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Abstract

The aim of this research is to assess the impact of future climate change on hydrological parameters (e.g., precipitation,
temperature, etc.) in Ethiopia's upper Genale River basin. Future climate scenarios for the 2021-2050 and 2051-2080
periods were developed from four different GCM—RCM combinations of CORDEX-Africa projections using the
Representative Concentration Pathways (RCP 4.5 and RCP 8.5). These climate models were bias corrected and used
as input to the Soil and Water Assessment Tool (SWAT) model. During the 2030s (2021-2050) and 2060s (2051—
2080), under the two RCPs, the projected precipitation in the annual and seasonal periods tends to decrease while
temperatures increase. The simulated result revealed a significant change in hydrological components (e.g., During
the 2060s), under the RCP4.5 scenario, CNRM-CMS5 climate model runoff, ground water flow, and total water yield
increased by 24.47%, 27.98%, and 28.56%, respectively. On the contrary, during the 2060s under the MIROCS climate
model, runoff, ground water flow, and total water yield reduced by 20.84%, 34.34%, and 25.8%, respectively. The
annual hydrological components of the study area under MPI-ESM-LR, EC-EARTH, and MIROCS5 showed a decrease
in total water yield, surface runoff, ground waterflow, and lateral flow. However, due to a rise in temperature,
evapotranspiration showed an increase up to 8.1% under all climate models (MPI-ESM-LR, EC-EARTH, CNRM-
CMS5, and MIROCS). The reduction in rainfall, which coincides with rising temperatures, is expected to reduce annual
water yield, surface runoff, ground waterflow, and lateral flow by up to 39.8%, 39%, 50%, and 40.1%, respectively,
across MPI-ESM-LR, EC-EARTH, and MIROCS scenarios for the entire study basin in future projections. Our study
helps to give a better insight into understanding climate change in watershed and can benefit the planning of water

resources by strengthening adaptation strategies against the impacts of future climate change.

Keywords: Upper Genale River basin, Climate change, Regional climate models, Hydrological processes, SWAT
model.
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1.Introduction

Emissions of greenhouse gases (GHGs) into the atmosphere have increased since the pre-industrial
era, primarily due to the expansion of intensive agriculture, industrialization, the utilization of
fossil fuels, and urbanization (Hussain et al., 2018; IPCC., 2014; Shrestha, 2014). Changes in GHG
concentrations in the atmosphere primarily tend to raise the temperature (Syukuro, 2019). The
change in climate has caused the mean temperature to rise across the globe. Since the 1900s, it has
risen by about 0.8°C, and by the end of the 21st century, it is expected to rise by 1.4-2.0°C (IPCC,
2013). A warmer climate accelerates and changes the hydrological cycle, causing long term
changes in evapotranspiration, rainfall, and runoff volume and timing, and resulting in negative
impacts on natural water resources in a catchment (Dariane & Pouryafar, 2021; Ketema &

Dwarakish, 2021).

Climate change has also had an effect on natural and human systems all over the world (IPCC.,
2014). The extent of the adverse impacts, however, varies substantially across continents,
countries, and socioeconomic strata, due to the adverse direct impacts on national GDP growth,
food security, and low adaptive and high exposure capacity to climate change. The impacts are far
more severe for African countries in general, and Ethiopia in particular (Asfaw et al., 2018; Bewket
et al., 2015; Dosio et al., 2022; EPCC, 2015; Girvetz et al., 2019; IPCC., 2014; Serdeczny et al.,
2017).

Climate change has negatively affected Africa in several ways (Godfrey & Tunhuma, 2020;
Welborn, 2018). This includes increased frequency and severity of natural disasters, decreased
rainfall amount and distribution, and exacerbated existing water stress. All of these have
significant impact on the functional operation of existing water resource development projects,
ecological systems, and agricultural development (Chaemiso et al., 2016; Emiru et al., 2022).
Moreover, frequent occurrences of hydrological extremes and high rainfall variability, along with
rapidly growing populations and alarmingly increasing food and water demands, have an effect on

the health and livelihoods of Africans (Dibaba et al., 2019).

Throughout the world numerous studies on the impact of climate change on hydrological responses
have been undertaken (Awotwi et al., 2021; Bekele et al., 2019; Bekele et al., 2021; Birkinshaw et
al., 2017; Eisner et al., 2017; Galata et al., 2021; Lotfirad et al., 2021; Mengistu et al., 2020;
Néschen et al., 2019; Takele et al., 2022; Tessema et al., 2021; Worku et al., 2021; Worqlul et al.,
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2018; Zhang et al., 2018). Many of these studies found that climate change influenced and will
continue to negatively affect the hydrologic characteristics of a catchment. For instance, Naschen
et al. (2019) analyzed the impacts of climate change on water resources in Tanzania's Kilombero
Catchment. They reported that the mean annual water yield and surface runoff increased by 61.6%
and 67.8%, respectively. Studies undertaken in other regions (e.g., Yangtze basin of China), which
used the Representative Concentration Pathways (RCP 8.5) scenario revealed that the annual basin
discharge changes from -29.8 to +16.0% (Birkinshaw et al., 2017). Changes in the magnitude and
pattern of temperature, rainfall, and climate on both local and global scales affect the rate and

occurrence of hydrological characteristics in a basin (Daba & You, 2020).

