate the performance of the raw and bias corrcetd RCMs to 

replicate the observed climate in Ethiopia in general and in the Baro–Akobo basin in particular. 

This study, therefore, evaluated the performance of the raw and bias-corrected CORDEX–Africa 

RCMs simulation in reproducing observed rainfall and temperatures at several locations in the 

basin for the period 1975–2005. Such studies help to select reliable RCM outputs that can be used 

for future climate change impact studies in highly vulnerable areas, like the study basin. 

4.2 Materials and Methods 

4.2.1 Observed data 

Observed daily rainfall, maximum (Tmax), and minimum (Tmin) temperatures for the period 

1975–2005 were obtained from the National Meteorology Agency (NMA). The rainfall pattern 

over the Baro–Akobo basin is predominantly unimodal with two distinct seasons, the main (rainy) 

season, which is locally called "Kiremt," and the dry season, which is locally called "Bega,".There 

is spatial rainfall variability in the basin. Stations located in the southern parts of the basin, 

including Masha, Mizan–Teferi, Chena, and Tepi, have the Bega season from December to 

February and the Kiremt season from March to November. The Bega season runs from November 

to February in the northern parts of the basin, including Alem-Teferi, Begi, Bure, Gore, Uka, 

Mettu, Dembi-Dollo, Hurumu, Chora, and Yubdu, and the Kiremt season runs from March to 

October (NMA, 1996). 

Despite some missing records, most of the data obtained from the NMA captures the climatologies 

of the regions (Diro et al. 2011). Fourteen rainfall and six temperature stations were obtained from 

the NMA and then applied to correct the bias and evaluate the performance of the RCMs output. 

Quality control for the observed climate data (e.g., checking the presence of daily rainfall values 

less than zero and a daily maximum temperature less than the daily minimum temperature values) 

was conducted using RClimDex 1.1 software (Zhang and Yang, 2004). Getting complete datasets 

with no missing records was difficult in remote areas like the Bar-Akobo basin of Ethiopia. 

However, to balance data quality and availability, this study used stations that had missing data of 

less than 20% for the period 1975–2005. The missing data were filled in using the Multivariate 

Imputation by Chained Equations (MICE) algorithm of the R statistical software (van Buuren & 

Groothuis-Oudshoorn, 2011), demonstrating that the MICE algorithm outperforms other methods 

such as multiple linear regression (MLR) and inverse distance weighting (IDW) in estimating 
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missing climate data using solar radiation data under different atmospheric conditions in Galicia, 

Spain. 

4.2.2 Regional climate models dataset 

The CORDEX project (http://cordexesg.dmi.dk/esgf-web-fe/) provided RCMs with simulated 

daily rainfall and maximum and minimum temperature data. The spatial resolution of the RCM 

data is 0.44, which corresponds to a 50 × 50 km bounding box. The RCMs and their driving GCMs 

used in this study are written in short forms as (CNRM) for the CNRM-CERFACS-CNRM-CM5, 

(ICHEC) for the ICHEC-EC-EARTH, and (MPI) for the MPI-M-MPI-ESM-LR (Table 4.1). It’s 

noted that RCA4 and CCLM4 are each driven by three GCMs (CNRM, ICHEC, and MPI), and 

REMO is driven by MPI. These RCMs were selected for evaluation because the outputs of 

CCLM4, RCA4, and REMO were evaluated and showed reasonable performance over East Africa 

(Endris et al., 2013; Nikulin et al., 2012; Worku et al., 2020b).  

Table 4.1 List of RCMs with their institutes and driving GCMs considered in this study 

RCM  Institute  Driving GCM  Reference 

CCLM4 Climate Limited-area Modelling 

Community (CLMcom) 

CNRM-CERFACS-

CNRM-CM5 

(Rockel et al., 2008) 

CCLM4 Climate Limited-area Modelling 

Community (CLMcom) 

ICHEC-EC-EARTH (Baldauf et al., 2011) 

CCLM4 Climate Limited-area Modelling 

Community (CLMcom) 

MPI-M-MPI-ESM-

LR                  

(Rockel et al., 2008) 

RCA4 Sveriges Meteorologiska och 

Hydrologiska Institute (SMHI) 

CNRM-CERFACS-

CNRM-CM5 

(Samuelsson et al., 2015) 

RCA4 Sveriges Meteorologiska och 

Hydrologiska Institute (SMHI) 

ICHEC-EC-EARTH (Samuelsson et al., 2015) 

RCA4 Sveriges Meteorologiska och 

Hydrologiska Institute (SMHI) 

MPI-M-MPI-ESM-

LR 

(Samuelsson et al. 2015) 

REMO Climate Service Centre Germany 

(CSC) and Max Planck Institute (MPI) 

MPI-M-MPI-ESM-

LR 

(Jacob et al., 2012) 

 

In areas with sparse station networks and complex terrain, the accuracy and precision of 

interpolation are questioned when evaluating grid measurements of the climate model (Bhowmik 

& Costa, 2015; Osborn & Hulme, 1997). Therefore, due to the sparse distribution of rain gauge 

networks in the basin, a pixel-to-point approach was used to compare gridded RCMs data against 

point rainfall data from the rain gauge observations. Bhattacharya et al. (2020) show that a point-
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to-pixel approach to the comparison of observed data with gridded climate data has resulted in 

good agreement in the Beas river basin of the North-Western Himalaya. 

4.3 Bias correction methods 

From the gridded RCMs model data, a representative value for each station was extracted and bias-

corrected using the CMhyd tool. The tool has been tested using the CORDEX archive for different 

regions and has provided satisfactory performance (Rathjens et al., 2016). It is used to correct bias 

in rainfall data from seven RCM outputs and temperature data from five RCM outputs. This study 

used distribution mapping (DM) and linear scaling (LT) methods to correct the rainfall data, and 

the DM method was used to correct temperature data because they have been effective in removing 

RCM bias in several studies (Christensen et al., 2008; Fang et al., 2015; Teutschbein & Seibert, 

2012). 

The performance of the RCMs was evaluated in terms of their skill at reproducing the mean 

monthly characteristics of observed rainfall and temperature data. Moreover, the agreement 

between the observed and RCM (raw and bias-corrected) data was evaluated using the most widely 

used statistical methods, such as the correlation coefficient (R), percent of bias (PBIAS), and root 

mean square error (RMSE). Monthly values of stations' rainfall and minimum and maximum 

temperature data for the period 1975–2005 were used to evaluate the performance of RCM's 

simulated counterparts. 

A correlation coefficient is used to evaluate the linear relationship between the observed and RCM 

outputs in equation (4.1). A correlation coefficient value close to 1 shows a very good fit between 

observed and modeled data. 

Correlation coefficient (R) =  
∑ ( 𝑆𝑖− 𝑆𝑖̅) ( 𝑂𝑖−𝑂𝑖̅̅ ̅) 
𝑁
𝑡=1

√∑ ( 𝑆𝑖−𝑆𝐼̅̅̅) ∑ ( 𝑂𝑖−𝑂𝑖̅̅ ̅)
𝑁
𝑡=1

𝑁
𝑡=1

    ………………………..……………… (4.1) 

Percent of bias measured systematic bias between two observed and RCM outputs variables in 

terms of percent equation (4.2). A PBIAS value of zero indicates no systematic difference between 

simulated and observed amounts, whereas a large PBIAS indicates that the RCM rainfall amount 

largely diverges from the observed one. A positive PBIAS indicates overestimation whereas a 

negative PBIAS indicates an underestimation of observed variables. 
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Percent of bias (PBIAS) =  
∑   (𝑆𝑖−𝑂𝑖)
𝑛
𝑖=1      

∑ 𝑂𝑖
𝑛
𝑖=1   

× 100 ……………………………………………… (4.2) 

RMSE equation (4.3) is used to show the differences between observed and model outputs. A 

RMSE value close to zero indicates a very good agreement between studied variables. 

   RMSE =  √
∑ ( 𝑆𝑖 − 𝑂𝑖 )2
𝑛
𝑖=1  

𝑛
  ……………………………………………………………………. (4.3) 

The coefficient of variation (CV) equation (4.4) and third quantile for both the observed and 

RCM rainfall data were estimated to evaluate the agreement between the monthly observed and 

RCM rainfall data variability in each station.  

CV= 100 ×
𝜎

µ
………………………………………………………………............................. (4.4) 

Where 𝑆𝑖 and 𝑂𝑖 are the ith simulated and observed variables, the bar over the symbols denotes the 

variables representing mean values for the analysis period of (1975–2005); and n represents the 

analysis period, which was 30 years; 𝜎 𝑎𝑛𝑑  µ represents to standard deviation and mean of either 

the RCM or observed. 

This study examines trends in annual rainfall as well as maximum and minimum temperature from 

1975-2005 in the Baro-Akobo basin because lack of information on climate trends at the station 

level. Therefore, the ability of RCMs to simulate trends in rainfall and temperatures necessitated 

further investigation. The Mann-Kendall (MK) trend test and Sen’s slope methods were used to 

assess the trends and magnitude of change in observed annual rainfall and temperature time series, 

as well as bias-corrected RCM outputs. These methods have been widely used to assess the 

significance of trends in climatologic and hydrologic time-series studies (e.g., Tabari et al., 2015; 

Tekleab et al., 2013). The MK trend test is based on two hypotheses, in which the null hypothesis 

assumes that there is no trend and the alternative hypothesis assumes that there is a significant 

trend in the time series for a given significance level. 

The MK test (S) Statistic is calculated using equation (4.5).   

  𝑆 =  ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖)𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1   ………………………………………………………… (4.5)    

 The test of significance is computed using equation (4.6) 
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  sgn (𝑥𝑗 − 𝑥𝑖)  =  { 

+1 𝑖𝑓((𝑥𝑗 − 𝑥𝑖) > 0                                                                          

0 𝑖𝑓(𝑥𝑗 − 𝑥𝑖) =  0………………………………………………………(4.6)

−1 𝑖𝑓 ((𝑥𝑗 − 𝑥𝑖) < 0                                                                         

 

where 𝑥𝑖 𝑎𝑛𝑑   𝑥𝑗 , are the annual values in years i and j, j > 1 respectively. 

The standard MK statistic Z which is used to measure the significance of trends can be calculated 

using equation (4.7). 

Z =  

{
 
 

 
 

𝑆−1

√𝑉𝑎𝑟 (𝑆)  
      𝑖𝑓 𝑆 > 0

0                𝑖𝑓  𝑆 = 0 
𝑆 +1

√𝑉𝑎𝑟 (𝑆)
    𝑖𝑓 𝑆 < 0

           ……………………………………………………………... (4.7) 

The Z values are approximately normally distributed, and a positive Z value greater than 1.96 

(based on normal probability tables) denotes a significant increasing trend at the significance level 

of 0.05, while a negative Z value less than −1.96 denotes a significant decreasing trend. The 

variance of S is calculated by 

Var (S) =  
𝑛(𝑛−1)(2𝑛+5)− ∑ 𝑡𝑖 (𝑡𝑖 −1)(2𝑡𝑖 + 5) 

𝑚
𝑖=1

18
 ………………………………………………… (4.8) 

Magnitude of slope 

Whenever there is a linear trend in a time series, the true slope can be estimated by using a 

nonparametric method (Sen, 1968). Yue et al. (2002) reported that Sen’s slope approach is robust 

at estimating the magnitude of a trend. The trend magnitude by this method is estimated as follows. 

B = Median 
𝑥𝑗 − 𝑥𝑖

𝑡𝑗−𝑡𝑖
  ………………………………………………………………................... (4.9) 

Where 𝑥𝑗 and 𝑥𝑖 are data values at times 𝑡𝑗 and 𝑡𝑖 (j>1), respectively. 

However, the MK trend test is highly influenced by serially correlated data. Therefore, to eliminate 

the effect of serial correlations on the MK trend test, several methods have been developed in the 

literature. These methods include pre-whitening (von Storch, 1999), variance correction (Hamed 

and Rao, 1998), and TFPW (Yue et al., 2002). Trend Free Pre-Whitening (TFPW) methods were 

used in this study, which accounts for all serial correlations that are significant at the 95% 

confidence level (Yue et al., 2002). The methods provide a better assessment of the significance 

of the trends for serially correlated data (e.g., Kumar et al., 2009; Zhang & Lu, 2009). Tekleab et 
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al. (2013) and Yue et al. (2002) described the procedure of trend-free pre-whitening (TFPW) 

methods for removing time series data for serial correlation.  

4.3 Results and discussion  

4.3.1 Performance of RCMs outputs in reproducing monthly mean rainfall  

Figure 4.1a shows the magnitude and distribution of the mean monthly observed and raw RCM 

outputs of rainfall. Most of the raw RCM rainfall data captured the distribution of the mean 

monthly observed rainfall in the majority of the studied stations, although the time series was 

shifted by 1 to 2 months. The shift occurred, particularly during the peak rainfall period. Moreover, 

the raw RCMs indicated either an overestimation or an underestimation of the observed value at 

most stations. In most of the months, especially during the wet season, CCLM4 (CNRM) and 

CCLM4 (ICHEC) showed an overestimation of the observed values at most stations, whereas 

CCLM4 (MPI), all RCA4, and REMO (MPI) were characterized by underestimation. However, 

RCA4 (CNRM) and RCA4 (ICHEC) showed an exceptional overestimation at stations Mizan–

Teferi and Masha during most of the rainy season. In most stations, the ensemble showed an 

underestimation of the observed value in the majority of the months. In the raw RCM comparison, 

the CCLM4 model performed better in reproducing the observed rainfall than the RCA4 and the 

REMO at most of the studied stations. Haile & Rientjes (2015) indicated an underestimation of 

the observed mean monthly rainfall by most of the RCMs in the Upper Blue Nile. 

The bias correction techniques of individual RCMs and their ensemble, DM (Figure 4.1b) and LS 

(Figure 4.1c), well captured the magnitude and the mean monthly rainfall distribution in all 

stations. In the case of rainfall, a 1 to 2-month shift at the onset of the peak rainfall season was 

also corrected after the implementation of bias correction. After bias correction, most RCMs' 

shortcomings, such as overestimation by the CCLM4 and underestimation by the RCA4, REMO, 

and ensemble mean, significantly improved. The LS method performed slightly better than the 

DM method in capturing the observed rainfall at most of the studied stations. However, at Chora 

station, the LS method showed an overestimation of the observed rainfall during the rainy season 

(May to September) when correcting the data from CCLM4 (MPI).  
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Figure 4.1 Mean monthly rainfall for; a) raw, b) distribution mapping (DM), and c) linear scaling 

(LS) RCMs outputs and observed data in 12 stations in the Baro−Akobo basin from 1975–2005.   

4.3.2 Performance of RCMs outputs in reproducing mean monthly maximum and minimum 

temperatures  

Figure 4.2a shows the magnitude and distribution of the mean monthly observed and raw RCM 

outputs of maximum temperatures. The majority of the individual raw RCMs and their ensemble 

mean accurately reproduced the distribution of mean monthly maximum temperatures in the 

majority of the stations. All raw RCMs except RCA4 (CNRM) and RCA4 (ICHEC) showed an 

underestimation of the observed mean monthly maximum temperature in most stations. 

Overestimation of the observed has prevailed at Gore and Dembi-Dollo. Comparing the raw 

RCM's skills, RCA4 (CNRM) performed better to reproduce the observed magnitude and 

distribution of the mean monthly maximum temperature in most of the stations. 

All individual RCMs as well as their ensemble mean bias substantially improved the observed 

maximum temperature after applying bias correction (Figure 4.2b). The overestimation or 

underestimation of the observed mean monthly maximum temperature was adequately removed in 

all stations after applying the DM bias correction. 
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Figure 4.2 Mean monthly maximum temperature for a) raw, b) distribution mapping (DM) RCM 

outputs and observed data in the Baro−Akobo basin from 1975–2005.  

Like the maximum temperatures, all the individual raw RCMs and their ensemble mean reproduce 

the distribution of the mean monthly minimum temperature in most of the stations (Figure 4.3a). 

However, the raw RCMs and their ensemble mean overestimated the observed over the majority 

of the stations, except RCA4 (ICHEC), which showed underestimation in some stations. 

 

a) 

b)

)) 
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Comparing the raw RCMs' skills, RCA4 (ICHEC) performed better to reproduce the observed 

magnitude and shape of the minimum temperature in most of the stations. 

The overestimation or underestimation of the observed mean monthly minimum temperature was 

adequately removed in most of the stations after applying DM bias correction (Figure 4.3b). 

However, CCLM4 (MPI) showed minor but consistent underestimation of the observed minimum 

temperature at Mizan-Teferi and overestimation at Mettu stations in most of the months. 
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Figure 4.3 Mean monthly minimum temperature for a) raw, and b) distribution mapping (DM) 

RCM outputs and observed data in the Baro−Akobo basin from 1975–2005.  

In general, the raw RCM simulations were characterized by overestimation and underestimation 

of rainfall and temperature in most of the stations. This could be due to rainfall and temperature 

varying spatially due to elevation differences among the considered meteorological stations. Other 

 

 

a) 

b)

) 
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studies (Teutschbein & Seibert, 2010; Worku et al., 2020b) have also reported the simulation of 

rainfall and temperature by climate models characterized by overestimation and underestimation 

in different locations. 

Findings in this study indicated that distribution mapping and linear scaling adequately corrected 

the bias in RCMs simulated mean monthly rainfall, while distribution mapping also adequately 

corrected the bias in mean monthly maximum and minimum temperatures in the study region. The 

bias-corrected rainfall and temperatures could be used to study the effects of climate change on 

water resources in the future. However, it is essential to examine and compare their skill for a 

specific impact study. Other studies (Fang et al., 2015; Teutschbein & Seibert, 2012; Worku et al., 

2020b) showed that these bias correction methods provided satisfactory performance in correcting 

mean monthly, annual rainfall, and temperature values. 

4.3.3 Statistical performance evaluation of raw and bias corrected RCMs against observed 

climate data 

4.3.3.1 Rainfall  

The statistical metrics such as correlation coefficient, PBIAS, and RMSE showed a substantial 

difference between raw and bias-corrected RCM output as compared to the observed long-term 

monthly rainfall data (Figure 4.4). Individual raw RCMs, as well as ensemble simulations, are 

heavily biased from observed data. Raw RCA4 (CNRM), RCA4 (ICHEC), and RCA4 (MPI) 

output showed an underestimation of the values observed at most stations. The highest PBIAS 

−66.8% and RMSE (5.9 mm/day) were estimated at Hurumu and Mizan–Teferi stations when the 

observed rainfall was compared with the RCM outputs of RCA4 (CNRM) and RCA4 (ICHEC), 

respectively. On the other hand, CCLM4 (CNRM) and CCLM4 (ICHEC) showed an 

overestimation of the observed rainfall at most stations. The highest PBIAS (65.4%) was obtained 

at the Bure station by CCLM4 (ICHEC). The ensemble produced the lowest biases compared to 

the individual raw RCMs, with a higher R-value and lower PBIAS and RMSE in most stations. 

The biases in the raw rainfall data were substantially reduced after the DM and LS bias corrections 

were applied. The LS was slightly better than the DM in correcting the bias from the individual 

raw RCMs and ensemble mean for most of the stations. In most cases, it provided 0 PBIAS, a 

lower RMSE, and a higher R-value. In both bias correction methods, the ensemble mean showed 

better performance in representing the observed rainfall in most of the stations with an R-value 
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above 0.8, a PBIAS of 0, and a low RMSE. Other studies (Endris et al., 2013; Nikulin et al., 2012; 

Worku et al., 2021) also reported that the ensemble outperformed the individual CORDEX Africa 

model outputs to represent observed rainfall and temperature data. It is worth mentioning that, 

future studies may use the ensemble mean of RCMs to understand the trends and impacts of climate 

change in the basin. 

 

Figure 4.4 Statistical performance evaluation of the raw and bias-corrected RCMs outputs against 

the monthly observed rainfall at 12 stations in the Baro−Akobo basin from 1975–2005. The R, 

PBIAS, and RMSE represent the correlation coefficient, percent bias, and root mean square error, 

respectively of the comparison with raw data. RDM, PBIASDM, and RMSEDM represent the 

correlation coefficient, percent bias, and root mean square error, respectively of the comparison 

with bias corrected data using the distribution mapping (DM). RLS, PBIASLS, and RMSELS 

represent the correlation coefficient, percent bias, and root mean square error, respectively of the 

comparison with bias corrected data using linear scaling (LS). 

4.3.3.2 Maximum temperature 

Raw outputs of RCMs had substantial biases compared to the observed monthly maximum 

temperature in terms of R, PBIAS, and RMSE (Figure 4.5a). The raw CCLM4 (ICHEC) obtained 

a large source of bias during the raw RCMs comparison against the observed, such as PBIAS of 
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−27.7 at Yubdu and RMSE of 8.2 at Aleme-Teferi station. The bias correction using the DM 

reduced biases substantially at most of the stations. For example, a PBIAS of −27.7 at Yubdu and 

an RMSE of 8.2 at Aleme-Teferi station by CCLM44 (ICHEC) were removed after applying a 

robust bias correction. The DM is effective in providing an optimal value of goodness-of-fit, such 

as a PBIAS of close to 0, RMSE less than 2.85, and R-value > 0.8 in most RCMs and studied 

stations. Although bias correction for individual RCMs significantly reduces the bias on the 

observed maximum temperature, the ensemble performed better in all stations except Alem-Teferi, 

with a PBIAS of 0, RMSE 1.7, and R > 0.86.  

4. 3.3.3 Minimum temperature  

The goodness-of-fit evaluations based on R, PBIAS, and RMSE statistics show that the DM 

substantially improved the biases of the raw RCMs simulated monthly minimum temperature 

(Figure 4.5b). However, the performance of the bias correction for the minimum temperature is 

less than that of the maximum temperature. For example, the minimum temperature RCMs' bias 

corrections for all the RCMs at Alem-Teferi station and CCLM4 (MPI) at Mizan-Teferi station 

show lower PBIAS than the corresponding evaluation for the maximum temperature. Like the 

maximum temperature and rainfall, the RCMs ensemble mean for minimum temperature 

performed better than the individual RCMs in representing the observed minimum temperature at 

most stations. According to Kim et al. (2014), the skill for minimum temperature RCMs is lower 

than that for maximum temperature RCMs. The low performance of minimum temperature RCMs 

to reproduce the observed minimum temperature may be due to the effects of undulating 

topography and cloudiness most of the time (Themeßl et al., 2012).   
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 Figure 4.5 Statistical performance evaluation of the raw and bias-corrected RCM outputs using 

distribution mapping (DM) against the observed; a) monthly maximum temperature b) monthly 

minimum temperature at six stations in the Baro–Akobo basin from 1975–2005. The R, PBIAS, 

and RMSE represent the correlation coefficient, percent bias, and root mean square error, 

respectively, of the comparison with raw data. RDM, PBIASDM, and RMSEDM represent the 

correlation coefficient, percent bias, and root mean square error, respectively, of the comparison 

with bias corrected data using the distribution mapping (DM). 

Besides the goodness-of-fit evaluations, the CV and third quantile were used to compare the raw 

and bias-corrected RCMs outputs with the observed historical monthly rainfall. The raw RCMs 

show substantial bias, with an underestimation of the third quantile and an overestimation of the 

CV in most stations (Figure 4.6a). In terms of the third quantile, CCLM4 (CNRM) and CCLM4 

(ICHEC) overestimate the observed third quantile, whereas CCLM4 (MPI), RCA4 group, REMO 

(MPI), and the ensemble were underestimated in most stations. 

The third quantile and CV agreement were improved after applying DM (Figure 4.6b) and LS 

(Figure 4.6c) bias corrections to the raw RCM data. As it is presented in the figures, after applying 

bias correction, the difference between the third quantile and CV of the observed rainfall and all 

RCMs as well as their ensemble mean was minor. The LS was slightly better than the DM in 

reproducing the annual cycle, while the DM was better in representing the third quantile and CV 

in most of the stations. Teutschbein & Seibert (2012) also reported that DM was better in 

estimating frequency-based statistics such as the third quantile. However, in time-series-based 

metrics such as PBIAS and RMSE, the performance of mean-based methods (e.g., linear scaling) 

was slightly better than quantile-based methods (Fang et al., 2015). In general, in both bias 

correction methods, there is no substantial difference between these results, which indicates the 

corrected monthly rainfall time series are in good agreement with the observations. 
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Figure 4.6 The coefficient of variation (CV) and third quantile values between the observed 

monthly rainfall and a) raw RCMs, b) distribution mapping, c) for linear scaling for the period of 

1975–2005 for 12 studied stations.  

4.3.5 Mann-Kendall (MK) trend test and Sen’s slope estimate for annual rainfall, maximum 

and minimum temperature  

The trend analysis of the observed annual rainfall series indicated decreasing trends at eight 

stations and increases at four stations (Table 4.2). The decreasing trends are statistically significant 

at Gore, Masha, Uka, and Mettu, whereas the increasing trends are not significant at all stations. 

The magnitudes of the significant decreasing trends at Gore, Masha, Uka, and Mettu stations were  

−6.89 and −8.9 mm/year, −12 and −17 mm/year, respectively (Table 4.3). A statistical assessment  

of rainfall trends in the upper Blue Nile River basin by Tabari et al. (2015) reported a decreasing 

annual rainfall trend at Gore station. Cheung et al. (2008) also reported a significant decreasing 

trend in the June to September rainfall in the southwestern and central parts of Ethiopia. Both DM 

and LS bias-corrected RCM and their ensemble rainfall data showed a similar trend to the observed 

rainfall data in most stations.  

Table 4.2 Mann-Kendall trend tests result for observed and bias-corrected RCMs annual rainfall time 

series. Values in bold indicate statistically significant trends at the 5% level of significant level.  

