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Abstract

Understanding the impacts of climate change on basin hydrology is critical for developing effective water management prac-
tices. This study was conducted to investigate climate change and its impact on the hydrological processes of the Baro—Akobo
River basin in Ethiopia. Five bias-corrected regional climate models and their ensemble were developed to examine future
climate changes in the 2030s (2021-2050) and 2080s (2071-2100) periods under the two Representative Concentration
Pathways (RCP) 4.5 and RCP8.5 scenarios compared to a baseline (1981-2010) period. The calibrated model performed
well with Nash—Sutcliffe efficiency and coefficient of determination of each 0.73 for daily and 0.89 and 0.9 for monthly
simulation, respectively. Though all RCMs agree concerning the increasing direction of the 2030 and 2080s maximum and
minimum temperature changes, there is inconsistency in the magnitude and direction of monthly projected rainfall changes.
With the ensemble, the maximum and minimum temperatures will increase by 2.6 and 3.6 °C, respectively, and rainfall will
decrease by 5% in the 2080s under RCP8.5 scenarios. The dry and wet season rainfall are expected to decrease by 19 and
3.7% under the RCP8.5 scenarios in the 2080s. Consequently, future climate change could cause a decrease in the annual
surface runoff and water yield, while evapotranspiration could increase under the RCP4.5 and RCP8.5 scenarios. 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.
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Introduction

The global climate model (GCM) climate predictions pro-
vide a general view of how the earth’s climate system may
be affected in the future (IPCC 2007). Greenhouse gas
emissions have considerably increased since the industrial
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revolution and led to global warming (Van Vuuren et al.
2011). The Intergovernmental Panel on Climate Change
(IPCC) found that the concentration of carbon dioxide
(CO,) in the atmosphere increased from 280 ppm in 1750
to 367 ppm in 1999 (Houghton et al. 2001). The concen-
tration is expected to reach 463-623 ppm in 2060 and
470-1099 ppm by 2100 (Prentice et al. 2001). Increased
greenhouse gas emissions are predicted to raise the aver-
age global temperature by up to 1.4-5.8 °C by the 2080s
(Hoegh-Guldberg and Bruno 2010). In general, global
surface temperature rise, variability of rainfall patterns, as
well as 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; Worku et al. 2021; Liu et al.
2022). Thus, it is commendable to advance climate research
using reliable information for climate impact assessment and
adaptation decision-making.

Climate change scenarios can be developed using the
results of global circulation models (GCMs). However,
the resolution of GCMs (approximately 250 km) might be
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too low for basin-scale hydrological modeling. Statistical
downscaling is one method of bridging this scale gap (e.g.,
Munawar et al. 2022), and an alternative method is dynami-
cal downscaling, a regional climate model (RCM) employs
GCM output as initial and lateral boundary conditions over a
region of interest (e.g., Fowler and Kilsby 2007; Teutschbein
and Seibert 2010). The higher horizontal resolution of an
RCM (approximately 10-50 km) provides a better repre-
sentation of topography and land-sea surface characteristics
(Christensen et al. 2008). However, the RCMs are vulner-
able to systematic model errors because of incorrect con-
ceptualization, discretization, and spatial averaging within
grid cells (Teutschbein and Seibert 2010, 2012). Because
of this, the use of RCM simulations as a direct input of data
for hydrological impact studies is challenging. As a result,
using an ensemble of RCM simulations and bias correction
techniques is recommended (Giorgi 2006; Déqué et al. 2007;
Teutschbein and Seibert 2010; Worku et al. 2021).

Several studies were conducted in the Eastern Nile basin,
particularly in the Upper Blue Nile basin (Abdo et al. 2009;
Elshamy et al. 2009; Beyene et al. 2010; Setegn et al. 2011;
Mengistu and Sorteberg 2012; Dile et al. 2013; Fentaw et al.
2018; Taye et al. 2018; Woldesenbet et al. 2018; Worqlul
et al. 2018; Worku et al. 2021; Muleta 2021); 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 single emission scenario (Soliman et al.
2009; Muleta 2021). Nevertheless, there are few studies
that use bias-corrected RCM outputs and their ensemble
(Elshamy et al. 2009; Worku et al. 2021) as inputs to cli-
mate 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 indi-
cated by Dile et al. (2013) and Fentaw et al. (2018) using
GCM/RCM outputs in the Upper Blue Nile basin. In con-
trast, Elshamy et al. (2009) and Worku et al. (2021) pro-
jected a decrease in the streamflow in the Ethiopian high-
lands using bias-corrected GCMs and RCMs, respectively.
This implies that there is no conclusive finding regarding
how climate change will affect streamflow. Additionally, to
the best of our knowledge, 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 are often missing in the aforementioned
studies. Therefore, it is important to identify and describe
the climate change uncertainties in the basin using a multi-
climate model combined with bias correction. In addition,
it is suggested to use the bias-corrected ensemble of RCM
outputs for regional impact assessment.
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This research was carried out in the Eastern Nile’s Baro-
Akobo River basin, which is known as one of the most pro-
ductive 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 Ethio-
pia (Tahani 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). None-
theless, 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 cli-
mate impact assessments to support climate change adapta-
tion strategies. 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 socioeconomic 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 also important to assess
the impact of climate change on the hydrology of the basin
in the future by considering various indicators of hydrologi-
cal 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: (1) to eval-
uate the variations between multiple RCMs in simulating
climate over the Baro—Akobo River basin under the RCP4.5
and RCPS8.5 scenarios, and (2) to 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.