Climate change is also having a negative effect on water resources in Ethiopia, a largely rain-fed
agricultural region in Africa. The impact is primarily caused by shifting rainfall patterns, rising
temperatures, and increased atmospheric water demand (Bewket,et al., 2015). Temperature rise
as well as alterations in precipitation patterns are two of the most important climate change
variables that have a direct impact on almost all other hydrologic processes (Daba & You, 2020;
Ketema & Dwarakish, 2021; Musie et al., 2020; Tessema et al., 2021). A study by Daba and You
(2020) in Ethiopia's upper Awash basin revealed that changes in temperature and rainfall under
both RCP4.5 and RCP8.5 scenarios for all future periods (2020s, 2050s, and 2080s) are expected
to affect surface runoff, streamflow, and total water yield within the basin. Climate change also
has an impact on water resource planning and management through changes in the amount and
seasonal patterns of flows in streams (Musie et al., 2020). Hence, assessing the effect of climate
change on water resources at the small and large watershed scales by combining climate and
hydrological models is essential for understanding climate change vulnerability and designing

ecologically sound water resource management strategies.

Even though various studies of the impact of climate change on hydrologic analysis have recently
been carried out in various parts of Ethiopia using high-resolution ensembles of regional climate
predictions generated by Coordinated Regional Climate Downscaling Experiment (CORDEX)
(Bekele et al., 2021; Daba & You, 2020; Eromo et al., 2016; Galata et al., 2021; Ketema &
Dwarakish, 2021; Mengistu et al., 2020; Tessema et al., 2021; Worqlul et al., 2018), in depth
scientific studies on the quantitative impact of climate change on water resources based on the

RCP have not been conducted in the study basin. Furthermore, studying climate change impact on
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hydrological variables, particularly total water yield, surface runoff, groundwater flow, and
evapotranspiration, by using hydrological models and downscaled climatic data are crucial for arid
and semi-arid regions. Water resources mainly runoff and streamflow, are extremely impacted by
climate change. A minor change in climate variables can cause significant changes in hydrological
components and, as a result, changes in regional water resources (Daba & You, 2020). Moreover,
hydrological characteristics vary by location, and the effects of climate change on hydrology vary
greatly across regions (Abeysingha et al., 2020); hence, it is vital to conduct such study in arid and
semi-arid regions in order to develop and implement sustainable management of scarce water
resources and appropriate climate change adaptation and mitigation strategies (Galata et al., 2021;

Musie et al., 2020; Worqlul et al., 2018).

Therefore, this study was mainly designed to evaluate climate change impact on hydrological
processes over the study area of the upper Genale River basin. The Genale River is a multi-purpose
river on which different water-based projects have been implemented. The projects include many
proposed and existing hydropower power plants, small- and large-scale irrigation schemes, and
fish farming at the different parts of the river. The basin is characterized by a variety of topographic
and climatic regimes. Knowledge of the impact of climate change on hydrological characteristics
in a river basin is important for planning prospective climate change adaptation as well as
mitigation actions. Additionally, the results of this research may be used to develop and execute
new strategies for efficient water resource management, utilization, and development in order to
prevent water scarcity in the area. Therefore, this study was undertaken with the aim of evaluating
the hydrological characteristics of the upper Genale River basin under the effect of climate change
using the SWAT model and the CORDEX-Africa Regional Climate Model (RCM) under RCP4.5

and RCP8.5 climate scenarios.
2.MATERIALS AND METHODS

2.1 Study Area Description

The Genale Dawa basin is located in Ethiopia's southern region and includes parts of the regional
states of Oromia, Somali, and Southern Nations, Nationalities, and Peoples' (SNNP) (Figs. 1, a—
c). The basin has an approximate area of 172,713km?. Geographically, it lies North of 3°30' - 7°
20" latitude and East of 37° 05' - 43° 20' longitude (Awulachew et al., 2007; MoWE, 2007a) (Fig.

1 b). The upper Genale River, the study basin, is found in the upper central area of the Genale

4



129  Dawa River basin. It has an area of approximately 10,582.19 km? and is situated between North
130 of 6° 52" and 5° 28' latitude and East of 38° 30" and 39° 45' longitude (Fig. 1c).

38°30'0"E 39°0'0"E 39°30°0"E
a) Ethio-Boundary_Genale Dawa River Basin - . ¢) Study Area N =
X = \\ o
& &
(. -
=
L%
=
- &
-1
e
= G
0 125 25 50 Kilomete =)
i s
2
/ A Flow Gauge
b) Genale Dawa ‘er Basin ¥ *  Meteorological stations
Legend f = " f River
[Istady Area St H Z :l Study Area Boundary i
St =1 eibaton " E
o ‘| Value i
w High : 3751
Low : 901
— = 0o 15 30 60 Kilometers s
0 80 160 320 Kilometers 21 + e + [
==t i T . r in
38°30'0"E 39°0""E 39°30"0"E
38°30'0"E 39°0'0"E 39°30"0"E 38°30'0"E 39°0"0"E 39’3?'0"5 =
L " r i - L=
d) LULC Map » €) Soil Map h e
z : |z z
= : = L&
= = =
g g2 ™ g
1R ]
]
LEEE Legend
: e £ z z
Z | Legend = = £
=4 L = =
= = Scltlcmch s = - Ferric Acrisols =
= .
Cultivated land - Eutric Cambisols
@ Shrubland 2ld R Eutric Nitosols
Forest land AR LE S Z | @ Calcaric Regosols z
= Grassland 9P gk = | | =
= & Barc land i - - Haplic Yermosols 2
=1 e 0 15 30 60 Kilometers | 0 15 30 60 Kilometers | &
&, | <« Water body . bbbttt —|
38°30'0"E 39°0°0"E 39°300"E 38°30'0"E 39°00"E 39°30'0"E

131

132 Fig. 1. Study area Map (a) Ethiopia boundary (b) Genale Dawa River basin (c) Upper Genale
133 River basin (Study area) (d) land cover map, and (e) Soil map. Source (Shigute et al., 2022)

134  The basin has a three-season type I bimodal annual rainfall cycle in the highlands (northern parts)
135  and a double dry and wet season type II in the lowlands (southeastern). The three wet seasons are
136  known locally as belg (March, April, and May), kiremt (June-September), and meher (September,
137  October, and November)(MoWE, 2007a). The double wet season in the southern and southeastern
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parts is from March to May and from September to November (Degefu et al., 2021; MoWE, 2007).
The annual mean rainfall, minimum and maximum temperatures range from 1617.7mm to 59 1mm,

6.9 to 16.2°C, and 18.9 to 27.7°C, respectively (Shigute et al., 2023).