  Alem-
Teferi 

Bure Gore Masha Mizan-
Teferi 

Tepi Uka Mettu Dembi-
Dollo 

Hurumu Chora Yubdu 

OBS −0.03 0.67 −2.49 −2.50 −1.56 −1.26 −5.60 −3.60 0.47 0.24 −0.21 −0.96 

RCA4(CNRM)_DM −0.84 −1.36 −0.36 −0.82 −1.28 −1.91 −2.21 −0.08 −1.38 −0.34 0.52 0.31 
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RCA4(ICHEC)_DM 1.09 1.23 0.58 0.24 −0.99 0.07 0.74 0.61 −0.41 0.71 0.95 1.29 

RCA4(ESM)_DM 0.91 −0.03 −0.11 −0.75 −1.01 −1.36 −0.31 0.24 −1.07 0.22 1.33 0.8 

CCLM44(CNRM)_DM −1.36 −1.66 −1.02 −0.92 −1.46 −1.63 −1.32 −1.02 −1.33 −1.26 −1.27 −1.73 

CCLM44(ICHEC)_DM −1.95 −1.68 −2.11 −3.40 −1.12 −1.28 −1.57 −2.25 −1.50 −1.18 −1.61 −1.27 

CCLM44(ESM)_DM −0.54 −0.82 −0.92 −1.12 −1.46 −1.19 −0.93 −1.19 −1.19 −1.22 −1.24 −0.95 

REMO(MPI)_DM −2.01 −1.24 −2.48 −3.37 −1.55 −1.90 −2.07 −3.68 −1.70 −1.52 −2.00 −1.03 

ENS_DM −1.87 −3.80 −2.31 −2.72 −2.26 −1.13 −3.95 −1.97 −1.44 −1.14 −1.54 −1.06 

RCA4(CNRM)_LS −0.96 −1.02 −0.06 0.2 −1.09 −1.97 −2.21 −0.03 −1.37 −0.34 0.52 0.31 

RCA4(ICHEC)_LS 1.16 1.22 0.41 −0.02 −1.16 0.07 0.94 0.54 −0.91 0.71 0.95 1.29 

RCA4(ESM)_LS −0.49 0.17 −0.69 −1.33 0.31 −1.36 −0.21 −0.27 −1.77 0.12 1.63 0.8 

CCLM44(CNRM)_LS −1.46 −1.71 −1.60 −1.86 −2.10 −1.73 −1.32 −1.43 −2.63 −1.26 −1.87 −1.83 

CCLM44(ICHEC)_LS 1.02 −1.95 −1.95 −1.46 −3.51 −2.28 −1.17 −1.82 −3.50 −1.18 −1.61 −1.75 

CCLM44(ESM)_LS −1.16 −1.16 −1.37 −3.37 −1.73 −1.39 −0.93 −1.70 −1.19 −1.22 −1.24 −0.95 

REMO(MPI)_LS −1.90 −3.01 −1.90 −2.86 −1.41 −1.94 −2.27 −2.11 −1.70 −2.52 −3.00 −2.03 

ENS_LS −3.01 −3.01 −2.82 −1.06 −3.74 −3.13 −3.55 −2.11 −2.44 −1.84 −1.94 −1.16 

 

Table 4.3 Sen’s slope result for observed and bias-corrected RCMs annual rainfall time series. 

  
Alem-
Teferi 

Bure Gore Masha 
Mizan-
Teferi 

Tepi Uka Mettu 
Dembi-
Dollo 

Hurumu Chora Yubdu 

OBS −0.2 1.3 −6.9 −8.9 1.9 −2.5 −12 −17 0.7 0.6 −0.3 −2.4 

RCA4(CNRM)_DM −2.06 −3.20 −3.23 −8.33 −17.1 −11.11 −6.84 −0.9 −2.11 −1.55 1.4 1.35 

RCA4(ICHEC)_DM 6.22 5.24 5.01 2.15 −8.7 0.1 3.54 4.8 −1.95 5.87 6 11.3 

RCA4(ESM)_DM 1.47 −0.36 −0.44 −2.18 −13.0 −7.70 −1.22 1.25 −2.11 1.35 4.2 5.03 

CCLM44(CNRM)_DM −10.84 −7.94 −9.75 −11.2 −10.8 −11.1 −8.89 −8.57 −5.44 −9.54 −10.8 −15.1 

CCLM44(ICHEC)_DM −10.51 −12.35 −10.6 −19.3 −25.39 −10.4 −12.4 −11.6 −11.5 −12.4 −11.5 −8.23 

CCLM44(ESM)_DM −4.65 −5.66 −7.22 −10.30 −14.81 −7.7 −8.42 −7.88 −10.77 −9.59 −11.3 −5.06 

REMO(MPI)_DM −14.07 −12.72 −11.2 −15.67 −12.9 −11.5 −16.2 −10.1 −8.14 −11.8 −8.8 −6.1 

ENS_DM −5.99 −6.66 −8.03 −10.40 −14.5 −5.45 −9.34 −6.47 −8.54 −7.75 −5.4 −3.7 

RCA4(CNRM)_LS −3.20 −3.31 −0.65 1.26 −8.50 −13.1 −5.84 −0.7 −4.11 −1.75 1.5 2.35 

RCA4(ICHEC)_LS 4.99 4.2 3.26 −0.07 −9.01 0.6 3.54 4.02 −2.95 5.97 6.9 10.3 

RCA4(ESM)_LS −1.67 0.48 −1.24 −11.19 2.92 −7.70 −1.12 −0.92 −3.11 1.85 2.2 5.03 

CCLM44(CNRM)_LS −7.45 −5.69 −9.84 −15.73 −11.89 −11.1 −8.8 −6.85 −10.4 −8.54 −9.8 −15.1 

CCLM44(ICHEC)_LS −4.21 −6.36 −7.86 −14.94 −26.63 −14.3 −11.4 −8.61 −13.8 −11.5 −10.4 −9.2 

CCLM44(ESM)_LS −4.21 −12.00 −10.26 −16.62 −18.48 −7.7 −4.42 −6.92 −10.7 −8.59 −14.3 −5.5 

REMO(MPI)_LS −5.16 −12.00 −6.53 −9.49 −15.23 −11.5 −10.2 −9.27 −12.2 −10.8 −9.8 −5.22 

ENS_LS −5.16 −5.16 4.26 −10.73 −12.62 −9.45 −7.34 −6.75 −8.5 −7.25 −6.4 −2.7 

 

There was an increasing but not significant trend in the observed annual maximum temperature at 

three stations and a significant increasing trend at three stations (Table 4.4). The significant 
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increasing trends were observed at Alem-Teferi, Mizan-Teferi, and Mettu stations, and the slope 

of the trends was 0.005, 0.003, and 0.008 °C/year, respectively (Table 4.5). All of the bias-

corrected individual RCMs and their ensemble mean showed similar increasing trends to the 

observed stations. The maximum temperature shows an increasing trend in the study region, and 

these results are in good agreement (Christy et al., 2009). They showed an increasing trend in the 

eastern part of Africa. Likewise, the Intergovernmental Panel on Climate Change reported an 

increasing trend in observed temperatures across the African continent (IPCC, 2014). 

When it comes to the minimum temperature, insignificant decreasing trends at two stations and an 

increasing trend at four stations were observed (Table 4.4). A significant increasing trend was 

observed only at Yubdu station, with the slope of the trend at 0.07 °C per year. Like the maximum 

temperature, all of the bias-corrected RCMs and their ensemble mean showed similar increasing 

trends observed in all stations (Table 4.4). The majority of the increasing minimum temperature 

trends are in good agreement (Tekleab et al., 2013). They showed an increasing trend in minimum 

temperatures for the majority of the stations in the Upper Blue Nile basin, Ethiopia. 

Table 4.4 Mann-Kendall test result for observed and bias-corrected RCMs for annual maximum and 

minimum temperature time series. Values in bold indicate statistically significant trends at the 5% level 

of significant level. 

Variable   Alem-Teferi Gore Mizan-Teferi Mettu Dembi-Dollo Yubdu 

Tmax OBS 2.15 1.86 2.18 3.26 0.78 1.36 

RCA4(CNRM)_DM 1.53 0.65 1.33 0.73 0.75 0.8 

RCA4(ICHEC)_DM 2.33 1.03 1.57 1.12 0.97 1.13 

CCLM44(CNRM)_DM 2.93 1.19 1.92 1.31 1.24 1.43 

CCLM44(ICHEC)_DM 1.18 0.47 1.68 0.52 0.88 0.63 

CCLM44(ESM)_DM 2.84 1.35 1.39 1.5 1.3 1.6 

ENS_DM 2.46 1.01 1.67 1.09 1.12 1.23 

Tmin OBS -0.2 1.53 0.3 -0.87 0.36 3.74 

RCA4(CNRM)_DM 3.13 2.62 2.52 2.89 2.72 3.01 

RCA4(ICHEC)_DM 4.01 4.17 3.86 4.05 3.71 2.75 

CCLM44(CNRM)_DM 4.34 4.3 4.34 4.51 4.22 2.79 

CCLM44(ICHEC)_DM 2.48 3.09 3.86 2.43 2.99 3.96 

CCLM44(ESM)_DM 2.73 2.78 2.37 2.61 2.81 4.73 

ENS_DM 3.56 3.46 3.4 3.4 3.54 3.55 
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Table 4.5 Sen’s slope result for observed and bias-corrected RCMs for annual maximum and minimum 

temperature time series. 

Variable   Alem-Teferi Gore Mizan-Teferi Mettu Dembi-Dollo Yubdu 

Tmax OBS 0.005 0.01 0.003 0.008 0.002 0.004 

              

RCA4(CNRM)_DM 0.003 0.001 0.002 0.002 0.002 0.002 

RCA4(ICHEC)_DM 0.004 0.002 0.002 0.002 0.002 0.003 

CCLM44(CNRM)_DM 0.005 0.002 0.003 0.003 0.002 0.004 

CCLM44(ICHEC)_DM 0.002 0.001 0.003 0.001 0.002 0.002 

CCLM44(ESM)_DM 0.005 0.003 0.002 0.003 0.003 0.004 

ENS_DM 0.004 0.01 0.002 0.002 0.002 0.003 

Tmin OBS -0.003 0.021 0.006 -0.035 0.003 0.07 

RCA4(CNRM)_DM 0.023 0.013 0.025 0.029 0.028 0.044 

RCA4(ICHEC)_DM 0.04 0.026 0.04 0.046 0.04 0.066 

CCLM44(CNRM)_DM 0.056 0.034 0.063 0.061 0.05 0.028 

CCLM44(ICHEC)_DM 0.045 0.026 0.056 0.044 0.043 0.041 

CCLM44(ESM)_DM 0.059 0.034 0.047 0.059 0.048 0.062 

ENS_DM 0.045 0.026 0.048 0.049 0.04 0.048 

 

In general, the findings show that after applying the distribution mapping, the individual, as well 

as ensemble RCMs adequately simulate the trends in annual rainfall and maximum and minimum 

temperatures. Such robust RCM output could be used in future climate change impact studies on 

the basin. Dile et al. (2013) reported that statistically downscaled outputs of the HadCM3 model 

output can provide useful information to devise appropriate climate change adaptation and 

mitigation strategies. For instance, sustainable watershed management practices that help to cope 

with the challenges of climate change are examples of climate change adaptation and mitigation 

strategies. 

Changes in rainfall and temperature due to climate change may exacerbate the socio-ecological 

risks in the study area by impacting the basic natural resources that rural households rely on. The 

majority of people in the Baro-Akobo basin are smallholder farmers who rely on agriculture and 

pastoralism for a living. A decreasing trend of rainfall and an increasing trend of temperature may 

affect the available surface and groundwater resources and thereby affect agricultural and 

ecological productivity, which are a source of livelihood for smallholder farmers. Therefore, to 

cope with the impacts of climate change in the study region, appropriate adaptation and mitigation 

strategies should be devised to reduce the severe impacts on the social-ecological systems in the 

basin. 
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4.4 Conclusion 

This study evaluated the different RCMs driven by GCMs, which are part of the Coupled Model 

Intercomparison Project Phase 5 (CMIP5). The Baro–Akobo River basin, which has many ongoing 

and proposed water resource projects that may be impacted by climate change and variability, has 

been selected for evaluation. Statistical metrics, such as the coefficient of correlation, PBIAS, and 

root mean square error, were used to compare the raw and bias corrected RCM's outputs with the 

observed climate. 

The findings of this study show that the raw RCM simulations were characterized by 

overestimation and underestimation of rainfall and temperature in most of the stations. This is 

likely due to rainfall and temperature varying spatially due to elevation differences among the 

considered meteorological stations. In most stations, no substantial difference is found after bias 

correction between the observed and the RCM simulations, and a relatively small variability range 

is identified in mean monthly distribution simulations and statistical performance evaluations for 

rainfall and temperatures during the period 1975–2005. The finding indicated that the DM bias 

correction methods for temperature and the LS and DM methods for rainfall provide a higher level 

of certainty in the reproduction of monthly rainfall and temperatures. 

It is noted that in most stations, bias-corrected climate data resulted in a better representation of 

temperature than rainfall, indicating greater uncertainty still exists in model-simulated rainfall than 

temperature. In most stations, the ensemble has shown improved performance as compared to most 

individual RCM models. However, the findings show that the performance of the RCMs varies 

subject to the performance measures used for evaluation.  

The MK trend test for observed data and most of the bias corrected RCMs and the ensemble 

showed a decreasing rainfall trend, while both the maximum and minimum temperature showed 

an increasing trend in most of the stations. Improving the understanding of rainfall and 

temperatures is of high importance for the basin, as the economy is primarily based on rainfed 

agriculture and therefore vulnerable to climate variability and climate change. Therefore, this study 

shows that the ensemble mean after bias correction has led to better performance when compared 

to most individual models when evaluated by several statistical metrics such as the RMSE, PBIAS, 

and correlation coefficient. 
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5. Evaluation of observed and satellite-based climate products for hydrological simulation in 

data-scarce Baro−Akobo River Basin, Ethiopia2 

Abstract  

Hydrological modeling in data-scarce areas is difficult. Recent advances in remote sensing make 

producing climate data easier and provide alternatives to conventional climate data sources, 

particularly for hydro-climatological studies in data-scarce regions. However, rigorous evaluations 

are warranted to evaluate the reliability and effectiveness of gridded climate products. This study 

evaluated the CFSR and CHIRPS products against the observed climate for hydrologic prediction 

at two streamflow gauging stations. The SWAT is used to simulate hydrological processes in 

watersheds. Model sensitivity analysis and calibration were conducted using the Sequential 

Uncertainty Fitting-2 (SUFI-2) algorithm in the SWAT-Calibration Uncertainty and Prediction 

(SWAT-CUP). Input data such as DEM, soil, land use, and hydro-climate data were used for the 

model. Streamflow simulation performance was evaluated using several statistical, hydrological, 

and prediction uncertainty measures of p-factor and r-factor within the SUFI-2 framework. 

Simulation of the model using the observed and gridded climate products provided satisfactory 

model performance in terms of the goodness of fit criteria and uncertainty prediction. Results show 

that CHIRPS rainfall combined with CFSR and observed temperatures demonstrates slightly better 

statistics and hydrological performance than observed, but shows a substantial difference from 

CFSR. The simulations with CHIRPS and observed yielded minor differences in the water balance 

component estimates, whereas the CFSR simulation gave lower average annual rainfall, resulting 

in lower water balance components. Quantifying the various components of the water balance in 

the watershed helps to tackle water and soil management issues. Overall, the combination of 

CHIRPS rainfall and CFSR temperature can serve as a better alternative climate input for 

hydrological applications in the study region.2 

                                                             
2 This chapter is based on Mengistu, A.G., Woldesenbet, T.A, Dile, Y.T. Evaluation of observed 

and satellite-based climate products for hydrological simulation in data-scarce Baro–Akob River 

basin, Ethiopia. Ecohydrology & Hydrobiology, https://doi.org/10.1016/j.ecohyd.2021.11.006 
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5.1 Introduction 

Hydrological modeling in data-poor regions across the globe has always been a challenge. This 

situation is exacerbated when dealing with large-scale and transboundary river basins (Cho et al., 

2009). The lack of adequate hydroclimatic data makes sustainable water resource research and 

development daunting in times of global environmental challenges. For example, although the Nile 

River is the main water resource for several of the Nile Basin countries, it is under immense 

pressure from multiple compounding environmental, social, geopolitical, and legislative issues. 

One of the key challenges to the Nile Basin is climate variability and change, which are 

undermining smallholders’ ability to continue rainfed agriculture and pastoral ways of life, for 

example in the Baro basin (Beyene et al., 2010; Kim et al., 2008; Pacini & Harper, 2016). Several 

previous studies provide evidence that streamflow alteration has many ecological consequences 

(e.g., Poff & Zimmerman, 2010). Hydrologic models have been used to assess changes in water 

resources in various catchments across scales (Srinivasan et al., 2010). However, hydrological 

modeling in large river basins with diverse terrain and sparse gauge networks often leads to poor 

simulation results (Cho et al., 2009). 

The Baro–Akobo River basin is an important transboundary river basin with high geopolitical and 

hydrologic importance for its riparian countries. However, the basin lacks adequate ground 

measurements of meteorological and hydrological data. Moreover, the existing data has significant 

drawbacks, such as lots of missing records, a low density of stations, and short periods of times of 

record (Alemayehu et al., 2016; Mengistu et al., 2021). This calls for the need to look for 

alternative data products that can be used for hydrological modeling and application.  

Several gridded rainfall products at different spatial and temporal resolutions are increasingly 

available for various applications (e.g., Tapiador et al., 2012). These rainfall products include 

TRMM (Tropical Rainfall Measuring Mission) multi-satellite precipitation analysis (TMPA) 

(Huffman et al., 2007), Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS, 

Funk et al., 2015), Integrated Multi-satellitE Retrievals for Global Precipitation Measurement 

(IMERG, Huffman et al., 2019), Tropical Applications of Meteorology using Satellite Data and 

Ground-Based Observations (TAMSAT, Maidment et al., 2015), European Centre for Medium-

Range Weather Forecasts (ECMWF, Balsamo et al., 2015), Precipitation Estimation from 

Remotely Sensed Information using Artificial Neural Networks (PERSIANN, Hsu et al., 1997), 
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and CPC Morphing Technique (CMORPH, Joyce et al., 2004). These gridded satellite rainfall 

products are subjected to systematic bias and random errors (Kidd, 2001), even though they 

provide long-term time series data in near-real-time with high spatial and temporal resolution. 

Hence, it is indispensable to evaluate the performance of these products before they are used for 

hydrologic modeling. 

The performance evaluation of gridded rainfall products in different climatic and geographic 

regions has been undertaken in several studies. According to the findings, the product's 

performance is highly dependent on evaluation approaches (Worqlul et al., 2014), spatial 

resolution (Baez-Villanueva et al., 2018), and topography difference (Fenta et al., 2018).This 

demonstrates that the bias of gridded products in capturing rainfall values differs across climatic 

and geographic regions, which can be translated into streamflow simulations and water balance 

estimates. Thus, before using the gridded climate products for hydrological applications, validation 

and calibration are necessary for a specific region. 

Several studies have been undertaken to evaluate gridded satellite rainfall products with ground 

observations across many watersheds (e.g., Bui et al., 2021; Dhanesh et al., 2020; Fuka et al., 2013; 

Hirpa et al.,  2010; Mekonnen et al., 2021; Radcliffe & Mukundan, 2017; Rahman et al., 2020; 

Tuo et al., 2016; Yang et al., 2014). Most of the applications of hydrological modeling in Ethiopia 

have been concentrated in the Upper Blue Nile Basin. Bitew et al. (2012) evaluated multiple 

satellite remote sensing products such as CMORPH, TMPA 3B42RT, TMPA 3B42, and 

PERSIANN to simulate streamflow for the Koga watershed using the SWAT model. The study 

reported that CMORPH and 3B42RT were able to reproduce the streamflow but underestimated 

the peak flow, while simulations with the 3B42 and PERSIANN provided poor performance. 

Worqlul et al. (2014) applied a semi-distributed Hydrologiska Byråns Vattenbalansavdelning 

(HBV) hydrologic model and Parameter Efficient Distributed (PED) to evaluate TRMM 3B42, 

CFSR, and ground-based rainfall estimates for streamflow simulations in the Gilgel Abay and 

Main Beles watersheds. The results indicated that the simulated streamflows using the observed 

data performed better for both watersheds (except for the peak events) than the CFSR and TRMM 

satellite rainfall estimates. Dile & Srinivasan (2014) applied the SWAT model to evaluate CFSR 

in the Lake Tana basin of the Upper Blue Nile basin. They reported that both observed and CFSR 

climate simulations reproduced the observed streamflow well, although the rainfall data of the 

CFSR climate showed overestimations and underestimations of the observed rainfall in certain 
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parts of the basin. Fuka et al. (2013) used SWAT to compare the CFSR climate to the observed 

climate to simulate streamflow in the Gumera watershed in the Lake Tana basin, and found that 

both the observed and CFSR climates reproduced the observed streamflow at the watershed outlet. 

Likewise, Duan et al. (2016) evaluated the CFSR climate with the observed climate in the Upper 

Blue Nile basin, in which the performance of streamflow simulations with the CFSR climate was 

lower than the simulations with the observed climate. Dhanesh et al. (2020) compared the 

performance of CFSR and CHIRPS data to simulate streamflow using the SWAT model over ten 

watersheds distributed across different climatic regions, including Ethiopia. They reported that 

CHIRPS rainfall outperformed CFSR climate to predict streamflow in most of the studied 

watersheds. 

Although climate data scarcity has limited progress in research in the study area, to the best of the 

authors’ knowledge, no research has been conducted to evaluate the applicability of satellite-based 

climate data for hydrological studies in the basin. This study, therefore, aims to evaluate the 

applicability of the gridded climate products to predict observed streamflow in the Baro and Sore 

watersheds within the Baro–Akobo basin. The simulations with the CFSR and CHIRPS data were 

compared with the simulations that use observed climate since they have not been previously 

evaluated and tested over the study area. The CFSR climate was selected as it has complete climate 

variables, including rainfall, maximum and minimum temperature, wind speed, solar radiation, 

and relative humidity. Although the CHIRPS has only rainfall data, it was selected as it provided 

reasonable performance to reproduce observed flow in several watersheds (e.g., Dhanesh et al., 

2020; Xian et al., 2019), and the CHIRPS comprises data from a higher number of rain gauges and 

is found to be better than other datasets, which makes it preferable for our study region (Dinku et 

al., 2018). Furthermore, the CFSR and CHIRPS datasets have long-term recorded data and 

relatively higher spatial and temporal resolutions. The performance of the climate datasets for 

hydrological predictions was evaluated using the SWAT model. SWAT is a physically-based 

model that was developed to understand the impacts of changes in land management and climate 

on water, sediment, and nutrients in varying-sized watersheds with different land uses, soils, and 

topography (Arnold et al., 1998). The model has been applied for various hydrological applications 

in multiple watersheds in Ethiopia and provided satisfactory performance (Dile et al., 2020; 

Mengistu & Sorteberg, 2012; Setegn et al., 2008; Teklay et al., 2021; White et al., 2011; 

Woldesenbet et al., 2018; Worku et al., 2021). 
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5.2 Materials and Methods 

5.2.1 Data source  

The SWAT model requires hydroclimate to set up, calibrate, and validate different biophysical 

processes in watersheds (Figure 5.1). Ground-based observed daily rainfall and maximum and 

minimum temperature records were provided by the Ethiopian National Meteorological Services 

Agency (NMA). Daily discharge data for Baro (near Gambella) and Sore (near Metu) gauge 

stations were provided by the Ethiopian Ministry of Water and Energy (MOWE). 

The study also used reanalysis and satellite-based climate data, including CFSR and CHIRPS. The 

CFSR is a reanalysis dataset that is a widely used source of weather data and is obtained from 

http://globalweather.tamu.edu/. The CFSR product is a reanalysis dataset that combines the 

weather forecasts generated by the National Weather Service Global Forecast System and satellite 

data. The horizontal spatial resolution of CFSR is about 38 km, and it has been available since 

1979 (Saha et al., 2010). The CFSR data consists of rainfall, maximum and minimum 

temperatures, wind speed, relative humidity, and solar radiation (Saha et al., 2010). The CHIRPS 

dataset consists of three products, including global climatology, satellite estimates, and gauge 

observations at different temporal resolutions (Funk et al., 2015). The datasets were produced 

using a relatively large collection of rain gauge data in East Africa and showed satisfactory 

prediction accuracy for Ethiopia when compared with observed meteorological data (Dinku et al., 

2018). The CHIRPS rainfall products at 0.25° × 0.25° resolution covering the period 1981 to the 

present are available at (http://chg.geog.ucsb.edu/data/chirps/). Both the CFSR and CHIRPS data 

were obtained for a bounding box of 7° 3' to 9° 10' N latitudes and 34° 37' to 36° 17' E longitudes. 

Additionally, the SWAT model requires spatial data, including DEM, land use, and soil data, to 

generate topographic and other spatial input data to simulate processes at different spatial units 

(i.e., hydrological response units (HRUs), reaches, and subbasins). Arnold et al. (2012) define 

HRUs as the smallest units in the model where many of the biophysical processes are estimated. 

The DEM data is required to delineate watersheds and create other topographic information such 

as slope, stream network, and channel length. A 30-meter (1 arc-second) resolution Shuttle Radar 

Topography Mission (SRTM) DEM dataset was obtained from the USGS website 

(https://earthexplorer.usgs.gov) (Figure 5.1). Land use data is employed to feed land use 

(agriculture, forest, etc.) and management information into the SWAT model, which is used to 

http://chg.geog.ucsb.edu/data/chirps/
https://earthexplorer.usgs.gov/
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simulate various biophysical processes. The land use maps of the year 2000 were obtained from 

the Ethiopian Mapping Agency (EMA). The dominant land-use types in the basin include forest, 

agriculture, and grassland. The SWAT model requires soil physicochemical properties such as soil 

texture, available water content, hydraulic conductivity, bulk density, and organic carbon content 

for multiple soil layers to simulate different biophysical processes. The soils’ physical and 

chemical parameters were collected from the Harmonized World Soil Database 

(FAO/IIASA/ISRIC/ISS-CAS/JRC, 2008). The dominant part of the soil has clay (78.15%), 

followed by clay-loam (18.71%) and silt-clay (3.1%) soil textures. 