Study area

The Baro—Akobo River basin is one of the 12 major
river basins in Ethiopia (Fig. 1). It drains from the
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Fig. 1 Location map of the study area including major Ethiopian River basin, weather, and streamflow station. The elevation map is based on a

30 m resolution Digital Elevation Model (DEM)

western highlands of Ethiopia to the Sudanese border to
join the White Nile. The study basin covers an area of about
75,912km? and is located between 5°31’ and 10°54’ N and
33°00" and 36°17" E. The basin has a complex topography
with a significant elevation variation ranging from 389 to
3,266 m. Such complex topography of the basin contributes
to a wide-ranging climate, soils, and land use. The basin
predominantly has a tropical monsoon climate with dis-
tinct wet and dry seasons. Months from March to October
represent the wet season, while months from November to
February represent the dry season. The basin has immense
geopolitical and hydrologic significance for its downstream
countries. For instance, the Baro River shares about 83% of
the flow with the Sobat River; from June to October (wet
season), and it also shares about 14% of its flow with the
Nile River basin (Mengistu and Sorteberg 2012). In addition,
most of the UNESCO-listed biodiversity sites from Ethiopia
are partially or fully found in this basin (UNESCO 2012;
Alemayehu et al. 2016).

Data inputs

The SWAT model was used for this study. SWAT requires
spatial and temporal data to simulate basin hydrological
processes. The spatial data inputs include Digital Elevation
Model (DEM), soil map, and land use map. In addition, the
temporal data inputs include streamflow, rainfall, maximum
and minimum temperatures, relative humidity, solar radia-
tion, and wind speed.

Spatial data

A 30 mXx 30 m resolution DEM was acquired from the
(USGS) Earth Explorer website (https://earthexplorer.usgs.
gov). 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
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System soil data (AfSIS), which provides soil information
at 250 m spatial resolution and contains most of the soil
parameters for six soil layers (Hengl et al. 2015; Bayabil and
Dile 2020). The pedo—transfer function was used to generate
the parameters required by the SWAT model (Saxton and
Rawls 2006). The dominant soil textural class can be clas-
sified 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 setup. It is used to esti-
mate vegetation and their parameters input to the model.
The parameterization of the land use classes (e.g., maximum
stomatal conductance, maximum root depth, leaf area index,
optimal and minimum temperature for plant growth) is based
on the available SWAT land use classes (Neitsch et al. 2011).
Landsat 7 ETM +image for the year 2002 was acquired from
the (USGS) http://earthexplorer.usgs.gov/ at a resolution of
30 m. The 2002 land use map was used because good quality
observed streamflow data for model calibration (1990-1998)
and validation (199-2002) were obtained within this time
period. Therefore, it is recommended to use land use data
within this time period for reasonable model calibration
and validation. Supervised classification methods with a
maximum likelihood algorithm (MLC) in ERDAS Imag-
ine software were used for image classification. Supervised
classification is a method of classification in which thematic
classes are defined by the spectral characteristics of pixels
within an image, corresponding to training areas in the field
chosen to represent known features. The supervised clas-
sification was applied after a defined area of interest (AOI),
which is called training classes. More than one training area
was used to represent a particular class. The training sites
were selected in agreement with Landsat Images and Google
Earth. 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. Using the statistical
data provided by the training regions, the software attempts

Table 1 Land use type with description used in this study

to determine all remaining pixels in the image that fall into
these defined classes. In general, the basic sequence opera-
tions followed in supervised classification include the defin-
ing of training sites, extraction of signatures, and classifica-
tion of the image. The image was classified into seven land
use types, namely forest, agriculture, shrub, grass, urban,
wetland, and water (Table 1). All the spatial datasets such
as soil and land use were projected to the same projection
called the Universal Transverse Mercator (UTM) projection
system of Zone 37 N (Fig. 2). 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.

Temporal data

Daily rainfall, maximum temperature (7,,,,), and minimum
temperature (7,,;,) for the period 1981-2010 (baseline
period) were obtained from the Ethiopian National Mete-
orological Services Agency (ENMSE). Further descriptions
of the weather dataset are available (Mengistu et al. 2021a).
Daily observed streamflow data of Baro River (1990-2002)
gauge stations were collected from Ethiopian Ministry of
Water, Irrigation and Electricity. For stations where there is
no observation of solar radiation, sunshine, wind speed, and
relative humidity, a gridded dataset from the Climate Fore-
cast System Reanalysis (CFSR) was used. CFSR is designed
based on coupled atmosphere—ocean-land surface-sea ice
system to provide high resolution and best estimate of cli-
matic variables (Saha et al. 2010; Fuka et al. 2013; Dile and
Srinivasan 2014; Mengistu et al. 2021b; Woldesenbet and
Elagib 2021). These temporal climatic and streamflow data
were used to calibrate and validate the SWAT model and to
develop baseline climate and hydrology.