2.2 Input Data
Input Data for SWAT Model

To assess the SWAT model performance and the effect of climate change on the hydrologic
characteristics of the watershed, spatial and temporal data were used.

2.2.1 spatial data

SWAT model utilizes spatial data such as the Digital Elevation Model (DEM), Land Use Land
Cover (LULC), and soil maps. The DEM, obtained from the USGS website at a resolution of 30m,
was used to determine the basin boundary, sub-basins, and various characteristics (e.g., elevation,
slope gradient, river network, etc), and the hydrologic response unit (Fig. 1c). The classified LULC
map was obtained from Shigute et al. (2022), revealing major land categories as cultivated land
(47%), shrubland (19.53%), forest land (13.53%), and grassland (18.9%) (Fig. 1 d). The soil map
was acquired from the Food and Agricultural Organization (FAO). The SWAT database and the
Genale Dawa River basin master plan, developed by Ethiopia's Ministry of Water Resources
(MoWE, 2007b), were used to extract, verify, and compare the necessary soil physical and
chemical properties. The soil types in the study area include Calcaric Regosols (1.6%), Ferric
Acrisols (3.7%), Eutric Cambisols (13.1%), Eutric Nitosols (40.3%), and Haplic Yermosols
(41.4%) (Fig. 1e).

2.2.2 Temporal data
Climate data

To run the SWAT model, daily rainfall data (1984-2016) for ten stations and minimum and
maximum temperature data for five stations were obtained from the National Meteorological
Agency of Ethiopia (NMA) (Table 1). Data for the Harokelo, Bidere, and Arbegona locations were
extracted from the ENACTS dataset. The dataset, which has a resolution of 4 x 4 km, was
constructed by combining data from satellite estimates from NASA (the US National Aeronautics
and Space Administration) and EUMET-SAT (the European Organization for the Exploitation of

Meteorological Satellites) with station records from nearby locations (Dinku et al., 2014, 2016).
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The effectiveness of ENACTS has been evaluated at numerous stations across the nation, and it

has turned out to be effective (Alemayehu & Bewket, 2017; Dinku et al., 2014, 2016).

The Multivariate Imputation by Chained Equations (MICE) algorithm as explained in van Buuren
& Groothuis-Oudshoorn, (2011) was used to generate and fill the missing values, and then the data
was used for further analyses. To ensure the data's quality and reliability, homogeneity tests were
performed. The standard normal homogeneity test (SNHT) (Alexandersson, 1986), the Buishand
range test (Buishand, 1982), the Von Neumann ratio test (von Neumann, 1941), and the Pettitt test
(Pettitt, 1979) were the four absolute statistical homogeneity tests used. The details of the analysis
results in Shigute et al. (2023) showed that the data were homogeneous and could be used for

further analyses.

In addition, the ARCSWAT weather generator (WGNMarker 4) was used to generate weather
elements such as wind speed, relative humidity, and solar radiation. The model was then initialized
using weather data from 1984 to 1986. The SWAT analysis was then performed on data from 1987
to 2016.

Table 1: Summary of the study area meteorological stations and their geographical locations.

. Latitude Longitude Altitude Rainfall Temperature
Name of Stations - -
(N°) (E®) (m) Period Periods
Telamokentise 6°50'1" 38°30'38" 1911 1990-2016
Yirba Muda 6°13'17"  39°35'43" 2560 1987-2016
Woreka 6°30'6" 39°12'45" 2450 1987-2016
Bore 6°20'30"  38°38'29" 2712 1984-2016
Kibre Mengist 5°53'46"  38°58'1" 1680 1984-2016
Bidere 5°46'19"  39°36'46" 1400 1984-2016 1984-2016
Arbegona 6°40'48"  38°43'30" 2600 1984-2016 1984-2016
Harokelo 5°33'19"  39°23'17" 1600 1984-2016 1984-2016
Hager Selam 6°30'47"  38°31'18" 2809 1984-2016 1984-2016
Neghele 5°26'1" 39°35'43" 1544 1984-2016 1984-2016
Flow data

For model calibration and validation, the daily streamflow data recorded at Chenemassa gauging

station from 1984 to 2011 was collected from the Ethiopian Ministry of Water, Irrigation, and



187
188

189

190
191
192
193
194
195
196
197
198
199
200
201
202
203
204

205
206
207
208
209
210

211

Energy (MoWIE). To estimate missing values, multiple imputation was used, which is the best

method for estimating missing values in flow data (Sattari et al., 2017).
2.3 GCM-RCM and scenario selection