 

Figure 5.1 Location map of the Baro basin along with the spatial distribution of elevation and the 

hydro-meteorological stations at corresponding gridded climate products. 

5.2.2 Model setup 

To evaluate the performance of observed and gridded climate datasets for hydrological simulation, 

the SWAT model was used. The model can simulate major hydrologic processes that include 
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evapotranspiration, surface runoff, infiltration, and percolation (Arnold et al., 1998). Four SWAT 

models were created and run using four different climate dataset combinations: 1) observed 

climate, 2) CFSR, 3) CHIRPS+CFSR, and 4) CHIRPS+ observed. Since CHIRPS data has only 

rainfall, the remaining minimum, and maximum temperature data were based on observed and 

CFSR data, which helps to know under which combination of climate datasets CHIRPS performed 

best. The streamflow simulation of the performance of four climate datasets for the period 1981-

201 was compared to identify a climate dataset that better simulates the biophysical processes in 

the watersheds. 

5.3 Result and discussion 

5.3.1. Parameter sensitivity  

The parameter sensitivities were estimated based on p-values and t-statistics from the SUFI-2 

sensitivity analysis of the eighteen studied parameters. The higher the t-statistic value and the 

smaller the p-value, the more sensitive the parameter is (Abbaspour et al., 2015). For the Baro 

watershed that uses observed climate data (Table 5.1), the most sensitive parameters based on their 

p-values and t-statistics were the curve number (CN2), base flow alpha factor (Alpha_BF), soil 

evaporation compensation factor (ESCO), available soil water capacity of the soil layer 

(SOL_AWC), and threshold water depth in the shallow aquifer required for return flow to occur 

(mm) (GWQMN). Likewise, for the Sore watershed, base flow alpha factor (Alpha_BF), curve 

number (CN2), and groundwater delay (GW_DELAY) were the most sensitive parameters (Table 

5.1). These parameters were found to be sensitive, with the relative sensitivity values (p-values) 

ranging from 0.00 to 0.49. Most of the sensitive parameters were related to surface runoff, soil 

properties, channel flow, and groundwater processes. The sensitive parameters suggest that more 

emphasis should be placed on having representative land use and soil data to have a reasonable 

model simulation in the basins. 

Table 5.1 The most sensitive parameters, including their range, fitted values of the calibrated 

model using observed climate datasets in descending order for Baro and Sore river staions. 

           Sensitivity       Range Fitted value 

Baro Sore Baro Sore Baro Sore 

r_CN2.mgt v_ALPHA_BF.gw ±25% 0-1 -0.01 0.46 

v_ALPHA_BF.gw r_CN2.mgt 0-1 ±25% 0.29 -0.05 
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v_ESCO.hru v_GW_DELAY.gw 0-1 0-500 0.75 25.2 

r_SOL_AWC.sol r_SOL_AWC.sol ±25 ±25 0.09 0.05 

v_GWQMN.gw r_OV_N.hru 0-5000 0.02-0.4 286 0.15 

r_SLSUBBSN.hru v_ESCO.hru 0-0.2 0-1 0.18 0.91 

v_GW_DELAY.gw r_Soil_ Z.sol 0-500 ±25% 209 -0.06 

v_CH_K2.rte v_ALPHA_BNK.rte 5-130 0-1 89.69 0.56 

r_SOL_K.sol v_GW_REVAP.gw ±25% 0.02-0.2 -0.21 0.01 

r_Soil_ Z.sol v_CH_N2.rte ±25% 0.01-0.3 0.01 0.26 

 

The qualifier r refers to a relative change in the parameter where the value from the default 

simulation is multiplied by 1 plus the fitted value and v) refers to the existing parameter value from 

the default simulation to by the fitted value. The extensions (e.g., .mgt, hru, .sol, .gw. rte) indicate 

the SWAT parameter family. 

Model sensitivity analysis and calibration using the CFSR climate provided CN2, ALPHA_BF, 

and ESCO as the most sensitive parameters for the Baro watershed and ALPHA_BF, 

ALPHA_BNK, and GWQMN as the most sensitive parameters for the Sore watershed. Likewise, 

model sensitivity analysis and calibration using the CHIRPS combined with CFSR datasets 

provided CN2, CH_N2, and ALPHA_BF for the Baro watershed and ALPHA _BF, CN2, and 

GW_DELAY as the most sensitive parameters for the Sore watershed. The 10 most sensitive 

parameters for the sensitivity analysis and calibration for the Baro and Sore watersheds, using 

CFSR and CHIRPS combined with CFSR, are presented in Annexes (5.1) and (5.2), respectively. 

It’s noted that a slight difference was observed in the fitted value of the parameters between the 

CHIRPS combined with CFSR and the CHIRPS combined with observed, and so the table value 

of the latter one was not presented. 

5.3.2. Model calibration and validation 

The simulation performance of calibrated models between the observed and satellite estimate 

datasets was compared using several statistical indices at a monthly time scale (Table 5.2). The 

goodness-of-fit evaluation shows an acceptable agreement between the observed and satellite 

estimates. For the Baro watershed, the calibration of the model using monthly streamflow indicated 

very good model simulation performance according to recommendations by Moriasi et al. (2007). 

Comparatively, in terms of the different goodness-of-fit evaluations, the CHIRPS combined with 

the CFSR provided the best agreement with the observed, whereas the CFSR performed less in all 



71 
 

evaluations (Table 5.2). For example, the CHIRPS combined with the CFSR has the highest value 

of R2 (0.93) and NSE (0.92), while the CFSR has the smallest value of R2 (0.77) and NSE (0.75). 

In terms of the PBIAS simulations, the observed climate and CHIRPS combined with the CFSR 

climate showed minor streamflow overestimation with a value of -0.9 and -0.5, respectively. On 

the other hand, the calibrated model simulation with the CFSR climate underestimated the 

observed streamflow with a PBIAS value of 11.2%. 

Considering the validation period, the NSE and R2 values of the observed simulation were 0.87 

and 0.85, which are compared with the CHIRPS combined with CFSR values of 0.92 and 0.9, 

respectively. Unlike the calibration period, the CFSR climate during the validation overestimated 

the observed streamflow, which had the highest PBIAS among the models (-8.8%). During the 

validation period, the simulations with observed and CHIRPS combined with CFSR and observed 

climate performed very well, while the simulations with CFSR climate performed satisfactorily in 

terms of R2 and NSE values (Moriasi et al., 2007). Simulated streamflows of the observed climate 

for the Baro watershed were compared with the findings of Mengistu and Sorteberg (2012), and 

the results showed comparative agreement during the calibration and validation periods. However, 

their findings overestimated the streamflow during the validation period. 

In the Sore watershed, simulations with both combinations of the CHIRPS climate provided the 

best performance, followed by the observed climate in terms of all the studied goodness-of-fit 

measures. Although not significant, simulations with all the climate data showed overestimations, 

as signified by a negative PBIAS. Similarly, the CHIRPS combined with the CFSR and observed 

provided better agreement with the observed during the validation period, whereas the CFSR 

performed less well in all goodness-of-fit evaluations. For example, in terms of the R2, a relatively 

high value of 0.88 was obtained for CHIRPS combined with CFSR climate estimates, while the 

lowest value (R2 = 0.63) was observed in the CFSR climate estimate (Table 5.2). Using the 

performance classification of Moriasi et al. (2007), the observed and both CHIRPS climates 

achieved very good performance in all statistical metrics, but CFSR did not exceed satisfactory 

performance in any of the statistical metrics except PBIAS. 

Overall, simulations with all four climate data sets showed reasonable performance on a monthly 

time scale. However, simulations with the observed and both combinations of the CHIRPS climate 

performed almost equally and outperformed the simulation with the CFSR climate. In addition, 
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the model performance was better in the larger watershed (Baro) than in the smaller watershed 

(Sore).      

Table 5.2  Estimated model performance values of calibrations and validation for the observed, 

CFSR, and CHIRPS datasets for monthly time scale.  

 

All four climate dataset simulations captured the seasonal patterns of the streamflow hydrograph 

reasonably well at the Baro and Sore River gauging stations, as shown in Figures 5.2 and 5.3, 

respectively. All the climate data simulations captured the rising and falling limbs of the 

hydrograph well during the calibration and validation periods in both watersheds. However, the 

observed and both the CHIRPS combination climate products comparatively well capture the 

seasonal patterns of the streamflow hydrograph, but the CFSR product was still the less performing 

product to capture the streamflow hydrograph. The relatively poor performance of CFSR can be 

attributed to the disparity between observed and CHIRPS rainfall, wherein CFSR in the Baro 

watershed was highly underestimated during the calibration period but highly overestimated 

during the validation period. The overestimation or underestimation of CFSR seems to be highest 

in both watersheds during the calibration and validation periods, with reportedly high negative or 

positive PBIAS in statistical metrics. Further, the Sore watershed, a relatively smaller watershed, 

shows less performance in capturing streamflow hydrographs than the Baro watershed. It was 

noted that, in both watersheds, the model's performance in streamflow simulation was weak in 

extreme simulation. It was more pronounced at the Sore watershed when using the CFSR dataset. 

Period  

  Baro station            Sore station 

Climate data sets R2 NSE PBIAS 

P- 

factor 

R- 

factor R2 NSE BIAS 

P-

factor 

R- 

factor 

Calibration 

Observed 0.93 0.88 -0.9 0.68 1.14 0.8 0.82 -5.9 0.68 0.81 

CFSR 0.77 0.75 11.2 0.79 1.11 0.7 0.71 -9.1 0.71 0.74 

CHIRIPS+CFSR 0.93 0.92 0.5 0.88 1.32 0.9 0.9 -5.8 0.81 0.94 

CHIRPS+Observed 0.91 0.9 1.1 0.87 1.23 0.9 0.87 -6.2 0.77 0.91 

Validation 

Observed 0.87 0.85 -2.4 0.75 1.20 0.86 0.84 -4.5 0.77 0.81 

CFSR 0.69 0.67 -8.8 0.70 1.11 0.63 0.62 -3.2 0.67 0.69 

CHIRPS+CFSR 0.92 0.9 1.1 0.83 1.23 0.88 0.9 -2.1 0.75 0.86 

CHIRPS+Observed 0.9 0.9 -3.2 0.81 1.2 0.87 0.88 -1.9 0.74 0.84 
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Similarly, several other studies have also reported the weak performance of the SWAT model in 

the simulation of peak flow (e.g., Demirel et al., 2009; Spellman et al., 2018).  

 

Figure 5.2 Monthly observed and simulated streamflow using observed, Climate Forecast System 

Reanalysis (CFSR) and Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) 

climate at the Baro River gauging station. The green dashed vertical line is used to separate the 

calibration and validation periods. Model calibration and validation were done using the respective 

climate data.  
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Figure 5.3 Monthly observed and simulated streamflow using observed, Climate Forecast System 

Reanalysis (CFSR) and Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) 

climate at the Sore River gauging station. The green dashed vertical line is used to separate the 

calibration and validation periods. Model calibration and validation were done using the respective 

climate data. 

5.3.3. Model prediction uncertainty 

In the Baro watershed, all the climate datasets provided acceptable streamflow prediction 

uncertainty estimates during the calibration and validation periods. However, the observed during 

the calibration period resulted in a slightly lower p-factor of 0.68 (Table 5.2). The simulation with 

the CHIRPS combined with the CFSR climate provided the lowest prediction uncertainty, 

bracketing 88% of the observed streamflow within the 95PPU band. In terms of the r-factor, 

however, the simulations with the CFSR climate provided the lowest prediction uncertainty, which 

means they resulted in a smaller 95PPU uncertainty band. Likewise, during the validation period, 

the CHIRPS combined with the observed flow had the lowest prediction uncertainty, bracketing 

83% of the observed streamflow within the 95PPU band, but it had the largest uncertainty band 

with the measure of the r-factor. In general, in all four climate datasets, the uncertainty analysis of 

the calibrated model provided acceptable p-factors and r-factors except the observed in the Baro 
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watersheds during the calibration period, which resulted in a slightly lower p-factor value 

(Abbaspour et al., 2015). 

Similarly, the performance of streamflow prediction uncertainty during calibration and validation 

in Sore watersheds is encouraging for all climate datasets (Table 5.2). Streamflow simulation with 

the CHIRPS combined with CFSR climate provided the lowest prediction uncertainty with a p-

factor of 0.81 during the calibration period. While streamflow prediction uncertainty was estimated 

with the r-factor, simulations with the CFSR climate had the lowest uncertainty. All the climate 

datasets perform consistently well in reaching desirable uncertainty predictions with acceptable 

values of p-factor and r-factor, but the observations at the Baro watershed during calibration and 

the CFSR at the Sore watershed during validation resulted in an unsatisfactory p-value of 0.67 and 

0.68, respectively, which is slightly below the acceptable range (Abbaspour et al., 2015). 

Different climate datasets generate distinct prediction uncertainties in modeling streamflow (Table 

5.2). Overall, the simulation with CHIRPS combined with CFSR climate data had the best 

simulation uncertainty (i.e., higher p-factor) most of the time, and the simulation with the CFSR 

data set had the best r-factor value (lower r-factor) most of the time. The simulations at the Baro 

watershed produced higher p-factors but lower r-factors than those at the Sore watershed. This 

may be due to the assumption of a higher p-factor value, resulting in a lower r-factor value. Thus, 

according to Abbaspour et al. (2015), trade-offs must be made between achieving an acceptable p-

factor and r-factor since achieving a larger p-factor will also result in a larger r-factor. 

5.3.4 Analysis of water balance components 

Besides flow hydrographs and several evaluation statistics, water balance components were also 

analyzed to further examine the effects of climate dataset inputs on hydrological simulation. Such 

analysis is especially helpful to assess if the satellite-based climate data can equally simulate the 

water balance components with the observed climate or provide drastically different estimates. 

Appropriate analysis and quantification of the various water balance components in the watershed 

help to tackle the water management issues. Thus, the evaluation of variation in these hydrologic 

components is helpful in the formulation of strategies by water planners and other stakeholders 

involved. 

The CFSR and CHIRPS mean annual rainfall amounts for the entire watershed are lower than 

those observed. The estimate shows that CHIRPS is comparable with observed datasets, whereas 
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CFSR shows variability at the higher magnitude of mean annual rainfall (Table 5.3). Although we 

found that the estimates of the water balance components from the two CHIRPS climate datasets 

were quite close, we chose to estimate the water balance components using a combination of 

rainfall data from CHIRPS and temperature data from CFSR. According to an estimate of the 

observed mean annual water balance for the basin, water yield accounts for the largest portion of 

the water balance, accounting for about 57 percent (966 mm) of the total amount of rainfall (1692 

mm), with actual evapotranspiration coming in second (713 mm) and percolation below the root 

zone (groundwater recharge) coming in third (493 mm). The results showed that the CFSR climate 

simulation produced substantially lower yearly rainfall while the CHIRPS simulation produced 

only modest variations in all of the estimated water balance components. This demonstrated that 

the CHIRPS dataset's water balance estimate is more closely matched to the observed water 

balance estimate than the CFSR estimate. Other research has also noted the CFSR's 

underestimation of the water balance estimate (e.g., Dile & Srinivasan, 2014). In contrast to the 

weather that was experienced in the Blue Nile River Basin's Gumera and Rib basins, their 

investigation revealed that CFSR had overestimated long-term average annual rainfall, which was 

reflected in the reduced water balance component. The CFSR produced an overestimation in the 

Gilgel Abay and Megch watersheds; hence, their estimate was inconsistent. In general, it can be 

seen that the CHIRPS estimate of the water balance is comparable to the observations, whereas 

the CFSR estimate of the mean annual water balance exhibits fluctuation at higher magnitudes. 

The difference in spatial resolution between datasets, for example, CHIRPS and CFSR, as well as 

the spatial variation in rainfall is the most likely explanations for the differences in performance 

in simulating streamflow and water balance among the climatic datasets. According to other 

studies (Baez-Villanueva et al., 2018), the performance of gridded climate datasets is greatly 

dependent on spatial resolution and topographic differences (Fenta et al., 2018). 

The CHIRPS rainfall model's superior simulation was also noted in other studies (Bayissa et al., 

2017; Dhanesh et al., 2020; Dinku et al., 2018). Compared to CFSR, the CHIRPS rainfall's better 

performance can be attributed to its increased spatial resolution. Funk et al. (2015) indicated that 

the CHIRPS rainfall is better at capturing the temporal and spatial variation of observed rainfall 

because of its superior algorithm for integrating satellite, observed, and reanalyzed rainfall 

products. Rainfall is also the primary input for hydrological modeling and the analysis of water 

resources because it is a key driver of hydrological processes (Cho et al., 2009). To overcome the 
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disadvantage of sparsely and unevenly distributed meteorological stations, a combination of 

rainfall from CHIRPS and temperature from CFSR products may be used. This alternative data 

source may be widely used in other Baro–Akobo River basins and the surrounding watersheds for 

hydrological simulation and water resources management. However, the investigation of a 

merging rainfall dataset from different sources with the observed or comparing with several 

products such as IMERGE and GPCC may be required to verify any substantial improvement in 

the hydrological simulations obtained from hydrological models.  

Table 5.3 The mean annual estimated water balance components using observed, CFSR, and 

CHIRPS datasets. 

Climate 

Rainfall 

(mm) 

ET      

(mm) 

PERC 

(mm) 

SURQ 

(mm) 

GW_Q 

(mm) 

LAT_Q 

(mm) WYLD (mm) 

Observed 1692 713 493 389 436 141 966 

CFSR 1321 684 330 261 280 102 636 

CHIRPS + CFSR 1680 685 611 292 552 154 999 

CHIRPS + Observed 1680 683 609 289 550 153 995 

ET = evapotranspiration, PERC = percolation below the root zone (groundwater recharge) SURQ 

= surface runoff, GW_Q = groundwater contribution to stream flow, LATQ = lateral flow into the 

stream, WYLD = water yield. 

5.4 Conclusion  

This study compared observed and satellite-based climate data to simulate hydrologic models for 

hydrologic applications in the Baro and Sore watersheds. The data evaluation was based on the 

SWAT model using the SUFI-2 algorithm in the SWAT-CUP for sensitivity, calibration, and 

uncertainty analysis. 

The performance of modeling during calibration and validation is encouraging for CFSR and 

CHIRPS products in both watersheds. However, compared to the calibration period, in several 

statistical comparison models, performance with the four climate datasets decreased during the 

validation period for most of the statistical evolution. In addition, the model prediction uncertainty 

was more pronounced in the Sore watershed than in the Baro watershed. 

The CHIRPS combined with the CFSR demonstrate slightly better statistical and hydrological 

performance than the CHIRPS combined with the observed temperature. The simulations with 
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CHIRPS and observed yielded minor differences in the water balance components, whereas the 

CFSR weather simulation gave much lower average annual rainfall, resulting in lower water 

balance components. The results showed that observed climate and rainfall from the Climate 

Hazards Group InfraRed Precipitation with Stations (CHIRPS) combined with the CFSR dataset 

yielded reasonable and comparable streamflow simulation performance. This suggests that the 

combination of precipitation from CHIRPS and temperature from CFSR can be used to simulate 

hydrologic models in areas where sufficient observed rainfall is scarce. 

Though the direct use of rainfall and temperatures enables a more natural way to reduce the errors 

in the hydrological simulations induced particularly due to rainfall, the investigation of an 

integrated rainfall dataset from different sources or comparison with several products such as 

IMERGE and GPCC may be analyzed as a part of future work to verify any substantial 

improvement in the hydrological simulations obtained from hydrological models. In addition, the 

uncertainties associated with satellite data products will translate to unreliable estimates of the 

hydrological response due to the underestimation or overestimation of simulated hydrology. This 

can be addressed to an extent by applying bias correction of the satellite rainfall products with the 

observed data to obtain more realistic hydrological simulations. 
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6. Modeling the impacts of climate change on hydrological processes in the Baro–Akobo 

River basin, Ethiopia3  

Abstract  

Understanding the impacts of climate change on basin hydrology is critical for developing 

effective water management practices. This study was conducted to assess future climate change 

and its impact on the hydrology of the Baro–Akobo River basin in Ethiopia. Five bias-corrected 

regional climate models (RCMs) and their ensemble climate scenarios in the 2030s (2021–2050) 

and 2080s (2071–2100) periods under the two Representative Concentration Pathways (RCP4.5 

and RCP8.5) scenarios were compared against the observed climate data for a baseline period 

(1981–2010). The daily and monthly simulated and observed streamflow during the calibration 

and validation period showed good agreement with the Nash-Sutcliffe efficiencies of 0.73 and 0.89 

and coefficients of determination of 0.73 and 0.9, respectively. Though all RCMs agree concerning 

the increasing direction of the 2030s and 2080s maximum and minimum temperature changes, 

there is inconsistency in the magnitude and direction of the monthly projected rainfall changes. 

Under the ensemble, the annual maximum and minimum temperatures will increase by 2.6 and 

3.6°C, respectively, and rainfall will decrease by 5% in the 2080s under the RCP8.5 scenario. The 

dry season and wet season rainfall are expected to decrease by 19 and 3.7%, respectively, under 

the RCP8.5 scenarios in the 2080s. Consequently, future climate change could cause a decrease in 

streamflow under the RCP4.5 and RCP8.5 scenarios. For most of the flow magnitude, the low 

range of variability approach (RVA) category shows an increasing trend, however, the middle and 

the high RVA categories show a decreasing trend. This study provides useful insights about 

potential climate change impacts on the hydrology of the basin, which could be useful to inform 

decision-makers in developing strategies such as water harvesting to mitigate the impact of climate 

change. 

Keywords: climate projection, hydrological response, SWAT, Baro–Akobo basin. 

                                                             
3 This chapter is based on Mengistu, A.G., Woldesenbet, T.A, Dile, Y.T, Bayabil, H.K. Modeling 

the impacts of future climate change on the hydrological processes in the Baro–Akobo River basin, 

Ethiopia. Under review in Acta Geophysica 
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6.1 Introduction  

The Global Climate Model (GCM) climate predictions provide a general view of how the earth's 

climate system may be affected in the future (IPCC, 2007). Greenhouse gas emission has 

considerably increased since the industrial revolution and led to global warming (Vuuren et al., 

2011). The finding of the IPCC showed that carbon dioxide (CO2) concentration in the atmosphere 

increased from 280 ppm in 1750 to 367 ppm in 1999 (Houghton et al., 2001). The concentration 

is expected to reach 463–623 ppm in 2060, and it is anticipated to be between 470–1099 ppm by 

2100 (IPCC, 2013). It is indicated that the increased greenhouse gas emissions will cause an 

increase in the average temperature of the earth by up to 1.4 – 5.8°C in the 2080s (Hoegh-Guldberg 

& Bruno, 2010). In general, rising global surface temperatures, variability of rainfall patterns both 

spatially and over time, and changes in the predictability of this variance are all expected in the 

future period (Bolch et al., 2012; Dile et al., 2013; Getachew et al., 2021; Liu, 2022; Worku et al., 

2021). 

The climate variability and change impacts will be substantial, particularly in developing countries 

where their economy is mainly dependent on rainfed agricultural production (Abdo et al., 2009; 

Getachew et al., 2021; Worqlul et al., 2018). For instance, research indicated that the Nile region 

and its sub-basins such as the Baro–Akobo River basin are one of the most vulnerable regions in 

the world concerning climate change because of its highly diverse climatic and topographical 

variations (Alemayehu et al., 2016; Beyene et al., 2010; Conway & Schipper, 2011; Kim et al., 

2014). Climate change is expected to affect the livelihood of a great number of people living within 

the region (Conway & Schipper, 2011). In addition, poor agricultural land management practices 

coupled with increasing climate extremes are affecting the livelihoods of these communities 

(IPCC, 2007; NAPA, 2007). This advocates that climate change will be expected to significantly 

affect the livelihoods of the pastoralists and smallholder farmers, which warrants comprehensive 

climate impact studies to support climate change mitigation and adaptation policy. Thus, it is 

important to understand the impact of climate change on hydrology to implement suitable climate 

change adaptation and mitigation strategies. For instance, the development of small-scale irrigation 

where dry season streamflow is reliable (Worqlul et al., 2018), and water harvesting methods while 

the flow is abundant (Worku et al., 2020a) are among the possible mitigation strategies. Since the 

impacts might vary greatly between regions, it is crucial to carry out such research in key 

agroecological regions to develop and put into practice adaptation and mitigation methods. 
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Several studies were conducted in the Eastern Nile basin to simulate the impact of climate in the 

hydrology, particularly in the Upper Blue Nile basin (Abdo et al., 2009; Beyene et al., 2010; Dile 

et al., 2013; Elshamy et al., 2009; Fentaw et al., 2018; Mengistu & Sorteberg, 2012; Muleta, 2021; 

Setegn et al., 2011; Taye et al., 2018; Woldesenbet et al., 2018; Worku et al., 2021; Worqlul et al., 

2018); but only limited studies were conducted in the Baro–Akobo River basin (Fentaw et al., 

2018; Muleta, 2021). The majority of these studies were based on statistically downscaled single 

GCMs that relied on the third phase of the Coupled Model Intercomparison Project (CMIP3) (e.g., 

Abdo et al., 2009; Worqlul et al., 2018). Some of these studies used a single GCM/RCM with a 

single emission scenario (Muleta, 2021). Nevertheless, few studies use bias-corrected RCM 

outputs and their ensemble (Elshamy et al., 2009; Worku et al., 2021) as inputs to climate impact 

studies. As a result, these studies have revealed mixed findings on the influence of climate on 

hydrological modeling. For instance, an increase in streamflow was projected by (Dile et al., 2013; 

Fentaw et al., 2018) using GCM/RCM outputs in the Upper Blue Nile Basin. In contrast, Elshamy 

et al. (2009) and Worku et al. (2021) projected a decrease in the streamflow in the Ethiopian 

highlands using bias-corrected GCMs and RCMs, respectively. This implies that there is no 

conclusive finding regarding how climate change will affect streamflow. To the best of our 

knowledge, no study has examined the combined use of the soil and water assessment model and 

the indicators of hydrological alteration for hydrological evaluation under the RCP4.5 and RCP8.5 

scenarios in the study basin. Therefore, it is important to identify and describe the climate change 

uncertainties in the basin using a multi-climate model combined with bias correction.  