In addition, the temporal data used include RCM out-
puts of rainfall and maximum and minimum temperature

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 gray and brown color in 4, 3, 2 band
combination of the Landsat image

Urban Areas of human settlements, roads, artificial surfaces, etc. Represents cyan 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
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Fig.2 Land use and soil map of the Baro basin

simulations. The GCM-driven RCM climate projections are
provided by the Earth System Grid Federation and down-
loaded from the Africa-CORDEX data portal (https://esgf-
data.dkrz.de/search/cordex-dkrz/) with a resolution of 50 km
by 50 km. The RCMs (Table 2), 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 (Nikulin et al. 2012; Fentaw et al.
2018; Dibaba et al. 2019; Mengistu et al. 2021a; Worku et al.
2021). For all RCMs and their ensemble, three-time horizons
and two representative concentration pathways (RCP4.5 and

Soil type B
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RCPS8.5) (Moss et al. 2010) 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).

Statistical bias correction procedures for regional
climate model

In data sparse region, several studies used a pixel-to-point
approach to evaluate the gridded datasets with the station point
dataset (Fenta et al. 2018; Bhattacharya et al. 2020; Meng-
istu et al. 2021a). The implicit supposition of this approach

Table 2 List of RCMs with their institute and driving GCMs used in the study

RCM Institute Driving GCM Label Reference

CCLM4 Climate Limited-area Modeling Community CNRM-CERFACS-CNRM-CM5 CCLM4(CNRMS5) (Rockel et al. 2008)
(CLMcom)

CCLM4 Climate Limited-area Modeling Community ICHEC-EC-EARTH CCLM4(ICHEC) (Baldauf et al. 2011)
(CLMcom)

CCLM4 Climate Limited-area Modeling Community MPI-M-MPI-ESM-LR CCLM4(MPI) (Rockel et al. 2008)
(CLMcom)

RCA4 Swedish Meteorological and Hydrological CNRM-CERFACS-CNRM-CM5 RCA4(CNRMS5)  (Samuelsson et al. 2015)
Institute (SMHI)

RCA4 Swedish Meteorological and Hydrological ICHEC-EC-EARTH RCA4(ICHEC) (Samuelsson et al. 2015)
Institute (SMHI)

REMO2009 Climate Service Center Germany (CSC) and
Max Planck Institute (MPI)

MPI-M-MPI-ESM-LR

REMO2009(MPI) (Jackob et al. 2012)
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is that the rain gauge stations are representative observations
of the respective pixels of the RCMs. The climate model data
for hydrological modeling (CMhyd) tool obtained from swat.
tamu.edu/software/were designed to work with the CORDEX
data archive. CMhyd was designed to provide simulated cli-
mate 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 avail-
able (Christensen et al. 2008; Teutschbein and Seibert 2012;
Rathjens et al. 2016; Kiprotich et al. 2021).

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 such as linear scaling and
variance scaling methods, the distribution mapping method
shows better skill in adjusting the extreme values and wet
day probability of RCM outputs with their baseline coun-
terparts (Block et al. 2009; Teutschbein and Seibert 2012;
Worku et al. 2020). This study used the CMhyd tool to pro-
cess 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). Identifica-
tion 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.
To change the distribution functions of the modeled vari-
ables into the observed ones, the statistical transformations
use a mathematical function. Statistical transformations try
to find a function 4 that fits a modeled variable such that
its new distribution equals the distribution of the observed
variable (Piani et al. 2010; Gudmundsson et al. 2012). These
transformations are expressed mathematically as:

Py = h(P,,). (D

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). For instance,
the distribution mapping approach provides the following
transformation between observed and modeled rainfall:

Py =FSV(F,(P,)). )

P, is an observed rainfall,

@ Springer

P, is the model rainfall,

F,, is the CDF related to P,, and

F (0—1) is the inverse CDF of P,

Hydrological model setup

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 km? was used during the SWAT model
setup. The HRUs are the smallest modeling units with a simi-
lar 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 produced 71 sub-basins and 773 HRUs in the basin.
Following this spatial data setup, the weather data from each
stations were used to run the model. The centroid method was
used to link the weather station data to the sub-basin (Neitsch
et al. 2011; Dile and Srinivasan 2014). The SWAT model esti-
mates the important hydrologic components for each HRUs
unit based on the water balance (Eq. 3) and their outputs are
aggregated at the basin level to compare the baseline with the
future period and scenarios (Neitsch et al. 2011):

t
SWI = Swo (i=1) (R(day—)Q(surf—)E(a—)E(seep—)ng)’ (3)

where S, is the soil water content (mm), S,,, is the initial
soil water content (mm), Ry, is the amount of precipitation
(mm), Qg+ is the surface runoff (mm), E, is the amount
of evapotranspiration (mm), E, is the soil infiltration I
(mm), and Q,,,, is the return flow (mm). In this study, surface
runoff was estimated using the curve number (CN) method,
potential evapotranspiration was estimated using the Pen-
man—Monteith equation and the channel routing processes
were simulated using the Variable Storage Routing method
(Neitsch et al. 2011).