To assess future climate change impacts on the hydrologic characteristics of the study watershed,
future precipitation and temperature data from CORDEX Africa RCMs were obtained from the
ESGF website (https://esgdnl.nsc.liu.se/esgf). For this study, three different RCMs (KNMI
Regional Atmospheric Climate Model, version 22 (RAMO22 T), Rossby Center regional

atmospheric model (RCA4), and Regional Climate Limited-area modeling (CCLM)) and four
downscaled GCM driving models (EC-EARTH, CNRM-CM5, MIROCS, and MPI-ESM-LR) of
CMIPS5 (Climate Model Inter-comparison Project Phase 5) were used in combination. These
resulted in four GCM-RCM combinations of CORDEX-Africa projections under two RCPs (4.5
and 8.5) (Table 2), which were used for impact assessment. The details of the two RCPs scenarios
are explained by the IPCC (IPCC, 2014).The choice of the GCM-RCM model was made in
consideration of other studies of the effects of climate change on east Africa, particularly in various
regions of the Ethiopia river basin, as well as how well the climate models represent past and
present climate, their resolution, and other related factors (Adera & Alfredsen, 2020; Adugna et
al., 2021; Bekele et al., 2021; Ketema & Dwarakish, 2021; Mengistu et al., 2020; Musie et al.,
2020; Tessema et al., 2021; Worku et al., 2020)

The spatial resolution of the CORDEX-Africa domain is 0.44° by 0.44°, which is about 50 km by
50 km. The data covers from the years 1951 to 2100, with a historical time frame from 1951 to
2005 and a future projection from 2006 to 2100 (Musie et al., 2020). In this study, to assess the
change in patterns of climate data, the baseline scenario period (1987-2016) and the future scenario

period (2021-2100) were used. The future scenarios were divided into two different periods of

time with 30-year intervals, such as 2021-2050 (the 2030s) and 2051-2080 (2060s).

Table 2. Descriptions of selected GCM - RCM climate models

GCM Name RCM INSTITUTION

CNRM-CM5 CCLM4-8-17-V1  Climate Limited-area Modelling Community
EC-EARTH RACMO22T vl  Royal Netherlands Meteorological Institute
MIROCS SMHI-RCA4 V1  Swedish Meteorological and Hydrological Institute
MPI-ESM-LP CCLM4-8-17-V1  Climate Limited-area Modelling Community
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Bias correction

To assess the likely effect of climate change on the watershed's hydrological aspects using the
SWAT model, bias-corrected RCM data under RCP4.5 and RCP8.5 scenarios were used. The
process of bias correction involves adjusting the raw output of a climate model using a
transformation algorithm, under the presumption that the algorithm used to parametrize and correct

the current climate will also be applicable to future scenarios (Yeboah et al., 2022).

For this study, to bias-correct and extract data from the RCM model, CMhyd tool was used
(Rathjens et al., 2016). To correct the maximum and minimum temperature and precipitation data,
the linear scaling method was selected from the available bias correction techniques in the CMhyd
software. Because of its simplicity, accuracy, and ease of application, this method has been widely
used to correct GCM-RCMs in various parts of the world (Abera & Gebeyehu, 2023; Azman et
al., 2022; Galata et al., 2021; Mahmood et al., 2018; Mahmood & Babel, 2013; Mahmood & Jia,
2017; Shrestha et al., 2017; Takele et al., 2022). Furthermore, the method works well for climate

change-related water resource research (Takele et al., 2022).

To adjust the RCM simulation of temperature and rainfall, the linear scaling method employs
additive and multiplicative factors, respectively. The factors are produced by comparing the
measured data to the corresponding historical RCM simulations (Worku et al., 2020). The detailed
description of the method is available on the previous work of Luo et al. ( 2018) and Teutschbein

& Seibert (2012).
2.4 SWAT model description and set up

The SWAT is a semi-distributed, physically based hydrologic model that operates on a continuous
time-step (Arnold et al., 2012). The model is developed to simulate the climate change effects on
hydrology, land management, and movement of agricultural chemicals and sediment of a wide and
complex basin(Arnold et al., 1998; Taylor et al., 2016). The hydrology is simulated in two major
ways: The Land Phase, which controls the nutrient, pesticide, sediment loaded, and water transport
to each channel from sub-watersheds, and the Water or Routing Phase that controls the movement

of flow up to the basin outlet. The SWAT model simulates the hydrologic phenomena of the land
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phase using the water balance equation shown as follows (Narsimlu et al., 2015; Neitsch et al.,

2011):

t
SWy = SW, + Z(Pday - qurf —E, — ng - VVseep) (1)
i=1
where SW¢ and SWo represent the final and initial soil water content on day 1 (mm), Wiseep, Qgw,
Ea, Qsuf, and Pqay represent the amount of water entering the vadose zone from the soil profile,
return flow, evapotranspiration, surface runoff, and precipitation, respectively on day i(mm), and

t is time (days).

The SWAT model uses either the USDA Conservation Service Curve Number (SCN-CN) or the
Green and Amp method for calculating surface runoff produced in the watershed (Neitsch et al.,
2011). For this study, the SCN-CN technique (Equation 2) was applied to estimate runoff for
each HRU (Arnold & Fohrer, 2005).

(Pday — 0.25)?
(Pday + 0.8S)

Qsurf = )

Where, Qsu; Pday, and S represent, daily depth of accumulated surface runoff (mm), the daily
rainfall (mm), and retention parameter, respectively. Based on equation 2, runoff happens in a

watershed when Pday > (.2S.

In relation to the CN, the parameter S is calculated using Equation 3. The retention parameter, S,

is affected by slope, soil type, and land management practices.

. 254(100 — CN)
N CN

(3)

Where, CN is the curve number for the day. During model calibration process, CN is the main

parameter that determine the catchment runoff (Arnold et al., 2012).

The SWAT model has three different approaches for calculating evaporation: the Hargreaves,
Priestly-Taylor, or Penman-Monteith methods (Neitsch et al., 2011). For this study, because of the
limited availability of data and the simplicity of the method, the Hargraves method was applied
(Hargreaves & Samani, 1985).