This research was carried out in the Baro–Akobo River basin, which is known as one of the most 

productive areas in the country and serves as the headstream of the Easter Nile River. Several 

projects related to irrigation and hydropower are ongoing under the government of Ethiopia (Sileet 

et al., 2013) that will pose environmental effects on the basin and downstream countries such as 

Sudan and Egypt. Moreover, the basin is highly vulnerable to changes in climate, and extreme 

occurrences such as drought and flooding are projected in the future (IPCC, 2014). Nonetheless, 

the basin has witnessed substantial climate change during the last four decades (NAPA, 2007), 

adding to the challenges of water resource management. The majority of the population relies on 

rain-fed agriculture for their living, which is constantly impacted by climate change. This shows 

that climate change would have a considerable influence on smallholder farmers' livelihoods, 

necessitating thorough climate impact assessments to support climate change adaptation strategies. 
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However, there is a limitation to integrating climate information and climate adaptation strategies 

to reduce climate change impacts in the basin (Conway and Schipper, 2011). The increasing 

demand for water in the basin due to socio-economic progress and high demand for irrigation and 

hydropower may cause conflict in the basin unless a comprehensive water resource management 

plan is developed. In addition, the impact of climate change on the different hydrological processes 

is poorly understood in this poorly gauged river basin. Therefore, assessing the availability of 

water resources in the basin in a changing climate is a prerequisite to implementing evidence-

based water management options. 

Thus, this study is important to provide plausible climate information generated from different 

bias-corrected RCMs and their ensemble rainfall and temperature outputs under different emission 

scenarios. It is useful to assess the impact of climate change on the hydrology of the basin in the 

future by considering various indicators of hydrological alteration that have been overlooked by 

previous studies. Such information plays a vital role in supporting the existing and planned water 

resources management practices in the basin. Therefore, the objectives of this study are to (1) 

evaluate the variations between multiple RCMs in simulating climate over the basin under the 

RCP4.5 and RCP8.5 scenarios and (2) evaluate the climate change impact on the basin 

hydrological processes implied by the ensemble results from the various RCMs of the RCP4.5 and 

RCP8.5 scenarios using the Soil and Water Assessment Tool (SWAT) model and the indicators of 

hydrological alteration.  

6.2 Material and Methods 

6.2.1 Data inputs  

The SWAT model was used for this study. SWAT requires hydrologic, climate, and spatial data 

to simulate basin hydrological processes. Specific data inputs include streamflow, rainfall, 

maximum and minimum temperatures, relative humidity, solar radiation, and wind speed. In 

addition, spatial data inputs include DEM, soil, and land use maps. 

Daily rainfall, maximum temperature (Tmax), and minimum temperature (Tmin) for the period 

1981–2010 (the baseline period) were obtained from the Ethiopian National Meteorological 

Agency (ENMA). Further descriptions of the weather dataset are available (Mengistu et al., 

2021a). For stations where there is no observation of solar radiation, sunshine, wind speed, and 

relative humidity, a gridded dataset from the Climate Forecast System Reanalysis (CFSR) was 
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used. CFSR is designed based on the coupled atmosphere–ocean–land surface–sea ice system to 

provide high resolution and the best estimate of climatic variables (Dile & Srinivasan, 2014; Fuka 

et al., 2013; Mengistu et al., 2021b; Saha et al., 2010; Woldesenbet & Elagib, 2021). 

The USGS website provided a DEM with a resolution of 30 × 30 m. The DEM was used to define 

the basin boundary and provides impotent basin properties such as slope gradient, slope length, 

stream network, and stream characteristics (channel slope, width, and length). The soil 

physicochemical parameters were acquired from the African Soil Information System soil data 

(AfSIS), which provides soil information at 250 m spatial resolution and contains most of the soil 

parameters for six soil layers (Bayabil & Dile, 2020; Hengl et al., 2015). The pedo–transfer 

function was used to generate the parameters required by the SWAT model (Saxton & Rawls, 

2006). The dominant soil textural class can be classified as clay, clay–loam, and silt–clay soils. 

ArcGIS 10.4 software was employed to prepare a raster spatial map of DEM and soil. Land use is 

another important spatial input data required for the SWAT model. Landsat 7ETM+ image was 

acquired from the (USGS) http://earthexplorer.usgs.gov/. Supervised classification methods with 

a MLC in ERDAS Imagine software were used for image classification. A total of 450 reference 

data points were acquired from Google Earth imagery. Of the total collected data, 2/3 were used 

for supervised image classification and the rest 1/3 were used for accuracy assessment. To 

determine the accuracy of land use classification, the users, producers, the overall classification, 

and the kappa coefficient were estimated using ERDAS Imagine software. The accuracy of 

classification had an overall classification accuracy of 84.6% and a kappa coefficient of 0.81. The 

dominant land-use types in the basin include forest, agriculture, and grassland. All the spatial 

datasets were projected to the same projection called the Universal Transverse Mercator (UTM) 

projection system of Zone 37N. 

6.2.2 Regional climate model outputs 

The GCM-driven RCM climate projections are provided by the Earth System Grid Federation and 

downloaded from the Africa-CORDEX data portal (https://esgf-data.dkrz.de/search/cordex-dkrz/) 

with a resolution of 50 x 50 km. The RCMs namely RCA4 (CNRM), RCA4 (ICHEC), CCLM4 

(CNRM), CCLM4 (MPI), REMO (MPI),  and their ensemble mean are used because of their good 

performance in climate simulation in most parts of Africa, including Ethiopia (Dibaba et al., 2019; 

Fentaw et al., 2018; Nikulin et al., 2012; Mengistu et al., 2021a; Worku et al., 2021). In each RCM, 

http://earthexplorer.usgs.gov/
https://esgf-data.dkrz.de/search/cordex-dkrz/
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two representative concentration pathways, RCP4.5 (moderate future emission) and RCP8.5 

(extreme future emission), the current trend (Moss et al., 2010) were used for future scenarios. 

Three-time horizons under two representative concentration pathways (RCP4.5 and RCP8.5) were 

considered to represent the possible changes in rainfall and temperature. These time horizons 

include baseline (1981–2010), 2030s (2021–2050), and 2080s (2071–2100).  

6.2.3 Bias-correction of regional climate models  

The climate model data for the hydrological modeling (CMhyd) tool obtained from 

swat.tamu.edu/software was designed to work with the CORDEX data archive. CMhyd was 

designed to provide simulated climate data that can be considered representative of the location of 

the gauges used in a basin model setup. CMhyd is a tool that can be used to extract GCM and 

RCM data. Therefore, in this study, the historical and future climate model data are extracted for 

each of the gauge locations using the station's latitude, longitude, and elevation. Then the average 

value was used to estimate both the baseline and RCM climate in the basin. Detailed descriptions 

and information on the theory of linking climate and hydrologic models have been available 

(Christensen et al., 2008; Teutschbein & Seibert, 2012; Rathjens et al., 2016).  

Climate models often provide biased representations of observed time series, making correction 

procedures necessary (Christensen et al., 2008; Teutschbein & Seibert, 2010; Varis et al., 2004).  

Different bias correction methods, such as linear scaling and distribution mapping methods, show 

comparable skill in adjusting the mean, standard deviation, and variance of rainfall and 

temperature events of RCM outputs. Compared to other bias correction methods the distribution 

mapping method shows better skill in adjusting the extreme values and wet day probability of 

RCM outputs with their baseline counterparts (Block et al., 2009; Teutschbein & Seibert, 2012; 

Worku et al., 2020). This study used the CMhyd tool to process the rainfall and temperature bias 

correction for each station using the distribution mapping methods. 

For modifying RCM output, bias correction processes use a transformation algorithm (Piani et al., 

2010). Identification of potential biases among the simulated and observed climate variables is the 

key concept, and it serves as the foundation for modifying control and scenario RCM runs. Bias 

correction methods are supposed to be stationary, i.e., the correction algorithm and its 

parameterization for current climate conditions are also valid for future conditions. To change the 

distribution functions of the modeled variables into the observed ones, the statistical 
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transformations use a mathematical function. Statistical transformations try to find a function h 

that fits a modeled variable such that its new distribution equals the distribution of the observed 

variable (Gudmundsson et al., 2012; Piani et al., 2010). These transformations are expressed 

mathematically as (equation 6.1): 

P𝑜 = h (Pm)……………………………………………………………………………………(6.1) 

The distribution mapping approach fits the distribution of rainfall and temperature of RCMs with 

observational data using the Gamma distribution (Gudmundsson et al., 2012) and the Gaussian 

distributions (Cramér, 1999). The idea of distribution mapping is to correct the distribution 

function of RCM-simulated rainfall and temperature values to agree with the observed distribution 

function. This can be performed by creating a transfer function to shift the occurrence distributions 

of rainfall and temperature (Gudmundsson et al., 2012; Teutschbein and Seibert, 2012). For 

instance, the distribution mapping approach provides the following transformation between 

observed and modeled rainfall (equation 6.2): 

P0 = FO
−1

 (Fm(Pm)) …………………………………………………………………………... (6.2) 

P0 is an observed rainfall  

Pm   is the model rainfall   

Fm is the CDF related to Pm and  

FO −1 is the inverse CDF of  P0.  

6.2.4 Assessment of extreme rainfall indices  

The difference between the baseline and future climate change scenarios was estimated using six 

extreme rainfall indices (Table 6.1). The indices selected include R10mm, R20mm, CDD, R95P, 

RX1 day, and RX5 day, as obtained from the Expert Team on Climate Change Detection and 

Indices (ETCCDI) (WMO, 2009). All of these indices were estimated using RClimDex (Zhang 

and Yang, 2004). Several studies used rainfall indices to assess the difference between the baseline 

and future climate change scenarios (IPPC, 2014; Shrestha & Roachanakanan, 2021).  

Table 6.1 Description of the ETCCDI of extreme rainfall indices selected in the analysis.  

Indices  Indices name Description Unit 

R10 Number of heavy rainfall days Annual count of days when rainfall > = 10mm day 
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R20 Number of very heavy rainfall 

days  

Annual count of days when rainfall > = 20mm day 

CDD Consecutive dry days Maximum number of consecutive days with 

rainfall <1mm 

day 

R95p Very wet days Annual total rainfall when rainfall >95th percentile mm 

RX1 Max one-day rainfall amount Monthly maximum consecutive one-day rainfall mm 

RX5 Max five-day rainfall amount Monthly maximum consecutive five-day rainfall mm 

 

6.2.6 Model calibration and validation  

Successful application of a hydrologic model depends on parameter sensitivity analysis and model 

calibration and validation processes. The SUFI2 algorithm in the SWAT-CUP was used to conduct 

model parameter sensitivity analysis, calibration, and validation (Abbaspour et al., 2015). Eighteen 

relevant hydrological parameters (Koch et al., 2012; Mengistu et al., 2021b; Mengistu & 

Sorteberg, 2012) were selected for sensitivity analysis, and ten parameters with smaller p-values 

and greater t-stats were selected for the calibration and validation process. For the sensitivity 

analysis, parameters related to soil water, runoff, groundwater, and evapotranspiration were taken 

into account. The model's performance during the calibration and validation periods was assessed 

using suitable statistical measures (Moriasi et al., 2007). These statistical measures including the 

NSE, R2, and PBIAS were used for model performance evaluation. 

To estimate the future climate change impact on streamflow, a total of five simulation periods were 

established from the best-performing RCMs (ensemble). Then the calibrated SWAT model is run 

for a baseline (1981–2010) and the 2030s (2021–2050) and the 2080s (2071–2100) periods under 

the RCP4.5 and RCP8.5 scenarios. The future climate change impact was examined by comparing 

the monthly, seasonal, and annual value of the baseline period with the value of the corresponding 

future period and climate impact scenarios.  

6.2.7 Indicators of hydrologic alteration  

In addition to SWAT, in this study, the hydrological parameters were estimated using the IHA 7.1 

software (The Nature Conservancy, 2009). The software and method required at least 20 years of 

daily hydrological data, which includes streamflow, river stages, and groundwater levels (Richter 

et al., 1996). However, in this study, we have used the daily streamflow data to compare the pre-
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impact (baseline) against post-impact (future periods and scenarios). For IHA setup, daily 

streamflow data for the baseline period (1981–2010) was regarded as natural flow and the future 

period and RCPs climate scenarios as altered flow. A comparable approach has been applied in 

other studies (Kiesel et al., 2019; López-Ballesteros et al. 2020; Woldesenbet, 2022). The IHA 

enables the user to examine a comparison analysis called the Range of Variability Approach 

(RVA) that practically assess the hydrologic alteration at a particular river site before and after an 

impact or amongst different long periods. RVA distributes the full range of pre-impact data for 

each parameter into 3 categories of equal range (low, middle, and high). The low category defines 

values below or equal to the 33rd percentile of the median, the middle defines values found between 

the 34th to 67th percentile, and the high defines values that are greater than the 67th percentile. The 

expected frequency with which the “post-impact” values would fall within each class was 

calculated using (equation 6.7). 

HA =
 Observed frequency–Expected frequency

Expected frequency
  ………………………………………… (6.7) 

A positive hydrological alteration (HA) value indicates that the frequency of values in the category 

has increased from the pre-impact (baseline) to the post-impact (future periods and scenarios) (with 

a maximum value of infinity), whereas a negative value indicates that the frequency of values has 

decreased (with a minimum value of –1) (Richter et al., 1996).  

6.3 Results  

6.3.1 Performance of the regional climate model 

The performance of the bias-corrected RCMs and their ensemble mean to simulate the basin 

climate using Taylor’s diagram method is presented in Figure 6.1. A comparison of the various 

bias-corrected RCM simulations with the baseline data using Taylor’s diagram shows that the 

ensemble has relatively better performance, while the CCLM4 (MPI) performance is low. The 

high correlation values and the lower RMSE and standard deviation (SD) values show a better 

performance of the ensemble in the basin climate simulation. For rainfall and Tmax, the points of 

the ensemble mean are closer to the baseline compared with the individual models, with R close 

to 1. On the other hand, the RMSE of the ensemble is also close to zero compared with the RMSE 

of the other individual models.  
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Figure 6.1 Comparison of the skill of bias-corrected climate models and their ensembles with 

observed monthly rainfall and maximum and minimum temperatures using Taylor's diagram.  

In addition to the Taylor diagram, Figure 6.2 shows that the bias-corrected cumulative distribution 

function (CDF) of the baseline daily rainfall is best captured when using the ensemble mean 

instead of individual models. For example, in simulating the 75% percentile, approximately 7.7 

mm/day was estimated from the baseline, a slightly lower amount of 7.2 mm/day from the 

ensemble, and the CCLM4 (CNRM) was estimated as low as 5.6 mm/day. While estimating the 

95% percentile, all models, including the ensemble, overestimated the baseline; the baseline was 

estimated at 13.3 mm/day, the ensemble estimated 14 mm/day, and CCLM4 (CNRM) estimated 

as much as 20.5 mm/day.  
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Figure 6.2 Comparison of the Cumulative Distribution Function (CDF) of the different RCMs 

simulations of rainfall estimates with baseline climate. 

These statistical comparisons suggest climate change impact studies in the basin may benefit from 

using an ensemble of simulated rainfall and temperatures obtained from multiple regional climate 

models instead of simulated rainfall from individual models. Other studies comparing the historical 

performance of RCMs also show that multimodal ensembles often perform better than individual 

RCMs, with higher correlation and lower biases, SD, and RMSE (Kundzewicz et al., 2018; 

Mengistu et al., 2021a; Teutschbein & Seibert, 2010; Worku et al., 2021). IPCC findings also 

encourage the use of multi-modal ensembles with caution (Wilby, 2010). 

6.3.2 Climate projection under future periods and climate scenarios  

The future period projection of the mean monthly rainfall and Tmax and Tmin simulated by bias-

corrected RCMs and their ensemble is presented in Figure. 6.3 and Figure 6.4, respectively. The 

projected mean monthly rainfall for the 2030s and 2080s under both climate change scenarios did 
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not show a consistent magnitude and direction compared with the baseline climate. The projected 

rainfall for most of the RCMs shows a decreasing trend in the majority of the months of the year 

under future periods and scenarios. For the RCP4.5 scenarios, monthly rainfall changes range from 

−61 to 52 % and −63 to 41% for the 2030s and 2080s, respectively. Both the largest decrease of 

63% and an increase of 52% are estimated by RCA4 (CNRM). Similarly, for RCP8.5 scenarios, 

monthly rainfall changes range from −54 to 69% and −65 to 50% for the 2030s and 2080s, 

respectively. The largest decrease of 65% and an increase of 69% are estimated by the RCA4 

(ICHEC) and RCA4 (CNRM) models, respectively. The typical dry months (January and 

February) show a consistent decreasing trend for all RCMs under future periods and scenarios, 

while from October to December, the majority of the RCMs show an increasing trend. For the 

RCP8.5 scenario, dry season rainfall changes from −25 to 4% and −33 to −4% for the 2030s and 

2080s, respectively. Wet season rainfall for the RCP8.5 scenario ranges from −3.7 to 7.8% and 

−15% to 2.4 for the 2030s and 2080s, respectively, demonstrating a relatively narrower range of 

projection for the wet season than the dry season.  

In general, there is much better consistency between climate model projections of temperature than 

rainfall. All bias corrected RCMs show a consistent increase in Tmax and Tmin as projected by 

RCP4.5 and RCP8.5 throughout the future period. For example, CCLM4 (ICHEC) under RCP8.5 

shows the largest increase of 3.9 °C in Tmax in February by the 2080s, whereas CCLM4 (MPI) 

under RCP4.5 for the 2030s indicates the lowest increase in Tmax at 0.52 °C in July. Similarly, 

RCA4 (ICHEC) shows the highest increase of Tmin 5.34°C in May under RCP8.5 for the 2080s, 

whereas the CCLM4 (CNRM) model indicates the lowest increase of 1.39 °C in January under 

RCP4.5 for the 2030s. These results show that the change in both Tmax and Tmin for the 2080s is 

larger when driven by RCP8.5 compared to RCP4.5, and the increase in Tmin is larger than Tmax. 

The bias-corrected individual RCMs as well as the ensemble temperature projection show good 

consistency with the projected global climate change scenarios compared to the rainfall. However, 

in general, the climate projections show uncertainty in both rainfall and temperature projections 

for future periods and scenarios. The greater difference in the directions and magnitudes in the 

RCM's projections, particularly for rainfall, demonstrates a wide range of uncertainties associated 

with future rainfall projections. This result is consistent with other studies (Hawkins & Sutton, 

2011), in which future period climate projections are inconsistent under different RCMs and RCPs, 

suggesting large uncertainty in the projection of climate, particularly in rainfall projection. 
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Kundzewicz et al. (2018) indicated that uncertainty in the future amount of greenhouse gas 

emissions and uncertainty related to the inadequate model representation of climate processes are 

the main sources of uncertainty in future climate projections. Beyene et al. (2010) predicted a wide 

range of individual GCM rainfall projections. Their finding under the A2 emission scenario shows 

that the Nile River Basin will experience a substantial decrease in December to February rainfall 

changes ranging from −24 to 37% and −40 to 18% for periods 2010–2039 and 2070–2099, 

respectively, which is somewhat comparable to our −25 to 4% and −33 to −4% for the periods 

2030s and 2080s for the RCP8.5 scenario projection, respectively. Similarly, their findings show 

that the June to August rainfall for the entire Nile basin under the A2 emissions scenario varies 

from −21 to 34 and −42 to 15% for the periods 2010–2039 and 2070–2099, respectively. Their 

finding of a relatively narrower range of projections for June to August than December to February 

is comparable to our seasonal rainfall projection. According to the IPCC (2001), based on nine 

GCMs, the Nile basin will experience rainfall changes between 0 and 40 mm by the end of the 

twenty-first century. In contrast, Worqlul et al. (2018) have projected an increase in the dry season 

rainfall in the upper Blue Nile basin using the downscaled outputs of the HadCM3 climate model. 

Eastern and tropical Africa could show a 7% rise in rainfall (IPCC, 2007). In general, findings in 

the IPCC Third Assessment (McCarthy et al., 2001) showed that the predicted future changes in 

mean monthly and seasonal rainfall in Africa are not well defined. Predictions of future climate 

change at subregional and local scales are challenging due to the diversity of African climates, 

high rainfall variability, and a very poor monitoring network. As a result, such climate model 

comparison is critical prior to future climate impact studies, and selecting the best-performing 

model may reduce uncertainty. 
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Figure 6.3 Long‐term mean monthly rainfall for the baseline and future period and scenarios; a) 

RCP4.5 2030s, b) RCP8.5 2030s, c) RCP4.5 2080s, and d) RCP8.5 2080s. 

 

Figure 6.4 Long‐term mean monthly temperature for the baseline and future period and scenarios. 

The first four-panel a), b), c), and d), and the next four– panels e), f), g), and h) represent RCP4.5 
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2030s, RCP8.5 2030s, RCP4.5 2080s, and RCP8.5 2080s for maximum temperature (°C), and 

minimum temperature (°C), respectively. 

Because of the uncertainty amongst RCMs, the ensemble mean is used to obtain a generalized 

picture of the future climate and its hydrological impacts. Figure 6.5 depicts the change in 

projected ensemble monthly rainfall and minimum and maximum temperatures under RCP4.5 and 

RCP8.5 scenarios. The extent of changes and directions in the ensemble mean monthly rainfall 

vary, with the largest decrease of 41% in February under RCP8.5 for the 2080s and the largest 

increase of 22% in November under RCP4.5 for the 2080s. Further, the dry and wet seasons' mean 

rainfall is expected to decrease by up to 19% and 4%, respectively, under RCP8.5 by the 2080s. 

This indicates a relatively narrower range of projections for the wet season than the dry season. 

The decrease will be up to 5.1 percent for annual rainfall compared to the baseline period, which 

is expected under RCP8.5 in the 2080s scenarios. The projected Tmax and Tmin under the RCP4.5 

and RCP8.5 scenarios showed an increasing mean value for both future periods. The mean annual 

Tmax is expected to increase by 1.2 to 1.6 °C under RCP4.5 and 2.4 to 2.6 °C under RCP8.5. 

Similarly, the mean annual Tmin would increase by 2.2 to 2.6 °C for RCP4.5 and 3.26 to 3.29 °C 

for RCP8.5. 

The ensemble mean result is consistent with (Dibaba et al., 2020; Worku et al., 2021), who found 

a decreasing annual rainfall projection in the Ethiopian highlands under bias-corrected RCP4.5 

and RCP8.5 scenarios. In addition, the temperature projection shows a higher increase in Tmin 

than Tmax under future periods and scenarios. The temperature projections are consistent with 

other Ethiopian studies and global temperature predictions. Several studies in Ethiopia (Elshamy 

et al., 2009; Muleta, 2021; Setegn et al., 2011; Woldesenbet et al., 2018; Worqlul et al., 2018) 

indicated an increase in temperatures as compared to historical observations. Furthermore, 

according to the endorsement of the IPCC (2013), a higher increase in temperature is predicted in 

the 2080s than in the 2030s. In other studies in Africa, Hulme et al. (2001) indicated that during 

the 20th century, mean annual temperatures increased by 2 °C, whereas mean annual rainfall 

decreased by 20%. The risks associated with extreme climate events are found to be high with an 

extra 1°C increase in warming. All these results demonstrate there will be a high rise in temperature 

unless considerable and sustainable actions are taken to limit greenhouse gas emissions 

particularly by the developed countries. 
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Figure 6.5 Projected changes in mean monthly, seasonal, and annual ensemble future climate 

change scenarios compared to the baseline condition.  

To enhance our understanding of the future condition of extreme rainfall in the basin, the boxplot 

of selected extreme indices (R10, R20, CDD, R95p, RX5, and RX1) of daily rainfall amount is 

also shown in Figure. 6.6. The future projection under both RCPs indicated an increase in the R20, 

CDD, R95p, RX1, and RX5 indices, but the R10 indices show a decreasing value. For instance, 

the median values of the R95P, RX1, and RX5 indices estimated from the baseline were 196.8 

mm, 25.9 mm, and 72 mm, respectively; when comparing these values with the counterpart of 

RCPs, there is a difference showing an increase as large as 230.4 mm, 28.1 mm under the RCP8.5 

in the 2080s, and 83.6 mm under the RCP4.5 in the 2080s, respectively. Similarly, the mean 

number of days with rainfall greater than 20 mm (R20) in the baseline period is 3.9 days per year. 

In the 2030s, this is projected to increase to 4.2 and 5.4 days per year under the RCP4.5 and RCP8.5 

scenarios, respectively. In the 2080s, this is projected to increase to 5.6 and 4.2 days per year under 

the RCP4.5 and RCP8.5 scenarios, respectively. The likely increase in rainfall extremes under 
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RCPs is consistent with the findings of upper Blue Nile basin studies (e.g., Worku et al., 2021; 

IPCC, 2014). 