To estimate the future climate change impact on the hydrol-
ogy, a total of five simulation periods were established from the
best-performing RCMs (ensemble). Then, the calibrated model
is run for a baseline (1981-2010) and for the 2030s (2021-2050)
and for the 2080s (2071-2100) periods under the RCP4.5 and
RCP8.5 scenarios. The future climate change impact was exam-
ined by comparing the monthly, seasonal and annual value of
the baseline period with the value of the corresponding future
period and climate impact scenarios. The spatial distribution of
the waterbalance components such as evapotranspiration and
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water yield in the basin were estimated using inverse distance
weighting (IDW) method (Bartier and Keller 1996).

Model calibration and validation

Successful application of a hydrologic model depends on
parameter sensitivity analysis and model calibration and
validation processes. Daily River streamflow data meas-
ured at Baro River gauging station (see Fig. 1) were used
for model calibration and validation. The model was run
for 13 year; the period from 1990 to 1998 was used for
calibration, while the period from 1999 to 2002 was used
for validation period. The modeling period selection con-
sidered good streamflow data availability. The Sequential
Uncertainty Fitting version 2 (SUFI2) algorithm in the
SWAT Calibration and Uncertainty Program (SWAT-CUP)
was used to conduct model parameter sensitivity analysis
and calibration (Abbaspour et al. 2015). Eighteen rele-
vant hydrological parameters were chosen for sensitivity
analysis (Koch et al. 2012; Mengistu and Sorteberg 2012;
Mengistu et al. 2021b), and ten parameters with lower p
values and higher ¢-stats were chosen for calibration and
validation. For the sensitivity analysis, parameters related
to soil water, runoff, groundwater, and evapotranspiration
were taken into account.

The model performance during the calibration and vali-
dation period was assessed using suit statistical measures
(Moriasi et al. 2007). These statistical measures include
the Nash—Sutcliffe Efficiency (NSE) (Eq. 4), Coefficient
of Determination (R?) (Eq. 5), and Percent bias (PBIAS)

(Eq. 6):
Y (0is)

NSE=1- T
2 (0-0)

“

— — 12
[ZLeo-0s )
R =— — —. o)
X (0i=0) X (Si=9)

21(0;=S)
PBIAS = 2= T % 100, 6
2i1(0) ©

where O; is the observed streamflow (m*/sec), O is the mean
measured streamflow (m?/sec), S; is the simulated stream-
flow (m*/sec), and 5 is the mean simulated streamflow (m?/
sec) and n is the number of observations. According to
Moriasi et al. (2007), the SWAT model is acceptable when
the NSE and R? are greater than 0.5 and the PBIAS varies
between + 15 to 25%. Besides, SUFI-2 is used to meas-
ure uncertainty in terms of p-factor and r-factor, which is

expressed in terms of the 95% prediction uncertainty (95
PPU) (Abbaspour et al. 2007).

Indicators of hydrologic alteration

In addition to SWAT, in this study, the hydrological param-
eters 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 include
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-impact (baseline) against
post-impact (future periods and scenarios). For IHA setup,
daily streamflow data for the baseline period (1981-2010)
were 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; Lopez-Ballesteros et al. 2020; Woldesenbet 2022).
The IHA enables the user to conduct a comparison analysis
called the Range of Variability Approach (RVA) that practi-
cally evaluates the hydrologic alteration at a particular river
site before and after an impact or between different long
periods. RVA distributes the full range of pre-impact data
for each parameter into three 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 percen-
tile. The expected frequency with which the “post-impact”
values would fall within each class is calculated using Eq. 7:

HA — Observed frequency — Expected frequencey

Expected frequencey )

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 val-
ues has decreased (with a minimum value of —1) (Richter
et al. 1996).

Results
Performance of regional climate model

The performance of the bias-corrected RCMs and their
ensemble mean to simulate the basin climate using Taylor’s
diagram method are presented in Fig. 3. A comparison of the
various bias-corrected RCM simulations with the baseline
data using Taylor’s diagram shows that the ensemble has
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Fig.4 Comparison of the Cumulative Distribution Function (CDF)
of the different RCM simulations of rainfall estimates with baseline
climate

relatively better performance, while the CCLM4 (MPI) per-
formance is low. The high correlation values and the lower
RMSE and standard deviation values show the better per-
formance of the ensemble in the Baro—Akobo River basin
climate simulation. For rainfall and T,,,,, 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 mean is also close to 0 compared
with the other individual models.

In addition to the Taylor diagram, a visual inspection of
Fig. 4 shows that the bias-corrected cumulative distribution
function (CDF) of the baseline daily rainfall is best captured
when using model ensembles instead of individual models.
For instance, in simulating the 75% percentile, approxi-
mately less than or equal to 7.7 mm/day was estimated from
the baseline, a slightly lower rainfall amount of 7.2 mm/day

@ Springer

from the ensemble, and the CCLM4 (CNRM) was estimated
as low as 5.6 mm/day. While in estimating the 95% per-
centile, all models, including the ensemble, overestimated
the baseline. Approximately less than or equal to 13.3 mm/
day was estimated from the baseline, a slightly higher rain-
fall amount of 14 mm/day from the ensemble, and CCLM4
(CNRM) was estimated as large as 20.5 mm/day.