10



263

264
265

266

267
268
269
270

271
272
273
274
275
276
277
278
279

280

281
282
283
284
285
286
287

288

289
290

ETo = 0.0023 * Ra * (Tmax — Tmin)?® % (Tavg + 17.8) (4)

Where, ETo, Ra, Tmax, Tmin, and Tavg represent, reference evapotranspiration, extraterrestrial

radiation [mm/day], maximum, minimum, and average temperature [°C].
2.5 Sensitivity analysis

Hydro-climatic parameters from 1984 to 2016 were used to simulate the hydrological
characteristics of the study watershed. The first three years of data (1984-1986) were used to
initialize the SWAT model, while data from 1987-2016 were employed for sensitivity and

calibration analysis.

Identifying the most sensitive parameters in The SWAT model is critical for calibration and
validation streamflow (Abbaspour et al., 2018; Chimdessa et al., 2019). For this study, to
differentiate the most sensitive ones, twenty-one flow parameters were meticulously chosen from
the literature and the SWAT-CUP. Then, by using the objective function, P-values and ¢-stat,
multiple regression methods with Latin hypercube method, sensitivities of parameters were
determined. The p-values and #-stat show the level and degree of sensitivity to flow parameters,
respectively. The larger p-values indicating less sensitivity and smaller values indicating greater
sensitivity. Small absolute #-stat values imply lower sensitivity, while large values reveal higher

sensitivity (Abbaspour, 2015; Narsimlu et al., 2015).
Calibration and Validation of SWAT Model

Streamflow data from the Chenemasa gauging station was used to calibrate and validate the SWAT
model. Calibration and validation were performed using streamflow data from 1987 to 2002 and
2003 to 2011, respectively. To calibrate and validate the model, the SWAT-CUP2012 software's
sequential uncertainty fitting (SUFI-2) algorithm was used (Abbaspour, 2015). SUFI-2, is the most
widely applied program in Ethiopia for model calibration, validation, and sensitivity analysis
(Abraham & Nadew, 2018; Bekele et al., 2021; Belihu et al., 2020; Bizuneh et al., 2021; Bogale,
2021; Mengistu et al., 2020; Takele et al., 2022; Teklay et al., 2020; Tessema et al., 2021).

Evaluation of SWAT model performance

The statistical parameter values of Nash-Sutcliffe efficiency (NSE), coefficients of determination

(R?), and percent bias (PBIAS) were used to assess the performance of the SWAT model. These

11
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statistical units are the most commonly used parameters to assess the performance of models
(Akoko et al., 2021; Shukla & Gedam, 2018). Statistical indices of PBIAS, R?, and NSE were

calculated using Equations 5, 6, and 7 respectively

The amount of the total variance in the observed data that the model can explain is indicated by
the regression coefficient (R?). The greater the agreement between the observed and the simulated

flow, the closer the value of R” is to 1. Equation 4 is used to calculate R’ as shown below:

2
N (0i—0)(Pi-P)

= [Z?Izl(Oi - 6)210'5 [Zivzl(P B Fl)zlo_s

RZ

(5)

Nash-Sutcliffe coefficient (Nash & Sutcliffe, 1970) described in Equation 5 was used to determine
how the observed data and simulated output closely fit in 1:1 line.
L1000 — Pi)?

NSE =1 - = 6
N (0i—0)? ©)

According to Moriasi et al. (2007), the percent of bias (PBIAS) was used to estimate how much
the measured values would differ from the values of the simulated output of counterparts. To

calculate PBIAS equation 7 was used.

2}11 (oi-pi)

PBIAS="S——
2%, (01)

*100 (7)
Where P and O represent mean simulated and measured data; Pi and Oi represent simulated and

measured data; and N represents the number of compared values.

According to Moriasi et al. (2007), the performance of the model is acceptable when the R’ value
exceeds 0.6, NSE greater than 0.5, and PBIAS falls within a range of £25%. The value of the NSE
varies from -oo to 1, and where the NSE is close to 1, the model performs best. The value of R’
ranges between 0 to 1, where R’ close to 1 specifies less error. On the other hand, the model
simulation works best when PBIAS is close to 0. The model under- and overestimates the
simulation, respectively, as indicated by the positive and negative PBIAS values (Nasiri et al.,

2020).

2.5 Analysis of future climate characteristics
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To analyze the RCM simulations of climate characteristics, seasonal and annual future temperature
and precipitation time series data from the selected GSM were used. A few techniques have been
developed to analyse climate characteristics. For this study, trend analysis using MK test and Sen’s

slope estimator were used.
2.5.1 Trends

For this study, prior to Mann-Kendall trend analysis, temperature and precipitation time series
were tested for autocorrelation at a 5% significance level, which is critical for accurate trend
analysis. To handle serial correlation, we used a well-known method, specifically the Bias-
corrected prewhitening (BCPW) technique proposed by Hamed (2009), which is well-known for

its effectiveness in hydrologic data trend analysis.

Sen's slope estimator and the Mann-Kendall (MK) test were used to identify and measure potential
trends in seasonal and annual temperature and precipitation time series data. In the MK test, the
test statistic, S, being positive or negative signifies an increasing or decreasing trend, and it is

computed as outlined by Kendall (1975) and Mann (1945)
S =% Xj-i=15gn(xj — xi) (8)

Where, x1 and xj represent the time series data in the years 1 and j (j>1), respectively; N is the length
of the time series, and S is the Mann-Kendal's test statistics. The sign function is computed by

Equation 9.