 

Figure 6.6 The difference in average daily rainfall indices between the baseline and climate change 

scenarios. For each baseline and emissions scenario, the horizontal line shows the median values, 

the box shows the 25th and 75th percentiles of the projections, and the vertical lines show the 

minimum and maximum values of the projected estimate. 

An increase in rainfall extreme projections (e.g., R20, R95p, RX1, and RX5) in RCP scenarios 

could lead to a greater climatic risk to human livelihood and other environmental resources. On 

the other hand, a decline in rainfall projection (e.g., R10 and the mean value) could impact crop 

production and the amount of water available in rivers and streams. In general, the greater range 

of potential changes between the models and the different extreme indices suggests that we should 

be prepared for many probable impacts from changing rainfall and temperature. 
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6.3.4 Hydrological model sensitivity, calibration, and validation 

Different hydrologic parameters (Table 6.2) of the basin were evaluated for their sensitivity during 

the calibration processes. Based on the global sensitivity analysis, CN2 (the curve number), the 

soil evaporation compensation factor (ESCO), and soil depth (SOL_Z) were recognized as the 

most sensitive parameters. As a result, a slight change in these parameters causes a rapid response 

in runoff generation. These parameters depend on several factors, such as soil type, soil 

permeability, and land use type. Groundwater "revap" coefficient (GW_REVAP), maximum 

canopy storage (CANMX), and base-flow alpha-factor (ALPHA_BF), were all identified to have 

a substantial impact on the calibration processes of the hydrological components. In general, the 

higher the t-statistic and the lower the p-value (Figure 6.7) indicate that the parameter is more 

sensitive in simulation (Abbaspour et al., 2015). 

Table 6.2 The most sensitive parameters identified during the calibration period based on daily 

streamflow observations. 

List of parameters Description Range Final value 

r_CN2.mgt Curve number ±25% 0.07 

v_ALPHA_BF.gw Base-flow alpha-factor  (Days) 0-1 0.3 

v_ESCO.hru Soil evaporation compensation factor 0-1 0.41 

r_SOL_AWC.sol Soil available water capacity (mm/mm) ±25% -0.03 

v_ GW_REVAP.gw Groundwater "revap" coefficient 0.02-0.2 0.11 

v_EPCO.hru Plant uptake compensation factor 0-1 0.67 

r_SOL_Z.sol Soil depth (mm) ±25% 0.05 

v_CANMX.hru Maximum canopy storage (mm) 0-10 4.55 

r_SOL_K.sol Soil-saturated hydraulic conductivity  

(mm/hr) 

±25% 0.04 

r_SOL_BD.sol Moist bulk density ±25% 0.09 
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Figure 6.7 Global sensitivity analysis for daily streamflow simulation for the Baro River station. 

The model calibration and validation show a reasonable agreement in terms of NSE, R2, and 

PBIAS as well as the uncertainty analysis of p- and r-factors (Table 6.3). However, the statistical 

evaluation for the daily period was weaker than that for the monthly period. For example, 

considering the objective function for optimization, the daily NSE values were 0.73 and 0.8, while 

the monthly values were 0.89 and 0.85 for the calibration and validation periods, respectively. In 

general, results show that the SWAT model can reasonably simulate the hydrological 

characteristics of the basin (Moriasi et al., 2007). Similarly, the uncertainty analysis for the 

monthly simulation was better than the daily simulation. The streamflow simulation provided 

acceptable prediction uncertainty (p-factor and r-factor) estimates for both daily and monthly 

periods (Abbaspour et al., 2015). 

Table 6.3 Performance analysis of the SWAT model to simulate streamflow during the 

calibration and validation period.  

  Daily Monthly 

Period R2 NSE PBIAS p-factor r-factor R2 NSE BIAS p-factor r-factor 

Calibration 0.73 0.7 -4 0.71 0.49 0.9 0.89 -0.9 0.75 0.5 
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Validation 0.8 0.8 1.7 0.7 0.53 0.9 0.85 -2.4 0.72 0.4 

 

In addition, the daily and monthly streamflow simulations during the calibration and validation 

period (Figure 6.8) show the model reasonably captured the streamflow hydrograph in terms of 

timing and magnitudes of flow, although some peak or low flow was either overestimated or 

underestimated. This finding is consistent with Mengistu & Sorteberg (2012), who show that the 

major pattern of the hydrograph is well captured by the model. Hence, the SWAT model can 

reasonably capture the future hydrological condition of the basin. 

 

Figure 6.8 Observed and simulated streamflow for daily time scale calibration and validation 

period for Baro River station  

6.3.5 Response of streamflow to future periods and climate scenarios 

After calibrating the SWAT model, future climate impacts are projected using the ensemble of 

rainfall, Tmax, and Tmin. The influence of future climate on the streamflow was assessed at 

monthly, annual, and seasonal time scales. Table 6.4 presents the response of streamflow under 

the RCP4.5 and RCP8.5 scenarios. The estimate shows that the projected average monthly, 

seasonal, and annual streamflow is expected to decrease compared to 1981–2010, the baseline 

period. The mean of the results indicates decreases in streamflow in the ranges of −11 to −68% for 

monthly flows, −26 to −39% for dry season flow, −28 to −41% for wet-season flows, and −28 to 

– 40% for annual flows. The highest decreasing change was observed during April under the 

RCP8.5 2080s, the lowest was during September under the RCP4.5 2030s. 
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The decrease in rainfall combined with an increase in temperature will result in a decrease in 

seasonal and annual streamflow. Though the predicted climate change for both RCPs will lead to 

a decrease in streamflow in the river, the decrease will be greater for RCP8.5 in the 2080s than in 

the 2030s. The decrease in streamflow under the RCP8.5 scenario is in agreement with other 

previous studies in other parts of Ethiopia (Dibaba et al., 2020; Worku et al., 2021). The finding 

is also consistent with Beyene et al. (2010), who showed the Nile River is expected to decline in 

2040–2069 and 2070–2099 due to the decline in rainfall and increased evaporation demand. As a 

result, greater streamflow reductions by the 2080s, particularly under the RCP8.5 scenario, 

indicate a future water availability challenge if climate change mitigation is not implemented. The 

projected decrease in streamflow rates will harm many sectors, including aquatic ecosystems, 

domestic, irrigation, and hydropower water use. The results of the current study indicated the 

necessity of employing sustainable water management strategies, which are timely needed ahead 

of future expected changes in the climate.  

Table 6.4 The projected mean monthly, seasonal, and annual ensemble change in streamflow (%) in 

relation to the baseline climate.  

Period  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
Dry 

season 

Wet 

season 
Annual 

RCP4.52030s −37 −54 −64 −62 −60 −41 −31 −18 −11 −21 −20 −33 −30 −28 −28 

RCP8.52030s −33 −54 −58 −58 −53 −38 −34 −20 −19 −19 −12 −35 −26 −29 −28 

RCP4.52080s −44 −58 −63 −64 −60 −47 −37 −26 −29 −22 −28 −41 −37 −35 −35 

RCP8.52080s −47 −62 −64 −68 −62 −57 −41 −38 −31 −27 −27 −49 −39 −41 −40 

  

In addition to the mean streamflow simulation, the flow duration curves (FDC) were generated to 

examine the impact of high and low streamflow periods (Figure 6.9). Based on the FDC, future 

period simulation showed a general decreasing tendency in projected flow under the RCP4.5 and 

RCP8.5 scenarios. Except the extreme flow segment (i.e., 0–3% exceedance probability), the 

projection for simulation under both scenarios show a decreasing in flow. The decrees is greater 

for the low flow segment (i.e., 70–95% exceedance probability), particularly for RCP8.5 scenarios 

for 2080s. The extreme low-flow segment (i.e., 95–100% exceedance probability) showed a sharp 

fall in slope of the FDCs for both RCPs scenarios. Therefore, the climate change scenarios would 

cause temporary higher flood peaks; however, climate change in the future will be responsible for 

lower flows, particularly in the low flow, which may lead to droughts. 
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Figure 6.9 Flow duration curve for the comparison of the baseline period with the climate change 

scenarios.  

6.3.6 Indicators of hydrological alteration under future period and climate scenarios  

The IHA was also used to assess the key streamflow regime characteristics, such as magnitude, 

frequency, and duration. The median monthly flow simulation from the indicators of hydrological 

alteration shows a decreasing trend for all months of the year (Figure 6.10). When compared to 

the RCP4.5 scenarios, the RCP8.5 scenario for the 2080s has the most altered median value. The 

reduction in stream flow can be attributed to the increase in temperatures and the decrease in 

rainfall. This result is in agreement with other studies on climate change in Greece (Lopez-

Ballesteros et al., 2020). They projected a decrease in the monthly and seasonal flow under the 

future climate change scenarios of RCP4.5 and RCP8.5. 
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Figure 6.10 Monthly median streamflow for baseline conditions and future periods and scenarios 

for Baro river station. 

The hydrological alteration value for different parameters are presented in Figure (6.11). In most 

months of the year, the monthly flows presented a decrease in the high and middle RVA categories, 

which means a decrease in the frequency of observed values compared to the lower RVA limit. 

Unlike the high and middle categories, the majority of the indicators related to monthly flows 

showed an increase in the low RVA category, which means an increase in the frequency of 

observed values above the upper RVA limit. In addition, the annual 1, 7, 30, and 90-day maximum 

flows indicated a decrease in the high and middle categories and an increase in the low RVA 

category for most of the scenarios. Likewise, in most scenarios the annual 1, 7, 30, and 90-day 

minimum flows showed a decrease in the high and middle RVA categories while increasing in the 

low RVA category. Besides, results also indicated a decrease in the high and middle RVA 

categories for the duration of the low and high pulse counts, but an increase in the low RVA 

category was projected. The 3 day max flow, and the date of maximum flow for high RVA 

category show an increasing trend for most of the scenarios.  
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Figure 6.11 Values of hydrologic alteration within each RVA category for the baseline conditions 

and climate change scenarios. 

The largest streamflow change is produced for RCP8.5 in the 2080s simulation. The study outputs 

of IHA on the streamflow projection in the basin show good consistency with previous studies on 

climate change impact in Greece (Lopez–Ballesteros et al., 2020). Their result shows that the 

decrease in the monthly and seasonal flow under future climate change scenarios for RCP8.5 is 

stronger than the RCP4.5 scenarios. Thus, climate change is expected to affect the amount and 

ecological quality of the streamflow, the resilience of riverine species, and the future availability 

of water resources. 

In general, the effects of climate change on the hydrological cycle are substantial since water is 

essential to both the natural world and the socio-economic system. Water resource availability 

patterns and hydrological extreme events such as floods and droughts can vary as a consequence 

of climate change, which can have several indirect implications on agriculture, food, energy 

production, and general water infrastructure (IPCC, 2007; Kang et al., 2009). The impact will be 

greater in transboundary rivers like the Baro–Akobo River, where water is in high demand due to 

competing economic, political, and social interests of riparian nations, particularly when upstream 

nations can have a significant impact on downstream nations (Conway & Hulme, 1993; Hulme et 

al., 2005). 
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The outcomes of the climate projection study illustrate the implications of decreased water 

availability and their effects on agricultural output. As a result, this study suggests water harvesting 

structure strategies that could maintain water availability for agriculture and other ecosystem 

services to counteract future climate change impacts. The productivity of the large hydropower 

systems planned for the region as well as the rising demand for agricultural and transportation 

expansion could potentially be impacted from a water management perspective by the overall 

reduction of river flows and their increased variability. Therefore, the implementation of water 

resources development work such as hydraulic structures, which are related to irrigation and 

hydropower, should take the anticipated change in the climate into account. Additionally, it is 

necessary to implement Ethiopian Green Economy Climate-Resilience Strategies to halt trends in 

deforestation and land degradation to mitigate any potential shortage of stream flow, which has 

been a challenge for the water supply, irrigation, and hydropower development in the basin. 

6.3 Model uncertainties  

The impact of the climate change study on hydrology by applying hydrological models involves 

various uncertainties (Abdo et al., 2009; Fowler et al., 2007). In climate change studies, the choice 

of GCM and RCM is the greatest source of uncertainty (Kundzewicz et al., 2018). The discrepancy 

among the GCM models over regional climate change studies is manifested as a large source of 

uncertainty. Moreover, the climate models disagree on the magnitude and even the direction of 

change of climate variables in different parts of the world, particularly when it comes to rainfall 

(Zhang et al., 2014). In addition, the source of hydrological model uncertainty can be associated 

with model structure, parameter uncertainty, and data scarcity for calibration and validation 

processes as well as data inputs (e.g., lack of relevant spatial and temporal variability of data on 

climate, soils, and land uses) (Kundzewicz et al., 2018). 

In this study, to reduce the uncertainties, an ensemble of multi-GCM-driven RCM simulations was 

used based on future impact assessments. The most plausible emission scenarios with robust bias 

correction techniques are used for the assessments of the RCMs to reduce uncertainty. The SWAT 

model was calibrated and validated for streamflow data before applying it to climate change impact 

assessments. In addition, before running the SWAT model, this study looked for the best available 

data, such as a high-resolution soil map (250 m), land use map (30 m), DEM (30 m), and weather 

data quality cheek, and all missing data were filled in to reduce uncertainties in the model 
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projection and try to understand the impact of climate change on the hydrological process in the 

basin. The performance of model showed good performance when evaluated in terms of the p-

factor and the r-factor model uncertainty metrics. 

6.4 Conclusions 

This study assessed the future changes in rainfall and temperature for the basin under the RCP4.5 

(the middle situation) and RCP8.5 (business-as-usual development pathways) scenarios using 

different bias-corrected regional climate models from the CORDEX-Africa project. The calibrated 

SWAT model and the IHA software were used for a future prediction of the hydrological processes 

in the basin. There is less agreement between the RCMs on the magnitude, direction, and monthly 

changes in rainfall, but there is a comparatively better agreement on temperature. In the ensemble, 

both maximum and minimum temperatures are projected to increase throughout the year. In 

contrast, annual rainfall is projected to decrease throughout the year, but the decrease is greater in 

the 2080s under the RCP8.5 scenarios. 

The impact of climate change scenarios on hydrology shows that the monthly and seasonal 

variations of streamflow will be greater when compared to the annual variation. The hydrological 

flow indicators related to monthly flows indicate a decrease in the high and middle categories of 

variability, while the low category shows an increasing trend. As a result, the decrease in rainfall 

and the increase in maximum and minimum temperatures because of climate change may impact 

the soil water balance by increasing both plant transpiration and soil evaporation, which will have 

a negative impact on crop growth and agricultural productivity. Therefore, consideration should 

be given to irrigation infrastructure design. Furthermore, a water storage structure is required to 

offset the decrease in rainfall. 

In general, this study indicated the likely impacts of the predicted warmer conditions and a 

decrease in seasonal water availability in the study region. This could jeopardize the water supply 

for irrigation, agriculture, and hydropower in the lower reaches of the catchment unless proper 

water management and water-saving structures are implemented. Therefore, the finding will be 

important for water resource policymakers to develop appropriate water management strategies 

such as watershed management and adaptation options to offset the adverse impacts of future 

climate change. 
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7. Modeling the impacts of projected climate and land use changes on the water balance in 

the Baro basin, Ethiopia. 4 

Abstract  

In terms of land use and climate, the world is changing at an unprecedented rate and these changes 

have a significant influence on our water resources. This study was conducted to examine the 

individual and combined potential impacts of land use and climate change on the water balance of 

the Baro basin in Ethiopia for the baseline period (1985–2002) and near-future period (2023–2040) 

using the Soil and Water Assessment Tool (SWAT). The plausible land use scenarios considering 

current (CUR), business as usual (BAU), and further expansion of altitudinal forest and watershed 

management practices (CON), as well as climate change scenarios from regional climate model 

outputs (RCMs) under two representative concentration pathways (RCP4.5 and RCP8.5) for the 

2023–2040 time frame, were used as inputs to the models. The monthly calibrated and validated 

SWAT model produced an acceptable result, which was then used for water balance simulations. 

Findings show that forest decreased from 54.5% to 48.9% and 41.2% while agricultural land 

increased from 21.8% to 29.7% and 39.8% under the CUR and BAU land use change scenarios, 

respectively. The results from the ensemble mean showed an increase in maximum and minimum 

temperatures and a decrease in rainfall under the RCP4.5 and RCP8.5 climate change scenarios, 

which in turn resulted in an increase in evapotranspiration (ET) and a decrease in water availability. 

Climate change outweighed the impact of land-use change, thus indicating an increase in annual 

ET by up to 12% and a decrease of 42% in surface runoff (SURQ) under the RCP8.5 scenario. The 

BAU land use scenario projection triggers a respective increase of 18% in annual SURQ and 

reduction of ET by 2%. However, under the CON land use scenario, SURQ decreased by 24%. 

The study concluded that future land use and climate change will further challenge the basin’s 

water supply capacity to meet the increased water demand. Understanding the changes in the 

basin’s water balance is critical for mitigation and adaptation options. As a result, this study 

                                                             
4 This chapter is based on Mengistu, A.G., Woldesenbet, T.A, Dile, Y.T, Bayabil, H.K, Worku, G. 

2022. Modeling the impacts of future climate change on the hydrological processes in the Baro- 

Akobo River basin, Ethiopia (Under Review).  
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proposes restoration efforts and climate-resilient water management strategies that can increase 

the resilience of the river basin. 

Keywords: CA-ANN climate model evapotranspiration, surface runoff, Baro basin. 

7.1 Introduction  

Climate and land use change are the two most documented global changes, causing numerous 

effects on natural and socioeconomic ecosystems (UNEP, 2012; Zheng et al., 2016). Climate 

change is unequivocal, and there is evidence that shows global and regional climate change. 

According to the IPCC (2021), the mean temperature of the Earth’s surface between 2011 and 

2020 was 1.1ºC warmer than the pre-industrial period (1880–1900). Global temperatures are 

projected to rise by 2–4 °C by 2100 if greenhouse gas emissions can’t be mitigated in the future. 

An increase in near-surface-specific humidity, water vapor, and precipitation has been observed 

on a global scale since 1950 (faster since the 1980s). However, these changes are not uniform 

among different regions of the world. For instance, an increase and a decrease in rainfall of 0.5–

1% and 0.2–3% per decade were observed over the mid-high latitudes and the tropical areas of the 

world, respectively (IPCC, 2013). Thus, it is commendable to advance climate research using 

robust climate information for climate impact assessment and climate adaptation decision-making. 

A modeling approach is a common and valuable way to predict the dynamics of water under global 

change (Gomes et al., 2021). The outputs of GCMs or RCMs can be used to generate climate 

change scenarios. GCMs are poor at assessing site-specific climate effects reliably due to their low 

spatial resolution (Kay et al., 2009). RCMs offer a better representation of orographic effects and 

land-sea surface characteristics due to their larger resolution (10–50 km) (Teutschbein & Seibert, 

2010).  

Additional pressure on ecosystems and societies is caused by land use changes (UNEP, 2012). 

Land use change has happened on 32% of the worldwide land area from 1960 to 2019, which is 

fourfold greater than long-term land change assessments (Winkler et al., 2021). The unprecedented 

increase of cultivated land and urban areas at the expense of natural ecosystems such as forests 

and grazing land are the dominant land use changes (Lambin & Meyfroidt, 2011; Seto & 

Kaufmann, 2003). For instance, forest cover decreased from 0.05–0.06 billion km2 in 1700 to 

0.043–0.053 billion km2 in 1990 (Lambin et al., 2003). Between 1990 and 2010, there was a land 

use change in Africa that included the conversion of 0.75 million km2 of forest to agriculture and 
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grazing, the second-highest rate after South America. Over the same 20-year period, over 0.13 

million km2 of original East African forest were lost, and the surviving forest is fragmented and 

constantly in danger (FAO, 2010). These changes in land use have caused the rapid transformation 

of natural ecosystems such as water bodies and forests into human-dominated ecosystems such as 

cropland and urban areas (Kim et al., 2013; Lambin & Meyfroidt, 2011). The change from natural 

vegetation to cultivated land harms water resources (Zheng et al., 2016). Thus, understanding the 

impacts of land use change on water dynamics is crucial, particularly in countries like Ethiopia, 

whose societies are extremely dependent on rain-fed agriculture (UNEP, 2012; WWAP, 2015). 

Land use scenarios are generally based on a variety of techniques that have been used for land use 

change detection using remote sensing products, and cellular and agent-based models (Liping et 

al., 2018). 

Effective water resource management necessitates an understanding of the basin's hydrologic 

response to climatic (rainfall and air temperature) and land use change (Kim et al., 2013). Coupled 

models are frequently used to give a clear insight into how land use and climate change affect 

hydrological systems (El-Khoury et al., 2015; Mehdi et al., 2015; Tong et al., 2012; Zheng et al., 

2016). Climate change simulations combined with land use scenarios demonstrated nonlinear 

dynamics and uncertainty, whereby the direction and magnitude of impacts were not predictable 

from the separate changes alone (Jung et al., 2011; Mehdi et al., 2015). As a result, several studies 

found that simulated hydrological processes were more sensitive to climate change than land use 

change (Aboelnour & Gitau, 2019; Kim et al., 2013; Mekonnen et al., 2017). Other findings, 

however, show that the impact of land use change was greater than the impact of climate change 

(Mwangi et al., 2016; Yin et al., 2017). Further research is needed because complex interactions 

between land use and climate change may not only accelerate changes in hydrological processes 

(Legesse et al., 2003; Khoi & Suetsugi, 2014), but they may also cancel each other out (Zheng et 

al., 2016). 

Though several studies have separately examined the impact of climate change (Abdo et al., 2009; 

Beyene et al., 2010; Dile et al., 2013; Elshamy et al., 2009; Gebremedhin et al., 2017; Mengistu & 

Sorteberg, 2012; Worku et al., 2021; Worqlul et al., 2018), or land use change (Engida et al., 2021; 

Koch et al., 2012; Teferi et al., 2013; Zeleke & Hurni, 2001), few studies have examined the 

combined climate and land use change impacts on the water balance of Ethiopia (Getachew et al., 

2021; Teklay et al., 2021). However, the combined impact of climate and land-use change 
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scenarios on the water balance of the basin is not well understood. Moreover, the aforementioned 

climate change studies in the basin most often used a coarse spatial resolution of GCMs (Beyene 

et al., 2010; Mengistu & Sorteberg, 2012) to examine the impacts of climate change on the 

hydrology of the basin. However, the GCM model may not well represent the climate variables of 

the study basin, and it has implications on hydrology because of its coarse resolution (Abdo et al., 

2009; Fowler et al., 2007; Kay et al., 2009; Sharma et al., 2007). Therefore, applying finer-

resolution climate models, such as RCMs, for climatology and hydrology studies is crucial. RCM 

addresses the limitations of GCM models, particularly in representing the effect of topography on 

the different climatic parameters. In addition, most of the research studies investigating the impact 

of climate change on basin hydrology in Ethiopia in general and the Baro basin, in particular, have 

considered land use to remain static (e.g., Beyene et al., 2010; Mengistu & Sorteberg, 2012). In 

contrast, research that investigated the impact of land-use change considered climate as static (e.g., 

Alemayehu et al., 2016; Engida et al., 2021). Nevertheless, the climate and land use in the future 

will change continuously due to accelerated population growth, economic development, and global 

warming (McCartney & Girma, 2012). 

Therefore, this study is conducted in the Baro River basin, which has been highly impacted by 

different environmental changes. The basin is characterized by various intense agricultural 

activities, is home to biodiversity, has a resettlement program, and several projects related to 

irrigation and hydropower development that are in the planning and implementation stages (e.g., 

Tams, Birbir A and Birbir R, Baro-1 and Baro-2, Geba-A and Geba-R), which may lead to further 

deforestation (Alemayehu et al., 2016; Awulachew et al., 2007; Sileet et al., 2013). On the other 

hand, the basin has been severely characterized by the loss of water bodies, drying streams, and 

significant land-use change as a result of several factors, including investment, population growth, 

and global climate change over the last four decades. This study is designed to examine the 

separate and combined impacts of climate and land use change on the water balance of the basin. 

Such information plays a vital role in supporting the existing and planned water resource 

management practices in the basin. The research tools used in this study include a bias corrected 

RCM for generating future climate change scenarios under different RCPs, a BAU and CON future 

land use scenario, and an eco-hydrological SWAT model (Arnold et al., 1998). 
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 7.2 Materials and Methods  

 7.2.2. Data inputs  

The SWAT requires hydroclimate and spatial data for model setup. Model calibration and 

validation were done using streamflow data from the Baro River. Daily observed rainfall, 

maximum temperature (T max), and minimum temperature (T min) for the period 1985–2002 from 

10 weather stations were obtained from the Ethiopian National Meteorological Agency (ENMA). 

Further information, including the geographic locations of the weather stations and the dataset 

used in this study, can be found in Mengistu et al., 2021a. Missing records were estimated using 

the MICE approach available in R software (Zhang & Yang, 2004). The Ethiopian Ministry of 

Water, Irrigation, and Electricity provided daily observed streamflow data for the period 1990–

2002, which was used for model calibration and validation. In this study, spatial data inputs such 

as the Digital Elevation Model (DEM), soil, and land use were used. A 30m × 30 m resolution 

DEM was obtained from the United States Geological Survey (USGS) Earth Explorer website 

(https://earthexplorer.usgs.gov). Soil physicochemical parameters were acquired from the African 

Soil Information System soil data (AfSIS) (Hengl et al., 2015), which provides soil information at 

250 m spatial resolution for six soil depth layers (Bayabil & Dile, 2020; Dile et al., 2020). A 

pedotransfer function was used to generate the physico-chemical properties required by the SWAT 

model (Saxton & Rawls, 2006). The dominant soil textural classes in the basin include clay and 

clay loam soils, and their hydrologic soil groups fall under C and D. The land use map for the year 

2002 was developed from the Landsat 7 ETM+ images using supervised classification with a 

maximum likelihood algorithm. The Landsat 7 ETM+ images were acquired from the USGS at 

http://earthexplorer.usgs.gov/. 