These statistical comparisons suggest that climate change
impact studies in the basin may benefit from using an ensem-
ble of simulated rainfall and temperatures as obtained from
multiple regional climate models instead of simulated rain-
fall 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, standard deviations, and
RMSE (Teutschbein and Seibert 2010; Taylor et al. 2012;
IPCC 2014; Mengistu et al. 2021a; Worku et al. 2021).

Rainfall and temperature projection under future
periods and climate scenarios

The future period projection of the mean monthly rainfall
and T, and T, simulated by bias-corrected RCMs and
their ensemble is presented in Figs. 5 and 6, respectively.
The projected mean monthly rainfall for the 2030s and
2080s under both climate scenarios did not show a consist-
ent 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 the future period and scenarios. For the RCP4.5 sce-
narios, 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 esti-
mated by RCA4 (CNRM). Similarly, for RCP8.5 scenarios,

monthly rainfall changes range from — 54 to 69% and — 65
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Fig.6 Long-term mean monthly temperature for the baseline and
future period and scenarios. The first four panels a, b, ¢, and d, and
the next four panels e, f, g, and h represent RCP4.5 2030s, RCP8.5

to 50% for the 2030s and 2080s, respectively. The largest
decrease of 65% and an increase of 69% are estimated by the

2030s, RCP4.5 2080s, and RCP8.5 2080s for maximum temperature
(°C) and minimum temperature (°C), respectively

RCA4 (ICHEC) and RCA4 (CNRM) models, respectively.
The typical dry rainfall months (January and February) show
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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, respec-
tively. 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 cli-
mate model projections of temperature than rainfall. All
bias-corrected RCMs show a consistent increase in T, ,, and
T.in 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 T, in February by
the 2080s, whereas CCLM4 (MPI) under RCP4.5 for the
2030s indicates the lowest increase in 7,,,, of 0.52 °C in
July. Similarly, RCA4 (ICHEC) shows the highest increase
T i Of 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 a change in both T, ,, and the T, ;, for the 2080s
is larger when driven by RCP8.5 compared to RCP4.5 and
the increase for T, is larger than T, ..

In this study, the ensemble mean was used for the projec-
tion of the impact of climate change scenarios on rainfall
and temperatures on the hydrology of the basin. Figure 7
depicts the change in projected ensemble monthly rainfall
and minimum and maximum temperatures under the RCP4.5

Fig.7 Projected changes in

and RCP8.5 scenarios. The extent of changes and directions
in the ensemble mean monthly rainfall varies, with the larg-
est 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 season mean rainfall
is expected to decrease by up to 19% and 4%, respectively,
under RCP8.5 by the 2080s. This indicates a relatively nar-
rower range of projections for the wet season than for the dry
season. The decrease will be up to 5.1% for annual rainfall
compared to the baseline period, which is expected under
RCP8.5 by the 2080s scenarios. The projected 7, and T, .
under the RCP4.5 and RCP8.5 scenarios showed an increas-
ing mean value for both future periods. The mean annual
T,ax 18 expected to rise by 1.2 to 1.6 °C under RCP4.5 and by
2.4 t0 2.6 °C under RCPS8.5. Similarly, RCP4.5 would cause
the mean annual 7, to rise by 2.2 to 2.6 °C, while RCP8.5
would cause it to rise by 3.26 to 3.29 °C.

Hydrological model sensitivity, calibration,
and validation

Different hydrologic parameters (Table 3) of the basin
were evaluated for their sensitivity during the calibration
processes. Based on the global sensitivity analysis, CN2
(Curve number), soil evaporation compensation factor
(ESCO), and soil depth (SOL_Z) were recognized to be
the most sensitive parameters. As a result, a slight change
in these parameters has a rapid response in runoff genera-
tion because these parameters depend on several factors,
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such as soil types, 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 7-stat and the lower
the p value (Fig. 8), the more the parameter is sensitive in
simulation (Abbaspour et al. 2015).

The model calibration and validation show a reason-
able agreement in terms of NSE, R2, and PBIAS as well as

Table 3 The most sensitive

N > ] List of parameters Description Range Final value
parameters identified during
the calibratign period using R__CN2.mgt Curve number +25% 0.07
observed daily streamflow 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_REVAPgw 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
P-Value t-Stat
0 0.10.20.30.40.50.60.708091 65 -6 55 -5 -45 -4 35 -3 25 -2 -5 -1 05 0 05 1 15 2

8V _EPCONru —ftosloaliat il lil ol il L

~

7:R__SOL_BD{..).sol 7
6:R__SOL_K{..).s0l 7
S:R__SOL_AWC{..).sol 7
2:¥__ALPHA_BF.gw :'
%V__CANMK.hru :I

3V_GW_REVAP.gw

 — -

10:R__SOL_Z(..).s0l

4:v__ESCO.hru

1:R_CN2.mgt

Fig.8 Global sensitivity analysis for daily streamflow simulation for the Baro River station

=

H

Table 4 Performance measure

Daily Monthly
values of the SWAT model to
simulate streamflow during the Period R NSE PBIAS p-factor r-factor R NSE BIAS p-factor r-factor
calibration and validation period
Calibration 0.73 073 -4 0.71 0.49 0.9 0.8 —-09 075 0.5
Validation 0.8 0.79 1.7 0.7 0.53 0.87 085 -—-24 0.72 0.4
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the uncertainty analysis of p-factor and r-factor (Table 4).
However, the daily period statistical evaluation was weaker
than those computed 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 valida-
tion period, 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
also provided acceptable prediction uncertainty (p-factor
and r-factor) estimates for both daily and monthly periods
(Abbaspour et al. 2015).