+1if(Xj—Xi) >0
sgn=(Xj—X)=0if(Xj—Xi)= 0 9)
—1if(Xj—X) <0

According to Kendall (1975) and Mann (1945), the 'S' statistic is approximately normally
distributed with the mean, and E(S) becomes 0 when the number of observations exceeds 10. In

this case, Equation 10 computes the Var (S) (variance statistic) as:
Var (S) = —[N(N = 1)(2N +5) —= %2_, tp(tp — 1) (2tp + 5)] (10)

Where, N represents the number of data points and #p and g represent the number of data points in

the i™ tied group and the number of tied groups in the data set, respectively.
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When the sample size is greater than ten, Equation 11 is used to compute the MK standardized test

statistic, ZMK (Kendall, 1975; Mann, 1945).

S—1

NZEG) ifS$>0
—;;1(5) ifS<0

The standardized test statistic, ZMK, was applied to assess whether or not there was a statistically
significant trend. The alternate hypothesis (Ha # p) and the null hypothesis (Ho = p = po) in this
trend test state that there is a monotonic (upward or downward) trend or no monotonic trend

observed in the dataset over time, respectively.
Estimating the Magnitude of the Trend

Sen's slope estimator was used to compute the slope of seasonal and annual rainfall and
temperature changes. Theil (1950) and Sen (1968) developed Sen's slope method to estimate the
magnitude of a linear trend in a time series. As a result, the linear model, f'(?), can be expressed as

Equation 12:

fO=0t+p (12)
Where Q and f indicate the slope and the intercept of the trend line.

To determine the slope estimate, Q, the slopes of all data value pairs are calculated as follows:

_ Yj—Yi

=i I=L2oNj>i 13

Q;

h observation’s time and its value of the rainfall variable,

where, Xi and Yi represent the i
respectively. The median of these N values of Qi is Sen’s estimator of slope. Equation14 is used

to calculate the Sen’s estimator, which ranks the N values of Qi from the smallest to the largest:

(N

+D|
Q*{ > |,lleSOdd

Qmea = (N + 2)] (14)
2

oo

,if N is even
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The sign in Equation 13, indicate the direction of the trend. A time series' trend that is decreasing

or increasing is indicated by a negative or positive value of Qmed, respectively (Mulu et al., 2018).

2.6 Estimating the impact of climate change on hydrology

To assess the climate change impact on the hydrology of the study catchment, simulations from
four GCM-RCM combinations of climate models were used. Furthermore, for each climate model,
two different RCPs scenarios, i.e., RCP 4.5 and RCP 8.5, were used as inputs to the calibrated
SWAT model to simulate and evaluate the anticipated hydrological variables in the 2030s (2021—
2050) and 2060s (2051-2080) of the century. Simulation results of hydrological variables, namely
precipitation, evapotranspiration, surface runoff, total water yield, lateral, and ground water flow
for the baseline period (1987 to 2016) were compared with the future time periods of the 2030s
and the 2060s simulation. The differences in simulation outputs between the observed baseline

and the future time indicates climate change impacts on the watershed's hydrologic response.
3.Results and discussion

3.1 Calibration and validation of SWAT model.

The SWAT-CUP software's SUFI-2 algorithms were utilized for sensitivity analysis to identify
key flow parameters influencing streamflow in the SWAT model's calibration and validation.
Initially, twenty-one flow parameters underwent sensitivity analysis, and following that, ten
sensitive flow parameters namely ALPHA BF.gw, CN2.mgt, CANMX.hruy, GWQMN.gw,
CH K2.te, REVAPMN.gw, SOL AWC(..).sol, RCHRG DP.gw, ESCO.hru, and
GW_DELAY.gw, were selected based on p-value (ranging from 0 to 0.5) and t-stat (ranging from
7.86 to 0.65). The details of the analysis presented at Shigute et al. (2022).

The SWAT model was calibrated and validated using Chenemassa station's streamflow data from
1987 to 2002 for calibration and from 2003 to 2011 for validation. Results showed good
performance with R2, PBIAS, and NSE values of 0.78, -3.2%, and 0.73 during calibration, and
0.74, 3.9%, and 0.72 during validation. Additional information on model calibration, validation,
performance evaluation, and streamflow hydrograph are available in prior studies (e.g., Shigute et

al., 2022)
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3.2 Bias correction of precipitation and temperature of RCMs

To enhance the forecasting ability of climate models, it is critical to correct the uncertainties and
discrepancies between the measured and GCM/RCM data, which serve as inputs to the climate
change impact assessment. For this study, to adjust the overestimation and underestimation of the
raw output of the RCMs simulations of rainfall and temperature, the linear scaling bias correction
technique was employed, and the discrepancy of the RCM's simulation of rainfall and temperature

was adequately corrected with the measured rainfall and temperature data of the study basin.

a) Raw RCMs-RCP4.5 b) Bias Corrected RCMs-RCP4.5
400 200
E 300 E 150
E E
= 200 ‘ ‘ ‘ = 100
.8 £
i, |75 sl il
Olll.IIl I II II II |I II-I-. 0 lll"l |||I|
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
m Observed = CNRM-CMS(CCLM) = Observed = CNRM-CM5(CCLM)
EC-EARTH(RACMO22T) MPI-ESM-LR(CCLM) EC-EARTH(RACMOZ22T) MPI-ESM-LR(CCLM)
= MIROCS(RCA4) = MIROCS(RCA4)
c¢) Raw RCMs-RCP8.5 d) Bias Corrected RCMs-RCP8.5
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E E
Z 200 ‘ ‘ ‘ Z 100
= £
buio...| = woss UM AN
S U 0 R L o il | I
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
m Observed = CNRM-CM5(CCLM) m Observed » CNRM-CMS(CCLM)
EC-EARTH(RACMO22T) = MPI-ESM-LR(CCLM) EC-EARTH(RACMO22T) = MPI-ESM-LR(CCLM)
= MIROCS5(RCA4) m MIROCS(RCA4)

Fig. 2. Performance of RCP 4.5 and RCP8.5 mean rainfall data before and after bias correction. a)
and c) represent Raw RCM of RCP 4.5 and 8.5 before bias correction and b) and d) RCM of
RCP4.5 and 8.5 after bias correction.