7.3 Land use change analysis 

7.3.1 Landsat Image classification  

Land use change analysis focused on interpreting temporal changes in land use based on satellite 

imagery. The data collected to assess the temporal changes and develop a thematic land use map 

of the study basin includes both ancillary and satellite data. Data collected from fieldwork 

(Annexes 7.1 and 7.2) and Google Earth data were used for satellite image classification. 

http://earthexplorer.usgs.gov/
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Landsat 4–5 Thematic Mapping (TM), Landsat 7 Enhanced Thematic Mapping (ETM+), and 

Landsat 8 Operational Land Inventory (OLI) for the years 1985, 2002, and 2019 were acquired 

from the USGS at http://earthexplorer.usgs.gov/; each imagery has a spatial resolution of 30 m 

(Annex 7.3). The images from December to February were chosen because fewer cloud cover and 

surface feature changes are expected in the study area. Google Earth imagery was also used to 

collect ground points for the images. A total of 450 reference data points for the 2019 land use 

maps were obtained, of which 200 points were obtained from the global positioning system (GPS) 

and the remaining 250 points were from Google Earth imagery. About two-thirds of the data 

collected were used for supervised image classification (training), and the remaining one-third was 

used for accuracy assessment (validation). The satellite data were projected using the same Zone 

37N Universal Transverse Mercator (UTM) projection system as the World Geodetic System 1984 

data. The image preprocessing techniques, including layer stacking, histogram equalization, and 

atmospheric and radiometric correction, were undertaken in ERDAS imagine 2014. The MLC 

algorithm was used for image classification based on data from training locations and visual 

interpretation of the images. To minimize the salt and pepper effect in the classified image, 

recoding followed by a majority filter with a 3×3 size kernel was applied (Kantakumar et al., 2016). 

For detailed information about the acquired satellite images and the classified land use type, please 

see Annexes 7.4 and 7.5, respectively. 

7.3.2 Land use map accuracy assessment 

Accuracy assessment, which is an indispensable part of image processing, was also undertaken in 

this study. To determine the accuracy of land use classification, the users, producers, the overall 

classification, and the kappa coefficient were estimated using ERDAS software. The accuracy of 

the classification for the year 2002, hereafter referred to as the reference (REF) land use map, had 

an overall classification accuracy of 84.6% and a kappa coefficient of 0.81, whereas the year 2019, 

hereafter referred to as the current (CUR) land use map, has an overall accuracy and kappa 

statistics of 87 and 0.83%, respectively. Finally, the land use maps obtained after the classification 

are then used for land use change studies and as inputs in the SWAT model to study future land 

use impacts. 

7.3.3 Land use map transition potential modeling and validation  

To determine the spatiotemporal changes during a specified period and determine the land use 

change transition to produce the land use change map, the MOLUSCE plugin for QGIS was used. 
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The model integrates some well-known algorithms for transition potential modeling, such as the 

ANN (multilayer perceptron), weights of evidence, multi-criteria evaluation, logistic regression, 

and CA algorithm, for future simulation (Abbas., 2021). The spatial factors used as input 

parameters were slope, aspect, and elevation. The spatial variables for model validation were 

chosen based on their relatively good association with the land use map, as measured by Cramer’s 

coefficient. Pearson’s correlation coefficient was used to measure the strength of a linear 

association between two satellite images. The relationship coefficient between 1985-2002 was 

0.89 and between 2002-2019 was 0.91, which indicates a good registration efficiency between the 

two data sets.  

In this study, the CA-ANN approach for transition potential modeling and projection was used. 

Land use data from 2002–2019 along with spatial variables were employed to project a land use 

map for 2019 and obtained a validation kappa value of 0.85 (Annex 7.8). After obtaining the 

projected land use map, the actual land use map of 2019 was compared with the projected data and 

obtained an overall acceptable kappa value of 0.71 (Annex 7.8). The Kappa values range from 1 

to −1. Roy et al. (2014) classified Kappa values as poor if they were less than 0.40, fair to good if 

they were between 0.40 and 0.75, and excellent if they were greater than 0.75.  

7.3.4 Projection of land use scenarios 

Projecting land use change for more than 20 years may involve uncertainties due to changes in 

government policy and/or human behavior. It is challenging to set plausible land use and world 

market scenarios for a period greater than 20 years (Roosmalen et al., 2009). A scenario-based 

land use change impact study could help to assess the potential impacts of land use change on 

watershed hydrology (Cao et al., 2019). Therefore, following the achievement of acceptable results 

from model validation, the land use map for 2040 was predicted. For this purpose, the temporal 

land use data from 2002 and 2019, the spatial variables, and the transition probability matrix were 

employed to predict the land use map for 2040, hereafter in the text referred to as "business as 

usual" (BAU) land use scenarios. The BAU scenario is developed based on the historical land use 

map. The MOLUSCE module, which is available in QGIS, has been used in various studies to 

predict future land use changes (Abbas et al., 2021; Kamaraj & Rangarajan, 2022; Landry et al., 

2019; Teklay et al., 2021). In contrast to BAU land use scenarios, the conservation scenario (CON) 

was developed with an emphasis on watershed management and ecological restoration to 



113 
 

counteract accelerated growth and promote sustainable socioeconomic development. The CON 

scenarios emphasize good policies for the better management of natural resources and sustainable 

agriculture. For developing a CON scenario best watershed management practices including 

terracing, contour farming, and filter strip were considered to be implemented during 2023–2040 

in the Baro basin (Table 7.1). In addition to this, HRUs under cultivation on a slope above 15% 

were modified to be changed to forest land. The baseline land use of HRUs was modified by using 

ArcGIS spatial analyst tools. In general, the BAU scenario represents a future condition where no 

measures are taken to control land use change in the basin, while the CON scenario considers 

idealized land use conditions that follow spatial management and regulation. 

Table 7.1 Best management practices and parameter values considered in conservation scenario. 

Watershed management   

practices 

Parameters  Calibrated value Modified value Reference 

Stone bund and terrace 

(agriculture) 

CN2 (.mgt) 83.2 74.2 (Berihun et al., 2020) 

USLE_P (.mgt) 0.37 0.32 (Betrie et al., 2010) 

Area closure (grassland ) CN2 (.mgt) 82.4 79.96 (Berihun et al., 2020) 

Filter strips FILTERW(.hru) 0 1(m)  (Betrie et al., 2010) 

 

7.3.5 Climate change scenarios 

In addition to land use scenarios, CORDEX Africa (http://cordexesg.dmi.dk/esgfwebfe/) provided 

simulated climate data with a resolution of 0.44° (Nikulin et al., 2012). Detailed information on 

RCMs and their forcing GCMs used in this study can be found in (Mengistu et al., 2021a. For the 

near future (2023–2040), five bias-corrected RCM outputs and their ensembles were used under 

the midrange mitigation emission scenario (RCP4.5) and the extreme emission scenario (RCP8.5). 

The distribution mapping methods were employed (Mengistu et al., 2021a; Teutschbein & Seibert, 

2012; Worku et al., 2020) to correct bias in future climate model outputs. Moreover, in this study, 

the best-performing climate models based on Taylor’s diagram and the cumulative distribution of 

rainfall comparison were selected for further hydrological impact studies.  

7.3.6 Combined climate and land use change Scenarios 

To compare the individual and combined impacts with the baseline condition, eleven scenarios 

(two only climate change, three only land use, and five combining climate change and land use) 
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were developed. The combination of the observed climate data from 1985 to 2002 and the 2002 

reference (REF) land use map was used as a baseline (BAS), which was used to compare the 

individual and combined land use and climate change impacts on the basin water balance (Table 

7. 2). Then the calibrated model is used to simulate the different hydrological components, 

including evapotranspiration (ET), surface runoff (SURQ), groundwater flow (GWQ), and water 

yield (WYLD), for each HRU unit using the water balance equation, and their results are 

aggregated at the basin level. HRUs are the smallest units in the model, where many of the 

biophysical processes such as ET and SURQ are estimated using the water balance equation 

(Neitsch et al., 2011). The future land use and climate change impacts were examined by 

comparing the monthly, seasonal, and annual results of the baseline period with the results of the 

corresponding individual and combined land use and climate change scenarios. Furthermore, the 

inverse distance weighting (IDW) approach was applied to estimate the spatial distribution of the 

ET and SURQ, in the basin.  

In addition, a two-sample t-test and the Mann Whitney (MW) U test (Stedinger et al., 1993) was 

employed to test the homogeneity of the mean of the two datasets. The statistical tests were 

performed to identify the impacts of land use, climate, and combined scenarios. The Levene test, 

which is based on the median value, was also employed to check the homogeneity of the standard 

deviation of the two datasets (Nordstokke et al., 2011). All the statistical tests were undertaken at 

a 95% confidence level to assess the significance of the difference between the baseline and each 

future scenario on the annual time scale. 

Table 7.2 The combination of land use change and climate change scenarios with the baseline 

(BAS) condition represented in the SWAT model. Baseline simulation represents the 

combination of the reference land use (2002) and the observed climate (1985−2002). 

No Scenario setting Land use  Climate  Climate and land use  

1 BAS REF   1985–2002 BAS 

2 Land use change CUR   1985–2002 CUR 

3  BAU  1985–2002 BAU 

4  CON  1985–2002 CON 

5 Climate change  REF   RCP4.5 RCP4.5 

6  REF   RCP8.5 RCP8.5 
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7 Land use and climate change CUR  RCP4.5 CURRCP4.5 

8  CUR  RCP8.5 CURRCP8.5 

9  BAU  RCP4.5 BAURCP4.5 

10  BAU  RCP8.5 BAURCP8.5 

11  CON  RCP4.5 CONRCP4.5 

12  CON  RCP8.5 CONRCP8.5 

 

7.3.7 Calibration and validation of the model 

The SUFI2 algorithm in the SWAT-CUP was used to conduct model parameter sensitivity 

analysis, calibration, and validation (Abbaspour et al., 2015). Based on the SWAT model default 

value and literature (Dile et al., 2013; Mengistu & Sorteberg, 2012; Mengistu et al., 2021b; Neitsch 

et al., 2011), eighteen model parameters were considered during the model parameter sensitivity 

analysis. The SWAT model was calibrated from 1990 to 1998 and validated from 1999 to 2002. 

Data from 1988 to 1989 was used for model warmup. To assess the model's skill, statistical metrics 

such as NSE, R2, and PBIAS were used. In addition, the p-factor and the r-factor were used to 

measure and quantify the strength of calibration or uncertainty. The p-factor represents the 

percentage of observations covered by the 95PPU, and its value varies from 0 to 1, with the perfect 

value of 1, while the r-factor represents the thickness of the 95PPU, and its optimal value is 0. For 

streamflow simulation, the value of the r-factor is suggested to be less than a threshold of 1.5 to 

indicate an acceptable simulation result (Abbaspour et al., 2015). 

7.4 Results and Discussion 

7.4.1 Evaluation of land use classification accuracy and validation 

From the confusion matrix report, the classification accuracy for the 2002 land use map had an 

overall accuracy of 84.6 % and a kappa coefficient of 0.81 (Annex 7.6), whereas the overall 

accuracy and kappa coefficient of the 2019 land use map was 87% and 0.83%, respectively (Annex 

7.7). In general, the accuracy assessment report indicated a high level of agreement between the 

ground truth and classified land use types (Vivekananda et al., 2021). Considering the QGIS 

model's performance, the current classified map was used to validate the simulated land use map 

of 2019 and assess the performance of the model. Accordingly, the calculated Kappa index is 

estimated at 0.87, showing an agreement between the classified land use map and the simulated 
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map. In other studies, a strong agreement was achieved during the validation of the simulated land 

use map with that of the observed map (Abbas et al., 2021; Guidigan et al., 2019; Teklay et al., 

2021). 

7.4.2 Land use change scenarios 

The land use change class statistics for the REF, CUR, BAU, and CON scenarios are presented in 

Table 7.3 and Figure 7.1. By visual observation and comparison with the 2002 (REF) land use 

map, it can be seen that there is a substantial increase in agricultural and urban land, while there is 

a decrease in other land use types for the CUR and BAU scenarios. The minor difference between 

the REF and CON land use scenarios was due to the conversion of smaller agricultural lands with 

slopes of more than 15% into forest land. Compared to the 2002 land use type, agriculture land 

increased in 2019 by 1913 km2 with a percentage of 7.8%, which is the largest increase. Forest 

land, on the other hand, declined by 1344 km2 with a percentage of 5.6%, the largest decline that 

can contribute to environmental degradation. The greatest expansion of agriculture at the expense 

of forest land is due to the increase in population growth that causes an increase in demand for 

cultivation lands such as agricultural cereal crops, field crops, and industrial crops, as well as 

urbanization. Concurrently, the prevalence of deforestation activities for urban and agricultural 

land expansion is also investigated in other studies (Alemayehu et al., 2016; Engida et al., 2021). 

Similarly, under the BAU scenarios, the increasing or decreasing rate of various land use types 

follows historical trends. In the BAU land use scenario, agricultural land is projected to increase 

from 5327 km2 to 9725 km2, about an 18% difference compared to the REF land use. In contrast, 

other land use types, including forests, scrubland, grassland, and water bodies, will decrease 

compared to the REF. Among these, the greatest decrease will be projected for forest land. It is 

projected to decrease from 13283 km2 to 10054 km2, with a percentage of 13.3%, which can 

significantly contribute to environmental degradation. In general, the simulated results show that 

such change will continue in the future because of the results of the Baro basin economic hub, 

population growth and urbanization, and the development of the infrastructure. These changes 

have a negative impact on natural resources, such as the hydrology of the basin. As a result, with 

the help of future simulation results, better planning and environmental management can control 

the adverse impact of these changes. The reduction in the forest, grassland, and shrubland is due 

to the increase in the urban area and agricultural land under the BAU scenario, as predicted in 

other Ethiopian watersheds (Dibaba et al., 2020; Teklay et al., 2021). 
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Table 7. 3 Land use coverage in (km2) under the REF, CUR, BAU, and CON land use scenarios in the Baro 

basin. Values in the bracket in italics represent land use change in percentage (%). 

Period Forest Shrub Grass Agriculture Urban Wetland  Water 

200 2 REF) 13283 (54.5) 3382 (13.8) 2282 (9.2) 5327 (21.8) 8 (0.03) 40 (0.17) 56 (0.23) 

2019 (CUR) 11939 (48.9) 3148 (12.9) 1947 (8) 7240 (29.7) 22 (0.09) 36 (0.15) 46 (0.19) 

BAU 10054 (41) 3097 (12.7) 1407 (5.7) 9725 (39.8) 35 (0.14) 26 (0.11) 34 (0.14) 

CON 13490 (55.4) 3361 (13.8) 2180 (8.8) 5225 (21.3) 30 (0.14) 38  (0.17) 54 (0.23) 

2019−2002  −1344 (−5.6) −234 (−0.9) −335 (−1.3) 1913 (7.86) 14 (0.06) −4 (−0.02) −10 (−0.04) 

2040−2002  −3229 (−13.3) −285 (−1.2) −875 (−3.4) 4398 (18) 27 (0.11) −14. 9 (−0.06) −22 (−0.1) 
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Figure 7.1 Land use maps in the Baro basin for the a) REF, b) CUR, c) BAU, and d) CON land 

use scenarios. 
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7.4.3 Climate change scenarios  

The comparative performance in the future period projection of the mean monthly rainfall, Tmax, 

and Tmin simulated by RCMs and their ensemble mean are presented in Figure 7.2. The mean 

monthly rainfall projection under both climate change scenarios did not show a consistent 

magnitude and direction compared with the observed climate. Compared to what was observed, 

most of the models simulated a decrease in rainfall, particularly in the dry months, but some models 

simulated an increasing trend, mainly in the wet season. For instance, compared with the observed 

(1782 mm), the ensemble mean indicated a decrease in mean annual rainfall of 1705 mm (4%) and 

1668 mm (6.4%) for RCP4.5 and RCP8.5, respectively. Compared with the observed (1782 mm), 

the RCA4 (CNRM) indicated a larger decrease in mean annual rainfall of 1627 mm (8.69%) under 

RCP4.5, but REMO (MPI) showed the largest increase of 1799 mm (0.9%) under RCP4.5. 

Considering the RCP 8.5 scenarios, REMO (MPI) shows the largest decrease (1602 mm), which 

is about 10%. In contrast, the future climate temperature projections for all RCMs and the 

ensemble show a consistent increase in Tmax and Tmin under both scenarios. For instance, the 

maximum temperature for the ensemble mean is expected to increase by 1.1 and 1.9 °C under the 

RCP4.5 and RCP8.5 scenarios, respectively. The RCA4 (ICHEC) indicated a larger increase in 

Tmax of 1.57°C under RCP4.5, but the RCA4 (ICHEC) showed the largest increase of 2.2°C under 

RCP8.5 scenarios. Similarly, the minimum temperature is expected to increase by 2.6 and 3.1 °C 

under the RCP4.5 and RCP8.5 scenarios, respectively. The CCLM4 (ICHEC) indicated a larger 

increase in Tmin at 3.18°C under RCP4.5, but the RCA4 (ICHEC) showed the largest increase of 

4.17°C under RCP8.5 scenarios. The results show that the increase under the RCP8.5 scenario is 

greater than the RCP4.5 scenario for both Tmin and Tmax. In addition, the increase in Tmin is 

larger than the Tmax under both the RCP4.5 and RCP8.5 scenarios. The decrease in rainfall is 

consistent with other studies conducted in several Eastern Nile subbasins (Beyene et al., 2010; 

Dibaba et al., 2020; Worku et al., 2021). The Tmax and Tmin projections agree well with previous 

studies on the Eastern Nile and global temperature predictions (Beyene et al., 2010; Elshamy et 

al., 2009; Worqlul et al., 2018; Worku et al., 2021).  
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Figure 7.2 Mean monthly climate change scenarios of bias-corrected RCMs and their ensemble 

relative to the observed: a, b) rainfall for RCP4.5 and RCP8.5, c, d) maximum temperature for 

RCP4.5 and RCP8.5, and e, f) minimum temperature for RCP4.5 and RCP8.5, respectively. 

The larger variation in the directions and magnitudes in bias-corrected RCMs projection 

particularly for rainfall demonstrates a wide range of uncertainties associated with future rainfall 

projections. Because of the uncertainty among the climate models, the ensemble which shows 

better performance in terms of Taylor diagram comparison is considered to obtain a generalized 

picture of the future climate change impact on the water balance. Moreover, several previous 

studies suggest the use of an ensemble for climate impact studies reduced uncertainty compared 

to the individual model (Fowler et al., 2007).  

7.4.4 Hydrological model calibration, and validation 

According to the results of the global sensitivity analysis using SUFI2 algorithms, the curve 

number (CN2) and base flow alpha factor (ALPHA_BF) were the most sensitive parameters during 

the model calibration process. 

The SWAT model simulation shows very good agreement in terms of R2, NSE, and PBIAS as well 

as the uncertainty analysis of the p-factor and r-factor during the calibration and validation period. 

Table 7.4. shows the optimal parameter values obtained using the SUFI-2 framework. For instance, 
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considering the objective function for optimization, the NSE values were 0.87 and 0.85 for the 

calibration and validation periods, respectively. Besides, the dotty plots in Annex 7.9 show the 

uncertainty of model parameters in streamflow prediction. The dotty plots are the plots that 

indicate parameter sensitivity and the distribution of sampling points by plotting parameter values 

or relative changes against an objective function (NSE).  

The prediction uncertainty in SUFI2 is depicted by the 95PPU (95 percent prediction uncertainty), 

which is represented by the green-colored region in Figure 7.3 for the calibration and validation 

periods. The flow hydrograph was well modeled, but the peak flow and the low flows were either 

underestimated or overestimated in the model. The p-factor and r-factor indices are estimated to 

assess the model uncertainty. The results show that the p-factor estimated was 0.75 and 0.72 for 

calibration and validation, respectively. This means that 75% and 72% of the observed discharge 

was enveloped by the 95PPU during the calibration and validation periods, respectively. The r-

factor, which is another index and is the thickness of the 95PPU envelope, was 0.5 for the 

calibration period and 0.4 for the validation period. A p-factor greater than 0.7 and an r-factor less 

than 1.5 display that the model is best at simulating streamflow (Abbaspour et al., 2015). In 

general, the SWAT model simulation results look acceptable for the prediction of streamflow. 

During the calibration and validation, most of the observed values were within the boundaries of 

95PPU, which show that SWAT model uncertainties were falling within the permissible limits. 

Therefore, the SWAT model can be used for various applications, such as the hydrologic impact 

of land use and climate change in the Baro river basin, water resources planning, and management.  

Table 7.4 Calibration and validation performance indicators of the SWAT model at the Baro River 

station. 

Period                             Statistical indicators  

 R2 NSE BIAS p−factor r−factor 

Calibration  (1990-1998) 0.88 0.87 −0.9 0.75 0.5 

Validation  (1999-2002) 0.86 0.85 −2.4 0.72 0.4 
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Figure 7.3 Comparison of monthly observed and simulated streamflow during a) calibration and 

b) validation period, and 95% prediction uncertainty band (95PPU). 

7.4.5 The impact of land use change on water balance 

The change in water balance for monthly simulations for different land use scenarios is shown in 

Figure 7.4. The main idea of water balance changes refers to the balance between the input and 

output of water, where precipitation can be defined as input and evapotranspiration, surface runoff, 

and groundwater recharge as output (Madani et al., 2018). The mean monthly simulation shows 

that the ET under the CUR and BAU scenarios is slightly lower than the BAS simulation in most 

months of the year, with the largest decreases of 4.96 mm and 9.38 mm in March under the CUR 

and BAU scenarios, respectively. ET projection under CON scenarios shows a slightly increasing 

trend during most months of the year, with the highest increase in June (1.9 mm). This may be due 

to the supposed reforestation program under the CON scenarios. Simulation for SURQ under the 

CUR and the BAU scenario shows an increasing trend in most months, with the largest increases 

of 8.4 mm and 12.11 mm in August and September, respectively. In contrast, the monthly 

simulation for SURQ under the CON scenarios indicates a substantially decreasing trend for all 

months of the year, with the largest decrease of 16 mm in August.  
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Figure 7.4  Mean monthly simulated water balance for land use change scenarios relative to the 

reference land use map. 

In addition, the change in water balance for seasonal and annual scales under different land use 

scenarios is depicted in Table 7.5 and Figure 7.5. At seasonal and annual time scales, a minor 

decrease in ET under the CUR and BAU scenarios is projected. However, SURQ shows a 

substantial increase in the range of 10 to 18% under the CUR and BAU scenarios, respectively. In 

contrast, SURQ showed a substantial decrease (36%) under the CON scenario, particularly in the 

dry season. Furthermore, results show that changes in projected GWQ show a decreasing trend for 

the CUR and BAU land use scenarios but an increase under the CON scenarios. 

The highest increase in SURQ and decline in ET and GWQ under the CUR and BAU land use 

scenarios compared to the BAS scenarios were associated with the expansion of agricultural and 

urban lands and the larger decrease in forest land. For example, in comparison to the BAS, the 

land use simulation for the BAU shows an increase of 18% in agricultural land and a decrease of 

13% in forest land. The projected decrease in ET under the CUR and BAU scenarios can be 

attributed mainly to the decrease in forest cover and the increase in agricultural land. Agricultural 

land consumes less water than forest land, resulting in a decrease in ET. This may be because 

forest-dominated land use scenarios may contribute more heat and moisture to the atmosphere 
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compared to agricultural land-dominated scenarios. Evidence also shows that forests contribute 

more heat and moisture to the atmosphere compared to agricultural land (Madan et al., 2018; 

Robinson & Dupeyrat, 2005). 

On the other hand, the simulated SURQ for the future has substantially increased under the BAU 

scenario. This is mainly attributed to agricultural land and has been positively correlated with 

surface runoff. Consequently, the massive conversion of land use to intensive agriculture and urban 

development will decrease the soil infiltration capacity, causing a substantial portion of rainfall to 

be directly converted to surface runoff. The reduction of soil water infiltration, in turn, causes 

groundwater flow to decline. A study by Woldesenbet et al. (2018) in the Upper Blue Nile basin 

shows a strong positive association between agricultural land and the mean annual SUR. The 

conversion of natural vegetation to cultivated or impervious land cover increases runoff generation 

is also supported by several other studies (e.g., Fan & Shibata, 2015; Tekleab et al., 2014; 

Woldesenbet, 2022; Yang et al., 2013). In contrast, under CON scenarios, the decrease in SURQ 

is attributed to the increase in forest land area due to reforestation and the construction of watershed 

management practices, which improves the soil's water holding capacity, infiltration, and recharge 

rate. Several studies show that the construction of soil and water conservation structures, such as 

bunds and terrace decreased the SURQ and increased the amount of soil water and the GWQ. The 

decrease in SURQ and increase in GWQ under the CON scenario are consistent with other studies 

conducted in the Ethiopian highlands (Mekonen & Tesfahunegn, 2011; Berihun et al., 2020). For 

example, Berihun et al. (2020) reported that watershed management practices reduced the SURQ 

by 65–78% in the Kecha watershed in northeastern Ethiopia.  

. 
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Figure 7.5 Simulated seasonal and annual patterns of water balance for land use change scenarios 

relative to the reference land use map. 

A substantial expansion of agricultural land at the expense of forest, shrubs, and grassland was 

predicted in the BAU scenarios. In comparison to the baseline, the land use simulation for BAU 

shows an increase of 18% in agricultural land and a decrease of 13% in forest land. The projected 

decrease in ET under the CUR and BAU scenarios can be attributed mainly to the decrease in 

forest cover and the increase in agricultural land. Agricultural land consumes less water compared 

to forest land, which probably resulted in a decrease in ET. On the other hand, the simulated SURQ 

for the future has substantially increased under the BAU scenario. This is mainly attributed to 

agricultural land having a positive correlation with surface runoff. A study by Woldesenbet et al. 