In addition, Fig. 9 shows the hydrograph of monthly
and daily streamflow observations with the SWAT model
simulation. The model best captured the streamflow
hydrograph in terms of timing and magnitudes of flow,
but the model did not capture the peak flow very well.
Moreover, the simulation accuracy of monthly flow is rel-
atively better than the daily simulations. The results have
good agreement with the previous study (Mengistu and

Sorteberg 2012). Therefore, the SWAT model could best
capture the future hydrology of the Baro—Akobo basin.

Streamflow response under future periods
and climate scenarios

The influence of the future climate on the streamflow
was assessed at monthly, annual, and seasonal time
scales. Table 5 presents the response of streamflow
under 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
flows, — 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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Fig.9 Observed and simulated streamflow for the calibration and validation period for Baro River station: a daily and b monthly time scale
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Water balance response under future periods
and scenarios

Water balance refers to the net amount of water contributed
by sub-basins and HRUs to the streamflow. To understand
more about the future water resource availability, a water
balance analysis was performed on an annual basis using
the hydrological components as simulated by the SWAT
model (Table 6 and Figs. 10 and 11). The projected results
showed that there is a substantial decrease in surface runoff,
total aquifer recharge, and total water yield for the ensemble

mean of RCP4.5 and RCP8.5. In contrast, projected climate
change for both RCPs will increase evapotranspiration, par-
ticularly for RCP8.5 2080s.

Evapotranspiration is likely to increase due to a rise in
temperature both spatially and temporally. Though there is
a difference in magnitude, evapotranspiration showed an
increasing trend under all the future climate scenarios. The
highest increase in evapotranspiration (14.2%) was predicted
in the 2080s under the RCP8.5 climate scenario (Table 6).
In addition, the spatial distribution of evapotranspiration
(Fig. 10) shows the forest cover-dominated area in higher

Table 5 Percentage of changes in projected mean monthly, seasonal, and annual ensemble streamflow compared to the baseline climate

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Dryseason Wetseason 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
Table 6 Percentage of changes Period/scenarios ET SW PERC SURQ GWQ WYLD LATQ
in projected mean annual
ensemble water balance Baseline 793 306 282 466 235 827 111
compared (o the baseline RCP4.52030 s 103 -07  —446  —481  -95 315 ~112
RCP8.5 2030s 11.8 -0.8 —45.2 —-475 -10.8 -31.5 -11.0
RCP4.5 2080s) 12.5 -13 —45.2 -50.7 -25.6 -383 —15.6
RCP8.5 2080s 14.2 -22 —45.2 -54.0 —-41.3 —45.4 -18.9

Fig. 10 Mean annual actual
evapotranspiration (mm) under
baseline and future climate
scenarios in each sub-basin:

a Baseline (1981-2010), b
RCP4.52030 s, ¢ RCP8.52030 s,
d RCP4.52080 s, and e RCP8.5
2080s climate scenarios

AET (mm)

550 - 650 651-750 751-850 851-950 951-1050 1051-1100
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Fig. 11 Mean annual water
yield (mm) under baseline

and future climate scenarios

in each sub-basin: a Baseline
(1981-2010), b RCP4.5 2030s,
¢ RCP8.5 2030s, d RCP4.5
2080s, and e RCP8.5 2080s
climate scenarios

WYLD (mm)
I
150-600  601-700  701-800

elevations is more susceptible to evapotranspiration in the
basin.

The water yield in the SWAT model includes direct sur-
face runoff, groundwater flow, lateral flow, transmission
losses, and pond abstraction. Figure 11 depicts the spatial
variation in water yield under RCP4.5 and RCP8.5 for dif-
ferent time horizons. The water yield in the SWAT model
includes direct surface runoff, groundwater flow, lateral flow,
transmission losses, and pond abstraction. In comparison
with rainfall and temperature, other parameters like wind
speed, solar radiation, and relative humidity have less effect
on water yield. Unlike evapotranspiration, water yield is
likely to decrease due to a rise in temperature and a decrease
in rainfall both spatially and temporally. Water yield is pro-
jected to be decreased by 16.7% in the 2030s under the
RCP4.5 scenario, and the decrease will be by 40.8% under
RCP8.5 in the 2080s. For the baseline climate, water yield
is higher in the higher reaches of the basin where rainfall is
higher as compared to the lower reaches of the basin.

Indicators of hydrological alteration under future
period and climate scenarios

The median monthly flow simulation from the indicators of
hydrological alteration shows a decreasing trend for all months
of the year (Fig. 12). Compared to the RCP4.5 scenarios, the
RCP8.5 2080s is the most altered scenario based on the median
value. The reduction in the stream flow can be attributed to the
increase in temperatures and a decrease in rainfall. This result

@ Springer
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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 flows under future climate scenarios
of RCP4.5 and RCPS.5.