The bias correction procedures effectively corrected the initial overestimation in the raw RCMs
simulation of monthly rainfall. This was observed from February to September for MIROCS and
from June to September for EC-EARTH, as shown in Fig 2a and c. The correction, illustrated in
Fig 2b and d, significantly improved the discrepancies between the observed and the RCM’s
simulation of average monthly rainfall under RCP 4.5 and RCP 8.5.

Moreover, the initial underestimation in the RCM simulations of CNRM-CM5 and MPI-ESM-LR
from January to September, and EC-EARTH from January to May, October, and November under
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RCP 4.5 and 8.5 was successfully addressed. This is also depicted in Fig 2b and d, which also

show the long-term average monthly rainfall after bias correction for the selected climate models.

In this regard, the linear scaling method has effectively adjusted both the monthly rainfall

distribution and the extreme rainfall values.

Fig. 3 shows that RCMs simulation of RCP 4.5 of TMAX and TMIN appears to be overestimated.
The overestimation of climate models ranges from 0.22 to 8.01°C for the TMAX and 0.88 to 5.3°C
for the TMIN during the RCP4.5 scenario (Figs. 3, a and c).

a) Raw RCMs-RCP4.5 b) Bias Corrected RCMs-RCP4.5
40 _ 30
g 25 ——_\’v
o0 w = 20
= - - I 2 15
%20 = 10
= s
= 10 0
0 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
e Observed e CNRM-CM35(CCLM) e Observed e CNRM-CM5(CCLM)
EC-EARTH(RACMO22T) MIROCS5(RCA4) EC-EARTH(RACMO22T) MIROCS(RCA4)
e MPI-ESM-LR(CCLM) e MPI-ESM-LR(CCLM)
c) Raw RCMs-RCP4.5 d) Bias corrected RCMs-RCP4.5
20 20
M
ols F T— —— o5
[ — ——— T e —
z 10 z 10
=
=5 E 5
0 0
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
———0Observed ~—=CNRM-CM5(CCLM) e Observed e CNRM-CM5(CCLM)
EC-EARTH(RACMO22T) MIROCS5(RCA4) EC-EARTH(RACMO22T) MIROCS(RCA4)
=== MPI-ESM-LR(CCLM) e=MPI-ESM-LR(CCLM)

Fig. 3. RCMs simulation of RCP 4.5 monthly average TMAX (°C) and TMIN (°C); raw (a and

¢) and bias corrected (b and d).

In the case of RCP8.5 scenario as shown in Fig. 4 (a and c), the overestimation values of TMAX

and TMIN range from 0.3 to 8.56°C and from 1.88 up to 6.2°C, respectively.
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a) Raw RCMs - RCP8.5 b) Bias Corrected RCMs-RCP8.5
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Fig. 4. RCMs simulation of RCP 8.5 monthly average TMAX (°C) and TMIN (°C); raw (a and

¢) and bias corrected (b and d).

By using bias correction, the RCMs’ overestimation of TMAX and TMIN was successfully
corrected with measured mean monthly TMAX and TMIN. The adjusted TMAX and TMIN the

climate models after the application of bias correction for RCP4.5 and RCPS8.5 is showed on Fig.

3, (b and d) and Fig. 4, (b and d), respectively.

3.3 Forecasted change in rainfall and temperature

Future Rainfall Projection

The annual and seasonal change in projected rainfall for the 2030s (2021-2050) and 2060s (2051—
2080) scenarios for the selected GCM-RCM models for RCP 4.5 and 8.5 emission scenarios are

presented in Fig. 5.
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Fig. 5. The future annual and seasonal projected change of rainfall of climate models, a) 2030s

under RCP4.5, b) 2060s under RCP4.5, ¢) 2030s under RCP8.5, and d) 2060s under RCP8.5.

The analysis revealed that future rainfall projections in the study area show a range of magnitudes
of changes compared to the observed rainfall. For RCP 4.5 and RCP 8.5 emission scenarios, the
change in annual and seasonal projected rainfall ranges from -33.79 to + 58.95% for the 2030s and
2060s time periods. In both RCP emission scenarios, during the 2030s and 2060s, the projected
annual rainfall of the EC-EARTH, MPI-ESM-LR, and MIROCS5 models showed likely reductions
ranging from 1.36 to 14.96%, whereas the CNRM-CMS5 model displayed a likely increase ranging
from 1.43 to 11.6% (Figs. 5 a-d). However, under the RCP 4.5 and RCP 8.5 scenarios, annual
mean rainfall will likely be reduced by up to 13.1% and 14.36%, respectively, in the 2030s,
compared to observed rainfall. Similarly, under RCP4.5 and RCP8.5 emission scenarios, during
the 2060s, annual rainfall is likely to decrease by up to 14.96% and 14.84%, respectively. This
result is consistent with the findings of other studies conducted in various parts of Ethiopia, which

reported a likely increase and decrease in future annual rainfall in various parts of Ethiopia (Balcha
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et al., 2023; Kuma et al., 2021; Takele et al., 2022). For instance, the study undertaken by Takele
et al., (2022) in the upper blue Nile basin showed that during 2030s and 2050s in the two RCPs

scenarios, the projected annual average rainfall is likely to change from -13 to 6%.