(2018) in the Upper Blue Nile basin shows a strong positive association between agricultural land 

and the mean annual SURQ. In contrast, under CON scenarios, the decrease in SURQ is attributed 

to the increase in forest land area, which improves the water-holding capacity of the soil, 

infiltration, and recharge rate. Concurrent with this study, the change in evapotranspiration and 

surface runoff due to land use change is also examined by several other studies in the Ethiopian 

highlands and other regions of the world (Guzha et al., 2018; Teklay et al., 2021). For example, 

watershed management practices reduced surface runoff by 65–78% in the Kecha watershed, in 
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northeastern Ethiopia (Berihun et al., 2020). On the other hand, Hyandye et al. (2018) in the 

Ndembera watershed in Tanzania also explored that a 7% expansion of forest triggers an 8% 

increase in evapotranspiration. 

7.4.6 The impact of climate change on water balance 

The response of water balance to changes in climate change scenarios at a monthly time scale is 

presented in Figure 7.6. The simulated ET under both RCP4.5 and RCP8.5 emission scenarios is 

larger than the BAS condition except in January, February, and December. The largest increase in 

ET has been projected under RCP8.5 scenarios; this may be due to the increase in both the Tmax 

and Tmin being greater than in the RCP4.5 scenarios. Under RCP8.5, the largest increase in ET is 

projected to occur in October (24 mm), while the largest decrease may occur in December (10 

mm). Similarly, under RCP4.5, a maximum increase and decrease are projected in the same month 

with a value of 20.5 mm and 11 mm, respectively. The ET simulation shows an increasing trend 

for both emission scenarios. This is due to the consistently increasing temperature and decrease in 

rainfall for most months of the year. On the other hand, the projected mean monthly SURQ and 

WYLD are expected to decrease compared to the BAS. The mean of the results indicates that the 

decreases are in the range of 9 mm to 45.6 mm for SURQ and 5.2 to 38.6 mm for WYLD. The 

largest decreasing value was estimated under RCP8.5 scenarios. 
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Figure 7.6  Mean monthly simulated water balance for climate change scenarios relative to the 

observed climate. 

Further, the mean seasonal and annual pattern in the water balance for the climate change scenarios 

is depicted in Table 7.5 and Figure 7.7. Under both climate change scenarios, the water balance 

projections except for ET indicated a decreasing mean value in terms of dry, wet, and annual time 

scales. On most hydrological variables, the decrease is more pronounced during the dry season 

than during the wet and annual time scales. For example, in the dry season, SURQ will decrease 

by 72% under RCP4.5, but it decreases by 38.6% and 41% in the wet season and annual time 

scales, respectively. Several studies in Ethiopia (Dibaba et al., 2020; Elshamy et al., 2009; Worku 

et al., 2020a) also reported a decrease in SURQ under the climate change scenarios compared to 

the baseline period. The greater decrease in the dry season flow in the Baro River is consistent 

(Mengistu & Sorteberg, 2012). 

 

Figure 7.7  Simulated seasonal and annual patterns of water balance for climate change scenarios 

relative to the observed climate. 
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7.4.7 The impact of land use change and climate change on the water balance 

On the monthly scale, the separate and combined impacts of land use and climate change scenarios 

on the water balance are presented in Figure 7.8. Results show a substantial change in hydrological 

processes is simulated in the combined land use and climate change scenarios. The combined 

scenarios trigger an increase in mean annual ET in most months of the year, with the largest 

increase of 20.5 mm under CURRCP8.5 occurring during October and the largest decrease 

occurring in January with a value of 11.3 mm under CONRCP4.5. SURQ indicated decreasing 

trends in most months of the year. The highest decrease (38.4 mm) was in July under the 

CONRCP8.5 scenario. The results for WYLD and GWQ also show a decreasing value under all 

scenarios. 

 

Figure 7.8 Mean monthly simulated water balance for the separate and combined land use and 

climate change scenarios relative to the baseline. 

The mean seasonal and annual pattern in the water balance for the combined land use and climate 

change scenarios is depicted in Table 7.5 and Figure. 7.9. The combined effects of all land use and 

climate change scenarios on SURQ and GWQ are simulated to decrease most of the time at the 

seasonal and annual scales. For example, the combined impact of BAURCP8.5 leads to a 34% 

decrease in the mean annual SURQ and an increase in ET of up to 9%. Under the CUR and BAU 
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scenarios, land use change only resulted in a minor decrease in evapotranspiration but a significant 

increase in SURQ and WYLD. In contrast, the projected climate change only leads to a decrease 

in SURQ, WYLD, and GWQ and an increase in the ET under both the RCP4.5 and RCP8.5 

scenarios. As a result, the combined climate and land use change scenarios (CURRCP4.5 and 8.5 

and BAURCP4.5 and 8.5) lead to a decrease in SURQ, WYLD, and GWQ and an increase in ET. 

However, the combined impact under CONRCP4.5 and CONRCP4.5.8 shows an increase in GWQ 

during the dry season. Worku et al. (2020b) also show that watershed management practices such 

as terracing have significantly decreased SURQ and thus significantly increased soil water in the 

Jemma sub-basin of the Ethiopian highlands when the baseline condition is compared to future 

climate scenarios. In general, the findings show that the effects of the combined climate and land 

use change scenarios show some similarity with the effects of climate change scenarios. As a 

result, the study demonstrates that water balances such as ET and SURQ are more sensitive to 

climate change than land use change. Several studies conducted around the world (e.g., Aboelnour 

et al., 2019; Kim et al., 2013; Pan et al., 2017) and in other parts of Ethiopia (Dibaba et al., 2020) 

also found that climate change was generally more significant than land use change in determining 

the basin's hydrological response.  
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Figure 7.9 Simulated seasonal and annual pattern of water balance for separate and combined land 

use and climate change scenarios relative to the baseline. 

Table 7.5 Seasonal and annual changes in water balance for the separate and combined land use 

and climate change scenarios compared with the baseline. Values in the bracket denote 

percentage change (%) 

Scenario time  ET (mm) SURQ (mm) GWQ (mm) WYLD (mm) 

Land use  

BAS 

DRY 78.06 31.35 51.69 105.21 

WET 718.59 380.28 211.66 705.46 

Annual 796.65 411.63 263.34 810.67 

CUR 

DRY 77.72 (−0.43) 34.54 (10) 50.96 (−1.4) 106.63 (1) 

WET 713.92 (−0.65) 425.97 (12) 180.48 (−14.7) 708.67 (0.46) 

Annual 791.64 (−0.63) 460.51(11.8) 231.44 (−12) 815.29 (0.57) 

BAU 

DRY 76.34 (−2.3) 36.98 (18) 49.51(−4) 106.50 (1.22) 

WET 705.79 (−1.78) 449.34 (18) 173.59 (−17.9) 717.81 (1.75) 

Annual 782.13 (−1.82) 486.31(18) 223.10 (−15) 824.30 (1.68) 

CON 

DRY 79.22 (1.48) 19.96 (−36) 69.37 (34.2) 118.03 (12.18) 

WET 719.36 (0.11) 290.46 (−23) 250.54 (18.3) 690.14 (−2.17) 

Annual 798.58 (0.24) 310.41(−24) 319.91 (21.4) 808.17 (−0.31) 

Climate 

RCP4.5 

DRY 63.45 (−18.7) 8.54 (−72.7) 42.96 (−16.8) 68.36 (−35.03) 

WET 808.47 (12.5) 233.20 (−38.6) 170.26 (−19.5) 497.22 (−29.57) 

Annual 871.92 (9) 241.73 (−41) 213.22 (−19) 565.58 (−30.23) 

RCP8.5 

DRY 67.22 (−13.8 9.92 (−68) 43.75 (−15) 71.27 (−32.25) 

WET 828.35 (15.27) 225.49 (−40.7) 168.68 (−20) 491.77 (−30.29) 

Annual 895.57 (12) 235.41 (−42.5) 212.42 (−19) 563.04 (−30.54) 

Combined  

CURRCP4.5 

DRY 63.71 (−18.38) 8.57 (−72.6) 42.45 (−17.8) 67.68 (−35.67) 

WET 809.70 (12.67) 237.32 (−37.5) 172.51 (−18) 504.31 (−28.51) 

Annual 873.41 (9.6) 245.89 (−40.) 214.96 (−18) 572.00 (−29.44) 

CURRCP8.5 

DRY 65.51 (−16.07) 12.42 (−60) 42.74 (−17) 72.57 (−31.02) 

WET 805.62 (12.11) 252.90 (−33) 162.00 (−23) 509.80 (−27.73) 

Annual 871.13 (9.3) 265.32 (−35.5) 204.74 (−22) 582.38 (−28.16) 

BAURCP4.5 

DRY 62.19 (−20.33) 9.62 (−69) 41.94 (−18.8) 67.71 (−35.64) 

WET 797.97 (11.04) 256.16 (−32.6) 170.43 (−19) 517.01(−26.7) 

Annual 860.15 (8) 265.78 (−34) 212.37 (−19) 584.72 (−27.87 

BAURCP8.5 

DRY 64.42 (−17.47) 11.90 (−62) 43.20 (−16) 71.89 (−31.66) 

WET 805.55 (12) 257.94 (−32.6) 167.19 (−21) 515.58 (−26.9) 

Annual 869.97 (9.2) 269.84 (−34) 210.39 (−20) 587.47 (−27.53) 

CONRCP4.5 
DRY 60.46 (−22.54) 7.96 (−74.6) 59.05 (14) 88.48 (−15.9) 

WET 794.88 (10.61) 197.75 (−48.5) 178.43 (−15.6) 493.99 (−29.97) 
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Annual 855.34 (7.36) 202.6 (−51) 237.48 (−9.8) 582.47 (−28.14) 

CONRCP8.5 

DRY 63.91 (−18.12) 8.54 (−72.7) 60.58 (17) 93.70 (−10.94) 

WET 803.67 (11.8) 196.82 (−48) 175.95 (−16.8) 492.61 (−30.17) 

Annual 867.58 (8.9) 205.1 (−50) 236.53 (−10) 586.31 (−27.67) 

 

ET =evapotranspiration, SURQ = surface runoff, GWQ = ground water, WYLD = water yield  

7.4.8 Spatial distribution of water balance under the individual and combined climate and 

land use change scenarios 

The spatial distribution under the baseline and the different separate and combined land use and 

climate change impacts on the evapotranspiration and surface runoff in the Baro basin are shown 

in Figures 7.10 and 11, respectively. The corresponding statistical mean difference between the 

baseline and different scenarios is shown in Table 7.6. As shown in the figures, the spatial variation 

of evapotranspiration ranges from 500 to 1100 mm, and that of surface runoff ranges from 50 to 

900 mm. The highest ET was found in the basin around the forest dominated and high rainfall area 

in the southern parts of the basin particularly for land use change scenarios Fig 9 a-d. In contrast, 

the lowest ET was found in the western part of the basin, which has relatively low forest cover and 

rainfall. Similarly, the western part of the basin is expected to experience the greatest decline in 

SURQ under both climate change scenarios.  

Spatial distributions of decline in forest and shrubland were also in accordance with areas with 

increases in SURQ and decreases in ET. The red color indicates an increase in SURQ relative to 

the BAS, while the gray color indicates a decrease in SURQ relative to the BAS. The increase in 

SURQ under the CUR and BAU scenarios compared to the BAS is associated with the highest 

expansion of agricultural lands, urban expansion, and the decline of forest and shrubland. This 

reveals that a conversion of land use to intensive agriculture and settlements will reduce the soil 

infiltration capacity, causing a large portion of rainfall to be directly converted to surface runoff. 

On the other hand, the highest decline of the SURQ is projected around the western part of the 

basin under both climate change scenarios and the combined land use and climate change 

scenarios. These show the large impacts of climate change and the minor impacts of land use 

change on SURQ variation relative to the BAS. The decline in SURQ over the basin could be due 

to the decrease in rainfall and increase in both Tmax and Tmin under both climate change 

scenarios. Reduced SURQ and the increased in ET in the basin could affect the availability of 

water resources in the basin and aggravate moisture stress downstream. Aside from climate change 
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pressure, increased water abstractions may also contribute to a decrease in water resources. 

Furthermore, the increasing demand for the growing population to use groundwater could 

additionally contribute to the decline of groundwater by increasing groundwater withdrawal. The 

study by Dibaba et al. (2020) in Ethiopian highland shows that, due to the high changes in land 

use, springs in the watershed are dried out and the level of water in hand-dug wells decreases. 

 

Figure 7.10  The spatial distribution of the ET under the individual and combined climate change 

and land use scenarios: (a) BAS scenario (1985–2002); (b-d) land use change for CUR, BAU and 

CON scenarios, respectively; (e) and (f) climate change for RCP4.5 and RCP8.5 scenarios, 

respectively; (g-l) combined land use and climate change for CURRCP4.5, CURRCP8.5, 

BAURCP4.5, BAURCP8.5, CONRCP4.5, CONRCP8.5 scenarios, respectively. 
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Figure 7.11  The spatial distribution of the SURQ under the individual and combined climate 

change and land use scenarios: (a) BAS scenario (1985–2002); (b-d) land use change for CUR, 

BAU, and CON scenarios, respectively; (e) and (f) climate change for RCP4.5 and RCP8.5 

scenarios, respectively; (g-l) combined land use and climate change for CURRCP4.5, 

CURRCP8.5, BAURCP4.5, BAURCP8.5, CONRCP4.5, CONRCP8.5 scenarios, respectively. 

7.4.8 Statistical analysis 

Table 7.6 presents the mean and variance test between the baseline and each separate and combined 

land use and climate change scenario for the selected water balance. Results for the homogeneity 

of the mean test (t-test and MW) and the variance test (Levene test) using a significant level of 5 

% showed that the mean difference of ET was not significant for any of the separate and combined 

scenarios. Whereas the statistical test employed for SURQ shows a significant difference for all 
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separate and combined impacts except for the CUR and BAU land use scenarios. The GW is 

significant only for RCP8.5 scenarios, while it is not significant for other separate and combined 

climate and land use scenarios. The WYLD did not show a significant difference for all land use 

scenarios, but it did show a significant difference for the climate and combined scenarios. Overall, 

the change in most of the hydrological processes between the baseline and future land use scenarios 

was insignificant. This is because the converted land use areas were smaller than the threshold 

level, which caused a significant change in hydrological processes. The estimate for ET and 

WYLD has been consistent with a study conducted in the West African basins (Li et al., 2007). 

They found that deforestation below 50% has no significant impact on water yield. 

Table 7.6 Summarize the homogeneity of mean and variance test for annual water balance for the 

separate and combined scenarios compared with the baseline at a 5% significance level. A single 

asterisk (*) represents the difference between the mean and variance of the baseline and the 

scenarios are not statistically significant and the double (**) represents significant differences.  

Variable  Metrics 

land use Climate Combined 

Cur BAU CON RCP4.5  RCP8.5  
Cur 

4.5  

Cur 

8.5 

BAU 

4.5  

BAU 

8.5 

CON 

4.5  

CON 

8.5 

ET 

t−test * * * * * * * * * * * 

MW−test * * * * * * * * * * * 

Leven−test * * * * * * * * * * * 

SURQ 

t−test * * ** ** ** ** ** ** ** ** ** 

MW−test * * ** ** ** ** ** ** ** ** ** 

Leven−test * * ** ** ** ** ** * ** ** ** 

GWQ 

t−test * * ** ** ** * ** ** ** ** ** 

MW−test * * * * ** * * * * * * 

Leven−test * * * * ** * * * * * * 

 t−test * * ** ** ** * * * ** ** ** 

WYLD MW−test * * * ** ** * * * ** ** ** 

  Leven−test * * * ** ** ** ** ** ** ** ** 

 

Model uncertainties  

The impact of land use and climate change studies on hydrology and the application of 

hydrological models involves various uncertainties (Fowler et al., 2007; Hayhoe et al., 2017; 

Karlsson et al., 2016; Teklay et al., 2021). This study used a land use change model, a climate 

change model, and a hydrological model, whereby each model can be a source of large uncertainty 
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affecting the outcomes. For the land use change model, the study used a combination of the 

MOLUSCE and MCE methods to project future land use. However, this method and assumption 

base land use in the future on the extrapolation of trends, whereas future trends are uncertain due 

to uncertainties in future population growth, economic policy, and government policy (Marhaento 

et al., 2018; Van Roosmalen et al., 2009). The best management practices can be modeled using 

the SWAT model based on literature, but they have not been validated by field data. For the climate 

model, the choice of GCM or RCM is the greatest source of uncertainty in climate change studies 

(Chen et al., 2011; Kundzewicz et al., 2018). The discrepancy among the GCM models over 

regional climate change studies is widely recognized as a large source of uncertainty. Moreover, 

the climate models disagree on the magnitude, and even the direction of change of climate 

variables in different parts of the world, particularly when it comes to rainfall (Beyene et al., 2010; 

Zhang et al., 2014). For the hydrological model, the source of uncertainty can be associated with 

model structure, parameter uncertainty, and data scarcity for calibration and validation processes 

as well as data inputs (e.g., lack of relevant spatial and temporal variability of data on climate, 

soils, and land uses) (Brigode et al., 2013). 

Despite these potential sources of uncertainty, this study made efforts to reduce uncertainties 

stemming from land use, climate change, and hydrological modeling. One possibility of 

accounting for some of the uncertainties is using an ensemble of climate models (Kundzewicz et 

al., 2018). Consequently, an ensemble of multi-GCM-driven RCM simulations was used based on 

the different magnitudes and directions of change in the future climate. Besides, climate change 

scenarios were developed from RCM simulations that have high resolution (10–50 km). The most 

plausible emission scenarios with robust bias correction techniques are used for the assessments 

of the RCMs to reduce uncertainty. The SWAT model was calibrated and validated for streamflow 

data before applying it to climate change impact assessments. The performance of the model was 

evaluated in terms of appropriate statistical metrics. In addition, this study is looking for the best 

available data, such as a high-resolution soil map (250 m), a land use map (30 m), and a DEM (30 

m), to reduce uncertainties in the model projection and try to understand the impact of land use 

and climate change on the hydrological process in the basin. 

7.5. Conclusion 

This study evaluated the separate and combined impacts of climatic and land use changes on 

hydrologic processes in the Baro basin. A calibrated SWAT model was run for three land use 
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scenarios, two future climate scenarios, and six combinations of land use and climate change that 

were used in this study. The distribution mapping methods were used to correct for both the daily 

rainfall and temperature datasets. Statistical tests were employed for evapotranspiration, water 

yield, runoff, and groundwater to test the mean annual difference between the baseline and 

simulated scenarios. 

Under climate change scenarios, the consistent increases in Tmax and Tmin and the decreases in 

rainfall in most of the months are expected to increase the evapotranspiration and decrease the 

water availability in the Baro basin. The projected climate change alone leads to a decrease in 

surface runoff, water yield, and groundwater and increases the ET under both the RCP4.5 and 

RCP8.5 scenarios.  

In comparison with the REF land use map, the BAU projected land use shows a substantial increase 

in agricultural land with a percentage of 18% that should be regulated to have sustainable 

development and maintain a green environment. On the other hand, a substantial decrease in forest 

land with a percentage of 13.4% should also be regulated to control environmental degradation. 

The business-as-usual scenario indicated the great expansion of agricultural land at the expense of 

forests, which led to an increase in mean annual surface runoff of 18% in 2040. In contrast, the 

conservation scenario decreases the surface runoff by 24%. The land use map of the CUR and 

BAU scenarios alone leads to an increase in surface runoff, water yield, and decreased groundwater 

and ET. 

 In most scenarios, there is a tendency for the combined land use and climate change scenarios' 

hydrologic responses to be similar to those of climate change alone. This demonstrates that climate 

change has a greater impact on mean monthly, seasonal, and annual hydrological processes than 

land use change. Generally, the estimated water balance will have negative impacts on future 

agricultural production and water availability. As a result, the implementation of integrated basin 

management strategies such as water harvesting, soil and water conservation, and afforestation 

could minimize the negative impacts. 
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8. Synthesis, conclusions, recommendations, and future research direction 

8.1 Synthesis 

The Baro–Akobo River basin is of high strategic significance for Ethiopian development, at both 

the regional and national levels. For this reason, advances in the general understanding and 

evaluation of the individual and combined impacts of future changes in the hydrology of the basin 

under the changing climate and land use conditions are urgently needed. This study was first 

intended to examine the past and potential future climates and their impacts on the hydrological 

processes of the basin. The observed station climate data from 1975–2005 was used to compare 

the raw and the bias corrected climate model data obtained from the CORDEX-Africa portal. 

Furthermore, climate model data under the representative concentration pathway (RCP) 4.5 and 

8.5 scenarios for the periods 2030 (2021–2050) and 2080 (2071–2100) was used to examine the 

future climate and its impact on the hydrological processes using the SWAT model and IHA 

software. On the other hand, to examine land use change, this study used land use data from the 

USGS website, which provides Landsat satellite image data for the periods 1985, 2002, and 2019. 

The classified land use data from 1985 to 2002 was used to validate the land use data of 2019, and 

land use data from 2002 to 2019 was used to predict future land use changes using the CA-ANN 

approach. Three different climate data sets (observed, CFSR, and CHIRPS) and the 2002 land use 

map were adopted for the SWAT model's calibration and validation. Then the calibrated and 

validated SWAT model was applied to simulate the basin hydrology under various climate and 

land use change scenarios. Eleven different scenarios (two for the impact of climate change, three 

for land use change, and five for the combined impact of climate and land use) were developed to 

compare with the baseline.  

8.1.1 Statistical regional climate model evaluation 

Recently, the CORDEX initiative has made several RCM outputs available for end users 

throughout the African continent. Before climate simulations obtain applications for impact and 

adaptation studies, the skill of the simulation results has to be examined. In this study, the climate 

skills of seven individual RCMs and their ensemble mean in the basin were investigated. The 

observed data for performance assessment was collected from the weather stations of the National 

Meteorological Agency of Ethiopia (www.ethiomet.gov.et/). The models were examined using 

several statistical measures, such as root mean squared error, correlation coefficient, bias, and plots 
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of the observed vs. simulated annual cycle. The results show that the majority of the raw climate 

models capture the unimodal pattern of the annual rainfall cycle. However, the models showed 

either a shifting of the rainy season or a considerable overestimation or underestimation. For 

instance, CCLM4 (CNRM) overestimated the rainfall in the majority of the months in several 

stations but underestimated it in some stations, for instance, in Mizan-Tefri, and shifted the peak 

rainfall period. RCA4 (CNRM and MPI) underestimated the rainfall in the majority of the months 

at several stations but overestimated it at some stations, for instance in Masha and Yubdu and 

shifted the peak rainfall period. Although the ensemble better captured the unimodal rainfall 

pattern, it underestimated rainfall in most months, including the peak rainfall period. The results 

showed that using the raw RCM data resulted in greater uncertainty in the rainfall simulation in 

the basin. In all cases, it is noted that climate model data resulted in a better representation of 

temperature than rainfall, indicating that greater uncertainty still exists in model simulated rainfall 

than temperature. Moreover, RCA4 (CNRM) for maximum temperature and RCA4 (ICHEC) for 

minimum temperature best captured the monthly pattern and the corresponding peak period. In 

general, no single RCM performed best across all stations when comparing monthly and annual 

climate characteristics. This is likely because rainfall and temperatures vary spatially due to 

elevation differences among considered meteorological stations. Due to the difference in initial 

boundary conditions, local forcing, the parameters considered, and the parameterization of 

variables, climate models have different performances in simulating the climate of a specific 

geographic region. The biases in RCMs may also stem from the boundary conditions (GCMs). 

Moreover, different RCMs may perform differently when forced to perform under similar 

boundary conditions (GCMs). This implies that the best-performing RCMs vary within the study 

basin, and thus site-specific evaluation of RCMs and bias correction is indispensable before 

applying the data for impact assessment. It is also essential to identify GCMs and RCMs that can 

simulate the historical climate of the study basin. 

Bias adjustment could help reduce uncertainties arising from systematic biases in the RCMs. Bias 

correction procedures assume that the bias correction algorithms and their parameterization for 

baseline climate conditions are also valid under future climate conditions. Therefore, it was 

worthwhile to adjust such biases through a robust statistical bias correction approach before using 

RCM simulations to generate climate scenarios and climate impact scenarios. The comparison of 

the distribution mapping methods and linear scaling methods under different metrics demonstrated 
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comparable performance in correcting the climate simulations of the RCM against the observed. 

No substantial difference is found after bias correction between the observed and the RCM 

simulations, and a relatively small variability range is identified in terms of the statistical metrics 

used for rainfall and temperature evaluation during the period 1975–2005. All of the models well 

captured the unimodal pattern of the annual rainfall cycle with less bias. Among the models, the 

ensemble mean best captures the annual cycle with less bias and high correlation at several stations. 

Several researchers who worked primarily with model evaluation in various parts of the world 

have acknowledged the use of ensembles in improving the quality of individual climate models. 

Therefore, to reduce the uncertainties that arise from RCM choice, many studies frequently use 

the ensemble method, where the projection results from more than one climate model are 

combined. The results of this study also supported the effectiveness of the ensemble approach in 

improving climate data quality. The better performance of bias corrected RCMs in reproducing 

the annual cycle could provide important information for farmers and water resource managers. 