The hydrological flow indicators related to monthly flows
presented a decrease in the high and middle RVA categories.
This 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 than
the upper RVA limit (Fig. 13). Furthermore, Fig. 13 depicts
the annual 1-, 3-, 7-, 30-, and 90-day maximum flows, which
show a decrease in the high and middle RVA categories while
increasing the low RVA category for the majority of the sce-
narios tested. Similarly, annual 1-, 3-, 7-, 30-, and 90-day mini-
mum 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 events,
but an increase in the low RVA category was projected.
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Fig. 12 Monthly median streamflow for baseline conditions and future periods and scenarios for Baro River stations

Discussion

Climate change under future periods and climate
scenarios

The bias-corrected individual RCMs as well as the ensem-
ble temperature projection show good consistency with the
projected global climate scenarios compared to the rainfall.
However, in general, the climate projections show uncer-
tainty in both rainfall and temperature projections in the
future period and scenarios. The greater difference in the
directions and magnitudes in RCM projections, particularly
for rainfall, demonstrates a wide range of uncertainties asso-
ciated with future rainfall projections. This result is con-
sistent with other studies Hawkins and Sutton (2011) found
that future period climate projections are inconsistent under
different RCMs and RCPs, suggesting large uncertainty in
the projection of climate, particularly in rainfall. According
to Kundzewicz et al. (2018), the main sources of uncertainty
in future climate projections are uncertainty in the future
amount of greenhouse gas emissions and uncertainty related
to the inadequate model representation of climate processes.
Beyene et al. (2010) predicted a wide range of individual
GCM rainfall projections. Their finding under the A2 emis-
sion scenario shows that the Nile River basin will experi-
ence a substantial decrease in December to February rainfall
changes ranging from —24 to 37% and — 40 to 18% for the
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, respec-
tively. Their finding of a relatively narrower range of pro-
jection for June to August than for 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 of between 0 and 40 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). Findings in the
IPCC Third Assessment by McCarthy et al. (2001) showed
that the predicted future changes in mean monthly and sea-
sonal rainfall in Africa are not well defined. The diversity
of African climates, particularly the high rainfall variability
and inadequate meteorological stations, makes the projec-
tion of future rainfall challenging at sub-regional and local
scales. Therefore, such climate model comparison is crucial
for future climate impact studies, and the selection of the
best-performing model could reduce the uncertainty.
Because of the uncertainty among climate models, the
ensemble mean is undertaken to obtain a generalized picture
of the future climate and its hydrological impacts. The find-
ing indicated that the difference in mean seasonal and annual
rainfall is less than the difference in monthly rainfall. The
decrease will be up to 5% for annual rainfall compared to
the baseline period, which is expected under RCP8.5 2080s.
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Fig. 13 Values of hydrologic
alteration within each RVA
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The finding of the ensemble mean is consistent with (Dibaba
et al. 2020; Worku et al. 2021), who showed a decreasing
annual rainfall projection under bias-corrected RCP4.5 and
RCP8.5 scenarios in the Ethiopian highland. In addition, the
temperature projection shows a higher increase in T,,;, than
T ...« under future periods and scenarios. The temperature
projections show strong consistency with other studies con-
ducted in Ethiopia and the global temperature predictions.
Several studies in Ethiopia, such as Elshamy et al. (2009),
Setegn et al. (2011), Woldesenbet et al. (2018), Worqlul
et al. (2018), and Muleta (2021) indicated an increase in
temperatures as compared to historical observations. Fur-
thermore, according to the endorsement of the (IPCC 2013),
a higher increase in temperature is predicted in the 2080s
than in the 2030s future period. In other studies in Africa,
Hulme et al. (2001) indicated that during the twentieth cen-
tury, mean annual temperatures increased by 20 °C, whereas
mean annual rainfall decreased by 20%. The risks associated
with extreme events in the climate 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 green-
house gas emissions.

Hydrological impact under future periods
and scenarios

After calibrating the SWAT model, future climate impacts
are projected using the ensemble of rainfall, 7., and T,;,.
The decrease in rainfall, combined with an increase in tem-
perature, 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. Therefore, greater streamflow reduc-
tion by the 2080s, particularly under the RCP8.5 scenario,
indicates a challenge to future water availability if climate
change mitigation is not applied. The projected decrease in
streamflow rates will harm many sectors, including aquatic
ecosystems, domestic, irrigation, and hydropower water
use. Results of the current study indicated the necessity of
employing sustainable water management strategies, which
are needed ahead of future expected changes in the climate.