8.1.2 Future climate change scenarios  

To account for the climate model uncertainties in future simulations, five RCMs and the ensemble 

mean based on two RCP scenarios (RCP4.5 and 8.5) were considered for the periods 2021–2050 

(2030s) and 2071–2100 (2080s). These RCP scenarios are selected following the priority given by 

the CORDEX-Africa project. Furthermore, to develop climate change scenarios useful for 

assessing hydrological impacts, the raw data from each RCP's climate model was bias-corrected 

for systematic bias using distribution mapping techniques. In correspondence with the projected 

strong tropical ocean warming (IPCC, 2013), the majority of the climate scenarios and their 

ensembles reveal a decrease in rainfall in the 2030s and 2080s future periods over the basin, but 

the temperature shows a consistent increase throughout the future period. Under the ensemble 

mean of RCMs, a higher decrease in rainfall is projected under the RCP8.5 emission scenario than 

in the RCP4.5 emission scenario. The dry and wet season means of rainfall are expected to decrease 

by 19% and 4%, respectively, under the RCP8.5 scenario by the 2080s. This indicates a relatively 

narrower range of projections for the wet season than the dry season. Higher and lower increases 

of Tmin and Tmax are estimated from climate scenarios under RCP8.5 and RCP4.5, respectively, 

following the Fifth IPCC finding that attributed emission scenarios as major drivers of temperature 

change. Again, in agreement with the projected concentration of greenhouse gases, a higher 

increase in Tmax and Tmin is projected in the 2080s than in the 2030s. The Tmax and Tmin are 
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expected to increase up to 2.6 °C and 3.29 °C for RCP8.5 in the 2080s, respectively. In general, 

Tmax and Tmin under the considered climate scenarios have demonstrated strong consistency with 

the projected global temperature. To assist our understanding of the future condition of extreme 

rainfall in the basin, descriptions of selected indices of daily rainfall amount were undertaken. An 

increase in rainfall extreme projections (e.g., R20, R95p, Rx1, and RX5) in RCP scenarios could 

lead to a greater climatic risk to human livelihood and other environmental resources. This extreme 

rainfall event in the basin showed a similar trend to the global extreme rainfall prediction, which 

exhibited an increase since the 1950s (IPCC, 2019). This confirms that, due to changes in the 

pressure systems and sea surface temperatures of the equatorial eastern Pacific, Gulf of Guinea, 

Atlantic, and Indian Oceans in the future period, the mean rainfall and extreme rainfall in the basin 

may be further perturbed in the future period. On the other hand, a decline in rainfall projection 

(e.g., R10 and the mean value) could impact crop production and the amount of water available in 

rivers and streams. In general, the greater range of potential changes between the models and the 

different extreme indices suggests that we should be prepared for many probable impacts from 

changing rainfall and temperature. 

8.1.3 SWAT hydrological model evaluations 

The temporal and spatial data sets were used to set up the SWAT model. Three independent climate 

datasets, including observed, CHIRPS, and CFSR, were applied to calibrate and validate the model 

at Baro and Sore river stations. The model has been used to represent the main hydrological 

processes within small and large basins. In SWAT, sub-basins are firstly divided based on the 

DEM and are then further subdivided into a series of HRUs according to the elevation, land use, 

and soil types of the basin. The HRUs are the smaller estimation units, where the hydrological 

components such as ET, SURQ, and GWQ are estimated based on the water balance equation 

(Neisch et al., 2011). Parameter sensitivity analysis, calibration, and validation are undertaken by 

SWAT-CUP, which is an automatic sensitivity analysis tool in the SWAT model (Abbaspour et 

al., 2015). To assess the skill of the SWAT model in streamflow simulations, different metrics 

such as NSE and PBIAS between the observed and estimated values were provided (Moriasi et al., 

2007). The curve number (CN2), soil evaporation and compensation coefficient (ESCO), and 

Baseflow alpha factor (ALPHA_BF) were found to be the most sensitive parameter. When 

considering simulation results, CHIRPS combined with CFSR was as good as the observed climate 

dataset for reproducing the monthly streamflow data. Moreover, when considering simulation 
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results at daily time steps, the performance of the model to reproduce daily streamflow was not as 

good as that at monthly time steps. Once the model was calibrated and validated, different climate 

and land use scenarios were applied to evaluate their impact on hydrological processes at the basin 

scale.  

8.1.4 Climate change impacts 

To understand more about the future availability of water resources, hydrological process analysis 

was performed on a monthly, seasonal, and annual basis using the SWAT model and the IHA 

method. The decrease in mean rainfall and the increase in temperature due to future climate change 

imply a general decrease in streamflow and, thus, an increase in evapotranspiration. The strongest 

climate change impact is produced for RCP8.5 for the 2080s, which indicates a larger decrease in 

rainfall and streamflow and an increase in temperature for all seasons. The FDC also shows a 

decreasing trend in most of the flow except for the extreme flow segment. Moreover, the 

hydrological flow indicators related to monthly flows show a decrease in the high and middle 

ranges of variability categories, while the low category shows an increasing trend. In general, 

decreases in surface water, water yield, and groundwater, as well as an increase in 

evapotranspiration, could affect the availability of water resources in the basin and aggravate 

moisture stress downstream. The largest decrease in streamflow under the RCP8.5 scenario is in 

agreement with other previous climate change impact studies in other parts of Ethiopia (Dibaba et 

al., 2020; Worku et al., 2021). The finding is also consistent with Beyene et al. (2010), who showed 

that the Nile River is expected to decline in 2040–2069 and 2070–2099 due to the decline in rainfall 

and increased evaporation demand. 

8.1.5 Land use change impacts  

The historical trend of land use change over the last four decades was performed using Landsat 

satellite image data. The satellite image was used for predicting future land use. The current land-

use distribution in the watershed is mainly the result of various anthropogenic processes that have 

occurred during the last four decades, including the diminishing and abandonment of vegetation 

such as forests, shrubs, and grazing. This has led to an expansion of agricultural land, which 

nowadays occupies nearly 18% of the basin’s area, and urbanization. In addition to the current 

land use scenario, two other plausible scenarios were generated on the basis of realistic 

assumptions. The land use map uses a set of spatial interaction rules and machine learning 



142 
 

(artificial neural networks) algorithms to generate a future land use scenario, namely "business as 

usual." The third scenario considers a further increase in altitudinal forest expansion. The 

conservation scenario (CON) includes the substitution of mountainous agriculture and grassland 

for forests and applying watershed management practices in agricultural areas. When hypothetical 

(but plausible) land-use scenarios are considered, surface runoff (and ET) are affected as well; i.e., 

a decrease in surface runoff and an increase in ET are observed in the case of a conservation 

scenario, and the opposite effect is observed when a BAU scenario is considered.  

8.1.6 Climate and land use change impacts  

Eleven different scenarios (two for the impact of climate change, three for land use change, and 

five for the combined impact of climate and land use) were developed to compare with the 

baseline. For which the SWAT model was used to simulate several water balance components. 

The components of water balance, including surface runoff, ET, and groundwater and water yield 

content, were simulated for a basin to assess its sensitivity to changes in climate and land use. 

Under climate change conditions (increasing both Tmax and Tmin and decreasing rainfall) surface 

runoff, GWQ, and WYLD will suffer reductions (up to 42%) and an increase in ET (12%), where 

the RCP8.5 climate scenario is considered. In contrast, the BAU land use scenario projection 

triggers a respective increase in the mean annual SURQ of 18% and decreases ET by up to 2%. 

According to the SWAT model, this indicates climate change will have bigger impacts on the 

availability of water resources than land use changes. As a result, the water balance is more 

sensitive to climate change than to land use changes; the change in the estimated water balance 

under both climate and land use change scenarios is consistent with that under the only climate 

change scenario. 

Finally, while formulating adaptation and mitigation plans for a potential future climate and land 

use change threat, decision-makers who use climate and land use models output, such as managers 

of water and land resources, designers of water infrastructure, and policymakers, must carefully 

examine the validity of the data. Particularly, the community of climate users must conduct a 

thorough assessment and choose the best climate model to depict the climate in the area of interest 

while the modelers continue to work on improving their models. 
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8.2 Conclusions 

By considering the historical and projected climate variables and land use changes, the possible 

impacts of these changes on the water resources of the basin have been examined. Before 

quantifying the separate and combined impact of climate and land use change on hydrology, a 

couple more activities were carried out, including (1) the two major climatic inputs, rainfall, and 

temperature, were bias-corrected; (2) a comparison of the performance of regional climate models 

in simulating the historical climate; (3) hydrological model calibration, validation, and sensitivity 

analysis; (4) developing baseline and future climate data using a bias-corrected multi-RCM and 

land use scenarios; and (5) quantifying the individual and combined impacts of climate and land 

use change on hydrology. 

The RCM outputs from CCLM4, RCA4, and REMO capture the historical rainfall and temperature 

characteristics of the basin. However, all RCMs after bias correction showed better performance 

in reproducing the magnitude and distribution of the mean monthly rainfall and temperature and 

improved all the statistical metrics. The Mann-Kendall trend test (TFPW methods) for observed 

and most individual bias corrected RCMs, as well as the ensemble mean, revealed a decreasing 

trend in rainfall, while maximum and minimum temperatures showed an increasing trend in the 

majority of the stations. The ensemble mean of RCMs coupled with the distribution mapping 

methods is superior in several statistical metrics. 

The study shows the reliability of gridded climate data as an alternative to observed station data in 

limited or missing data cases for hydrological studies. CHIRPS combined with CFSR, in 

particular, performs comparably with the observed data set.  

In future climates, there will be much better consistency between climate model projections of 

temperature and rainfall. The rainfall under different regional climate models shows unpredictable 

rainfall predictions under RCP4.5 and RCP8.5 climate scenarios. This shows that local and 

regional factors (internal variability) are also important drivers of rainfall in the basin. As projected 

in all bias-corrected RCMs, RCP8.5 is generally warmer than RCP4.5, and the 2080s are warmer 

than the 2030s. An increase in rainfall extremes and temperatures projected in RCP scenarios could 

lead to a greater climatic risk to human livelihood and other environmental resources. On the other 

hand, a decline in rainfall projection (e.g., R10 and the mean value) could impact crop production 

and the amount of water available in rivers and streams. In general, the greater range of potential 
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changes between the models and the different extreme indices suggests that we should be prepared 

for many probable impacts from changing rainfall and temperature. If sustained and significant 

reductions in greenhouse gas emissions are not achieved, such temperature and rainfall changes 

could occur in the 21st century and beyond. 

The good agreement between observed and simulated daily and monthly values for streamflow 

over the period of 1990–2002 proves that the SWAT model can provide good estimates of 

streamflow and other hydrological processes in the basin. Based on the bias-corrected ensemble 

climate model simulation, the basin may experience a decrease in rainfall and an increase in 

temperature under the RCP4.5 and RCP8.5 scenarios compared to the baseline condition (1985–

2002). This can be attributed to the decrease in surface runoff, groundwater, and water yield and 

an increase in evapotranspiration. Except for the extreme flow segment (i.e., 0–3% exceedance 

probability), the projection for simulation under both scenarios shows a decreasing flow. The 

projection of land-use change in the business-as-usual (BAU) scenario demonstrated the expansion 

of agriculture in the Baro basin. As a result of this change, surface runoff is projected to increase 

while evapotranspiration is projected to decrease in the future. On the contrary, under a 

conservation land use scenario, a surface runoff will decrease while evapotranspiration increases. 

The increase in SURQ caused by land-use change factors is less than the offsetting decrease 

resulting from climate change. In addition, the minimal decrease in evapotranspiration under the 

BAU scenario is outweighed by increases in climate change scenarios. The assessment indicated 

that climate change is the main driver of the water balance in the basin. The outcomes of the 

climate projection study illustrate the implications of decreased water availability and its effect on 

agricultural output. Thus, climate change is expected to affect much more the amount and 

ecological quality of streamflow, the resilience of riverine species, and the future availability of 

water resources more than land use change. 

Uncertainties in climate-change impact assessments in hydrology and water resources are almost 

unavoidable, but the results are probably valid under the currently used climate and land-use 

scenarios in the study area. However, the results and methodology of this study still have 

implications for water-resource management and land-use planning in the future for the study area 

and other regions facing similar stresses from climate and land use change. 
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The climatic scenarios that were projected here were hypothetical and therefore cannot be 

considered assessments of the absolute future climatic conditions of the basin. However, these 

SWAT predictions provide insight into the potential magnitude of hydrologic changes that could 

occur as a result of future climatic changes. 

8.3 Recommendations   

Based on the findings of the study, it is recommended that a reliable climate service system be 

established to increase stakeholder access to climate information. For instance, an increase in 

rainfall extremes and a typical decrease in dry season flow were predicted by future climate 

scenarios, and the stakeholders' decision-making on adaptation will be greatly influenced by this 

information. The climate services system can provide data on seasonal changes in temperature and 

rainfall, which further enables farmers to adjust their cultivation calendar. Climate research and 

climate modeling are getting better, and this could increase the accuracy and minimize the 

uncertainty of the models. 

Water losses from seepage and evaporation must be minimized, along with attempts to improve 

water availability through water harvesting. It is also necessary to investigate other water 

management strategies to boost water productivity. Reduced water losses and increased water 

productivity from water harvesting structures will be achieved through extension efforts, training, 

communications, and networking activities. 

As a result, this study suggests water harvesting strategies that could maintain water availability 

for agriculture and other ecosystem services to counteract future climate change impacts. 

The productivity of the large hydropower systems planned for the region as well as the rising 

demand for agricultural and transportation expansion could potentially be impacted from a water 

management perspective by the overall reduction of river flows and their increased variability. 

Therefore, the implementation of water resources development work such as hydraulic structures, 

which are related to irrigation and hydropower, should take into account the anticipated change in 

climate and land use. Otherwise, the hydraulic structures may not be functional in the wake of 

climate change. 
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Afforestation/re-afforestation programs, including the implementation of suitable soil and water 

conservation measures based on the biophysical, land use, slope, and elevation of the watersheds, 

are all highly important to address the challenge of deforestation and surface runoff in the basin. 

 8.4 Future research direction 

Climate change scenarios can be generated using more RCMs and CMIP6 simulations than in this 

research. Additionally, it is vital to assess RCM outputs that are forced by reanalysis datasets, for 

example, ERA-Interim reanalysis. That would make it easier to determine whether biases are due 

to RCMs or driving model schemes. 

Studies to look into the impact of water harvesting structures on goals of sustainable development, 

such as agricultural productivity, livelihood security, poverty reduction, and access to clean water, 

can be planned. This can aid in effectively integrating development policies and plans with climate 

adaptation methods. 

A pixel-to-point method is used to compare the two datasets (the observed and the RCMs) at 

different spatial scales, which may lead to uncertainties in the skill of the RCMs. Thus, this study 

recommends that future studies should put a lot of effort into matching the spatial scale of RCMs 

and observations, either by installing a dense rain gauge within the pixel or by downscaling the 

spatial resolution of RCMs. 

HIRPS combined with either CFSR or observed temperatures, and the observed alone, 

outperformed the CFSR rainfall and temperature products in driving SWAT for hydrological 

simulations. Though the direct use of rainfall and temperatures enables a more natural way to 

reduce the errors in the hydrological simulations induced particularly by rainfall, the investigation 

of an integrated rainfall dataset from different sources or comparison with several products such 

as IMERGE and GPCC may be analyzed as a part of future work to verify any significant 

improvement in the hydrological simulations obtained from hydrological models. In addition, the 

uncertainties associated with satellite data products will translate to an unreliable estimate of the 

hydrological response due to the underestimation or overestimation of simulated hydrology. This 

can be addressed to an extent by applying several bias corrections to the satellite rainfall products 

with the observed data to obtain more realistic hydrological simulations. Therefore, future studies 

on the hydrologic evaluation of a multiple bias correction approach considering several satellite 

rainfall products for the Baro–Akobo River basin are required. 
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In addition to SWAT and IHA, another tool, such as the Regional-Hydro-Ecologic Simulation 

System (RHESSys), should be used to study basin hydrology and nutrient and erosion dynamics 

under changing climate and land use. 

This study attempts to evaluate individual and combined climate and land use changes using a 

hydrological model. However, future studies involving the hydrologic impact levels of different 

soil and water conservation practices, different climatic zones, and different elevation zones should 

be conducted. 

This study demonstrates the efficacy and effectiveness of watershed management practices 

(BMPs) for sustainable water resource development in the Baro basin. However, the streamflow 

and the sediment yield at the outlet of a specific catchment or watershed should be initiated using 

measured data. In addition, the effectiveness of different watershed management practices such as 

stone-bund, and buffer strips should be investigated through field experiments to determine which 

one is best. 
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Annexes 

Annex 5.1 The ten most sensitive parameters including their range, fitted values of the calibrated 

model using CFSR climate datasets in descending order. 

Sensitivity Range Fitted value 

Baro station Sore station Baro station Sore station Baro station  Sore station  

r_CN2.mgt v_ALPHA_BF.gw ±25% 0-1 0.16 0.46 

v_ALPHA_BF.gw v_ALPHA_BNK.rte 0-1 0-1 0.26 0.56 

v_ESCO.hru v_GWQMN.gw 0-1 0-5000 0.91 1632 

r_SOL_K.sol r_CN2.mgt  ±80% ±25% -0.17 0.01 

r_Soil_ Z.sol v_GW_DELAY.gw ±25% 0-500 0.27 25.2 

r_SOL_AWC.sol r_SOL_AWC.sol ±25% ±25 0.31 0.35 

v_GWQMN.gw r_OV_N.hru 0-5000 0.02-0.4 1854 0.15 

v_GW_DELAY.gw v_ESCO.hru 0-500 0-1 280 0.91 

r_EPCO.hru v_CH_N2.rte 0-1 0.01-0.3 0.65 0.26 

v_CH_N2.rte r_Soil_ Z 0.01-0.3 ±25% 0.1 -0.06 

The qualifier R refers to a relative change in the parameter where the value from the default 

simulation is multiplied by 1 plus the fitted value and V) refers to the existing parameter value 

from the default simulation is to by the fitted value. The extensions (e.g., .mgt, hru, .sol, .gw. rte) 

indicate the SWAT parameter family. 

 

Annex 5.2. The ten most sensitive parameters including their range, fitted values of the 

calibrated model using CHIRPS climate datasets in descending order. 

Sensitivity Range Fitted value 

Baro station Sore station Baro station Sore station Baro station  Sore station  

r_CN2.mgt v_ALPHA_BF.gw ±25% 0-1 0.1 0.46 

v_CH_N2.rte r_CN2.mgt 0.01-0.3 ±25% 0.17 -0.01 

v_ALPHA_BF.gw v_GW_DELAY.gw 0-1 0-500 0.4 25.3 

r_Soil_ Z.sol r_SOL_AWC.sol ±25% ±25 -0.06 0.35 

r_SOL_AWC.sol r_OV_N.hru ±25% 0.02-0.4 -0.05 0.15 

v_GWQMN.gw v_GW_REVAP.gw 0-5000 0.02-0.2 1476 0.01 

v_ESCO.hru r_SOL_BD.sol 0-1 ±20% 0.86 -0.23 

r_SOL_K.sol v_ESCO.hru  ±80% 0-1 -0.55 0.91 

v_ALPHA_BNK.rte r_Soil_ Z 0-1 ±25% 0.27 -0.06 

v_GW_DELAY.gw v_CH_N2.rte 0-500 0.01-0.3 160 0.26 

The qualifier R refers to a relative change in the parameter where the value from the default 

simulation is multiplied by 1 plus the fitted value and V) refers to the existing parameter value 
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from the default simulation to the fitted value. The extensions (e.g., .mgt, hru, .sol, .gw. rte) 

indicate the SWAT parameter family. 

 

  

 

 

Annex 6.1 Presents a summary of IHA Parameters and their Ecosystem Influences 

 

IHA Parameter 

Group 

Hydrologic Parameters Ecosystem Influences 

1. Magnitude of 

monthly water 

conditions 

Mean or median value for each 

calendar month 

Habitat availability for aquatic organisms                                        

·Soil moisture availability for plants                                                        

· Availability of water for terrestrial animals                               

· Availability of food/cover for furbearing 

mammals                          · Reliability of 

water supplies for terrestrial animals                               

· Access by predators to nesting sites                                                           

· Influences water temperature, oxygen 

levels, photosynthesis in water column 

2. Magnitude and 

duration of annual 

extreme water 

conditions 

Annual minima, 1-day mean 

Annual minima, 3-day means 

Annual minima, 7-day means 

Annual minima, 30-day means 

Annual minima, 90-day means 

Annual maxima, 1-day mean 

Annual maxima, 3-day means 

Annual maxima, 7-day means 

Annual maxima, 30-day means 

Annual maxima, 90-day means 

Number of zero-flow days Base 

flow index: 7-day minimum 

flow/mean flow for year 

· Balance of competitive, ruderal, and stress- 

tolerant organisms      

  · Creation of sites for plant colonization                                            

· Structuring of aquatic ecosystems by 

abiotic vs                   . biotic factors                                                                     

· Structuring of river channel morphology 

and physical habitat conditions                                               

· Soil moisture stress in plants                                         

· Dehydration in animals                                                   

· Anaerobic stress in plants                                               

· Volume of nutrient exchanges between 

rivers and floodplains                                                                             

· Duration of stressful conditions such as low 

oxygen and concentrated chemicals in 

aquatic environments                                        

· Distribution of plant communities in lakes, 

ponds, floodplains                                                                            

3. Timing of 

annual extreme 

water conditions 

Julian date of each annual 1-day 

maximum Julian date of each 

annual 1-day minimum 

· Compatibility with life cycles of organisms                                                

· Predictability/avoidability of stress for 

organisms                            · Access to 

special habitats during reproduction or to 

avoid predation                                                 

· Spawning cues for migratory fish · 

Evolution of life history strategies, 

behavioral mechanisms 
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Annex 7.1 Ground truth point collection using Garmin72 GPS from the forest and agricultural 

land  

4. Frequency and 

duration of high 

and low pulses 

Number of low pulses within 

each water year Mean or 

median duration of low pulses 

(days) Number of high pulses 

within each water year Mean or 

median duration of high pulses 

(days) 

Frequency and magnitude of soil moisture 

stress for plants                                                                                    

· Frequency and duration of anaerobic stress 

for plants                                                                                    

· Availability of floodplain habitats for 

aquatic organisms                                                                             

· Nutrient and organic matter exchanges 

between river and floodplain                                                            

· Soil mineral availability                                                   

· Influences bedload transport, channel 

sediment textures, and duration of substrate 

disturbance (high pulses) 
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 Annex 7.2 Poor land management practice (farming on a steep slope), dying stream during the 

dry season  

Annex 7.3  Landsat imagery including path/ raw and acquisition dates 

Path/raw Acquisition date  Sensor 

Resolution 

(m)  

170/55,170/56,171/55 and 171/56 Dec−Feb, 1985/87  TM 30  

170/55,170/56,171/55 and 171/56 DEC−FEB, 2002/03  ETM+ 30  

170/55,170/56,171/55 and 171/56 DEC−FEB, 2017/19 LC8 30  
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Annex 7.4 Land use land cover map for 1985 (a), 2002 (b), 2019(c)  

Annex 7.5 Land use type with description  

Land use  Description 

Forest 

Areas covered with dense trees include evergreen forest land, mixed forest, plantation 

forests, and riparian vegetation. Represents deep to dark red to bright red color in 4, 3,2 

band combination of Landsat image. 

Shru bland 
Areas with shrubs, bushes, and small trees, with little wood, mixed with some grasses. 

Represents red−brown to bright red in the Landsat image (4, 3, 2 band combination). 

Agriculture  
Areas used for crop cultivation (irrigated and rain−fed agriculture), fallow land. 

Represents grey and brown color in 4,3,2 band combination of the Landsat image 

Urban 
Areas of human settlements, roads, artificial surfaces, etc. Represents cyane blue color 

in 4,3,2 band combination of land sat image   

Water bodies 

Areas permanently covered with standing or moving water such as inland waters, 

dugouts, and streams. Represents black color in 4, 3, 2 band combination of  Landsat 

image  

Wetland 
 Waterlogged areas, wetlands, and flood plain areas. Represents light red color in 4, 3, 

2 band combination of  Landsat image  

 

Annex 7.6 Presents the confusion matrix of the 2002 classification map of the Baro basin 

Class Name                                                 Reference data    
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Forest  Shrub Grass Agriculture  Wetland Water Row total 
User’s accuracy 

(%) 

Forest 33 1 0 0 0 1 35 94.29 

Shrub 0 21 1 3 0 0 25 84 

Grass 0 5 16 3 1 0 25 64 

Agriculture 0 2 3 30 0 0 35 85.71 

Wetland 1 0 0 0 14 0 15 93.33 

Water 0 2 1 0 0 12 15 80 

Column total 34 31 21 36 15 13 150  

Producer’s 

accuracy (%)  
97.1 67.7 76.2 83.33 93.33 92.31 

 
126 

Overall accuracy 

(%) 
84.6 

       

Overall kappa 

statistics 
0.81               

 

Annex 7.7 Presents the confusion matrix of the 2019 classification map of the Baro basin 

Class Name                                                 Reference data    

Forest  Shrub Grass Agriculture  Wetland Water Row 

total 

User’s accuracy 

(%) 

Forest 32 1 0 0 0 2 35 91.43 

Shrub 0 21 1 3 0 0 25 84 

Grass 0 3 20 2 0 0 25 80 

Agriculture 0 2 2 30 1 0 35 85.71 

Wetland 1 0 0 0 14 0 15 93.33 

Water 0 2 0 0 0 13 15 86.67 

Column total 33 29 23 35 15 15 150  

Producer’s 

accuracy (%)  

97 72.4 86.9 85.7 93.3 86.6  130 

Overall accuracy 

(%) 

87        

Overall kappa 

statistics 

0.83               
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Annex 7.8 Artificial network learning curve and validation result of kappa statistics for simulation 

of land use map of 2019 based on the 1985 and 2002 land use map.  
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Annex 7.9 Dotty plots of the calibration parameters with objective function of NSE against SWAT 

parameter optimization for monthly time scale. 
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