Water balance analysis also indicates that the decrease
in rainfall combined with an increase in temperature in the
future will result in a decrease in surface runoff, water yield,
and groundwater, but an increase in evapotranspiration. The

spatial distribution of evapotranspiration also shows that the
area under forest cover dominated at higher elevations is
more susceptible to changes in evapotranspiration in the
basin. The projected increase in ET, particularly in the forest
cover area, can be attributed mainly to the forest land con-
suming more water compared to other land use types such as
grassland. Similarly, the water yield is higher in the higher
reaches of the basin where rainfall is higher as compared to
the lower reaches of the basin. The increase in evapotran-
spiration and the decrease in surface runoff, water yield, and
groundwater in the future period and RCP4.5 and RCP8.5
climate scenarios are consistent with other studies conducted
in the Ethiopian highland (Dibaba et al. 2020; Worku et al.
2021). Research output shows that the decrease in rainfall
and the increase in both 7}, and T, due to climate change
may have a great impact on soil water balance by increasing
evapotranspiration, thereby impacting crop development and
agricultural productivity (Kang et al. 2009). Research by Liu
et al. (2022) showed that under continued greenhouse gas
emissions, global agricultural water shortages will exacer-
bate up to 84% of cropland between 2026 and 2050. Such a
decrease in future water availability in the basin may lead
to widespread impacts on the basin’s agricultural, domestic,
and livestock water supply and other ecosystem services.
Therefore, consideration should be given to irrigation infra-
structure design. Additionally, a larger storage facility is
required to offset the decrease in water yield and surface
runoff due to the decrease in rainfall.

The hydrological impact of climate change in the basin
estimated by the IHA also shows a decrease in streamflow
in the 2030s and 2080s under the RCP4.5 and RCPS8.5 sce-
narios compared to the baseline period. The largest stream-
flow change is produced for RCP8.5 in the 2080s simulation.
A positive hydrologic alteration value indicates increased
frequency (from baseline to future), while negative values
correspond to decreased frequency. The IHA study outputs
on streamflow projections for the basin are consistent with
previous studies on the impact of climate change in Greece
(Lopez-Ballesteros et al. 2020). Their result shows that the
decrease in the monthly and seasonal flow under future cli-
mate scenarios for RCP8.5 is stronger than the RCP4.5 sce-
narios. Thus, climate change is expected to affect the amount
and ecological quality of the streamflow, the resilience of
riverine species, and the resilience of riverine species.

In general, the effects of climate change on the hydro-
logical cycle are substantial since water is essential to both
the natural world and the socioeconomic system. Climate
change can cause changes in water resource availability pat-
terns and hydrological extreme events such as floods and
droughts, which can have a number of indirect effects on
agriculture, food and energy production, and general water
infrastructure (IPCC 2007; Kang et al. 2009). Because of
the conflicting economic, political, and social interests of
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riparian countries, the climate change impact will be greater
in transboundary rivers like the Baro—Akobo River where
water is in high demand. This is particularly true when
upstream countries can have a significant impact on down-
stream countries (IPCC 2007; Hulme et al. 2005).

The outcomes of the climate projection study illustrate
the implications of decreased water availability and its
effects on agricultural output. As a result, this study suggests
water harvesting strategies that could maintain water avail-
ability for agriculture and other ecosystem services to coun-
teract 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 expan-
sion could potentially be impacted from a water management
perspective by the overall reduction in 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 the climate. Addition-
ally, it is necessary to implement Ethiopian Green Economy
Climate-Resilience strategies to halt trends in deforestation
and land degradation in order to mitigate any potential short-
age of stream flow, which has been a challenge for the water
supply, irrigation, and hydropower development in the basin.

Model uncertainties

The impact of climate change studies on hydrology by
applying hydrological models involves various uncertain-
ties (Fowler et al. 2007; Abdo et al. 2009). 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 and 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 vari-
ables 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).

Despite these potential sources of uncertainties, this study
made efforts to reduce uncertainties stemming from climate
change, hydrological modeling, and other input data such
as weather data and land use. One possibility of account-
ing for some of the uncertainties is using an ensemble of
climate models (Teutschbein and Seibert 2010). As a result,
an ensemble of multi-GCM-driven RCM simulations was
used based on the different magnitudes and directions of
future climate change. The most plausible emission sce-
narios with robust bias correction techniques are used for
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the assessments of the RCMs to reduce uncertainty. The
SWAT model was calibrated and validated for stream-
flow data before being applied for climate change impact
assessment. 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), weather data quality, and all missing data were filled
in to reduce uncertainties in the model projection and try to
understand the impact of climate change on the hydrological
process in the basin. The performance of the model showed
good performance when evaluated in terms of the p-factor
and the r-factor model uncertainty metrics.

Conclusions

This study assessed the expected future changes in rainfall
and temperature for the Baro—Akobo River 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 hydro-
logical processes in the basin. There is less agreement
between the RCMs as to the magnitude, and even direction
and monthly changes in rainfall, but comparatively better
agreement in temperature was predicted. In the ensemble,
both maximum and minimum temperatures are projected
to increase throughout the year. However, it is also shown
that the increases in temperature are greater in the 2080s
than in the 2030s and for minimum temperatures than maxi-
mum temperatures. 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 in stream
flow will be greater when compared to the annual variation.
The mean basin water balance has also resulted in a consid-
erable decline in surface runoff, total water yield, and aquifer
recharge, but the evapotranspiration projection is increasing.
The hydrological flow indicators related to monthly flows
indicate a decrease in the high and middle range of variabil-
ity categories, 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 productiv-
ity. 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
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water availability in the study region. This could jeopard-
ize the water supply for irrigation, agriculture, and hydro-
power in the lower reaches of the catchment unless proper
water management and water-saving structures are imple-
mented. Therefore, the finding will be important for water
resource policymakers to develop appropriate water manage-
ment strategies and adaptation options to offset the adverse
impacts of future climate change.
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