Under the RCP4.5 emission scenario, the seasonal rainfall projections for DJF, MAM, JJA, and
SON decreased by up to 19.36%, 10.1%, 18.9%, and 15.6%, respectively, during the 2030s (Fig.
5, a). However, in the same future period and scenario (in the 2030s of RCP 4.5), CNRM-CM5
during DJF, JJA, and SON, EC-EARTH during SON, and MPI-ESM-LR during DJF and SON
seasons showed an increasing rainfall (Fig. 5, a). Similarly, in RCP 4.5 scenario, seasonal rainfall
decreased relative to observed rainfall during the 2060s. The reduction of rainfall reached up to
7.65 % during DJF, 33.8% during MAM, 19.6% during JJA, and 19.8% during SON seasons (Fig.
5, b). During the 2030s in RCP 8.5, the seasonal rainfall is anticipated to be reduced by up to 25%,
19%, 17%, and 9% during the DJF, MAM, JJA, and SON seasons, respectively (Fig. 5, C). In the
RCP 8.5 scenario, rainfall in the MAM, JJA, and SON seasons, will likely decrease by up to 27.3%,
26.6%, and 13.5%, respectively, during the 2060s (Fig. 5, d). On the other hand, during the 2030s
of RCP8.5, the CNRM-CMS5 climate model in DJF, MAM, and SON seasons, MPI-ESM-LR in
SON, and EC-EARTH and MIROCS in DJF season, as well as the MPI-ESM-LR, EC-EARTH,
CNRM-CM5, and MIROCS climate models in the DJF season, and MPI-ESM-LR and CNRM-
CMS5 in the SON season in the 2060s of RCP8.5 emission, showed likely increasing rainfall.
During 2030s and 2060s under both RCP scenarios, the change in projected increasing rainfall is
expected to reach up to 58.95%. On the other hand, for the same time periods in both RCP emission
scenarios, most of the evaluated models indicate a decrease in projected rainfall during the MAM
and JJA seasons. This finding agrees with the result of Daniel & Abate (2022) and Kuma et al.
(2021). They found that projected rainfall is expected to increase during DJF and reduce during
the wet seasons of MAM and JJA. In the southern, southeastern, eastern lowland and highland of
Ethiopia, the MAM season used to cultivate crops and agro-pastoral activities (Bekele-Biratu et
al., 2018). A reduction or delay in the MAM and JJA seasons, combined with future temperature
increases, may result in severe drought and a reduction in water resources, posing a threat to

Ethiopia's agricultural development.

In general, in the study basin, the annual and seasonal projected rainfall has not shown any

systematic increasing or decreasing trend. This indicates that climate models do not agree on the
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484  magnitude and direction of future changes in annual and seasonal rainfall amounts for future time
485  periods. These variations in forecasting future changes are most probably a result of the use of

486  different climate models and subsequent parameterizations (Bekele et al., 2021).
487  Future Temperature Projection

488  The expected changes in maximum and minimum temperatures of the selected climate models for
489  the RCP 4.5 and RCP 8.5 scenarios for the 2030s and 2060s are summarized in Table 3. The result
490  displayed that during the 2030s, in the RCP 4.5 scenario, minimum and maximum temperatures
491  are expected to rise up to 1.3°C and 1.2°C, respectively. During the 2060s, in this same emission
492  scenario, the minimum and maximum temperatures would increase to 1.82°C and 1.74°C,
493  respectively. Similarly, during 2030s in RCP 8.5 scenarios, the minimum and maximum
494  temperature is expected to rise up to 1.6°C and 1.36°C, respectively. During 2060s in RCP 8.5
495  scenario, the minimum and maximum temperature may raise up to 3.02°C and 2.85°C,
496  respectively. The analysis result also displayed that the change in temperature during 2060s
497  expected to be higher than 2030s in both the RCPs. Furthermore, in both RCP scenarios, during
498  2030s and 2060s, the rate of change in minimum temperature would be higher than the maximum

499  temperature.

500 Table 3. Future mean annual minimum and maximum temperatures change under both RCP

501  scenarios.

2030s (2021-2050) 2060s (2051-2080)
GOM - RCM RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

TMAX TMIN TMAX TMIN TMAX TMIN TMAX TMIN

O) O) (O] O (O O) O) O)
CNRM-CM5(CCLM) 0.61 065 089 087 122 128 218  2.09
EC-EARTH(RACMO22T) 067 098 078 119 138 1.73 219 277
MIROCS5(RCA4) 1.2 1.3 136 159 1.7 182 285 291
MPI-ESM-LR(CCLM) 0.76 1.04 126 131 174 178 252 3.2
Average 0.81 0.99 1.07 124 151 165 244 27

502

503 In general, the analysis results revealed that under the RCP 8.5 scenario, the expected change in
504  the minimum and maximum temperatures of the individual and average climate models would be
505  higher than the RCP 4.5 scenario. This is because RCP8.5 has a higher emission scenario than

506 RCP4.5. Furthermore, the results of all climate and average models showed that the change in
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minimum temperature would be more significant than the change in maximum temperature in both
the 2030s and 2060s.This finding is consistent with the results (Bekele et al., 2019; Bekele et al.,
2021; Moges & Bhat, 2021; Takele et al., 2022; Tessema et al., 2021; Worku et al., 2021). They
showed that the expected change in minimum and maximum temperature is higher in RCP 8.5
than RCP 4.5. Furthermore, they found that the increase in minimum temperature were higher than

the increase in maximum temperature in different parts of Ethiopia.
3.4. Analysis of future annual and seasonal rainfall trends

The annual and seasonal projected rainfall trend analysis results are displayed in Table 4. The MK
trend test in the RCP 4.5 and RCP 8.5 emission scenarios revealed both positive and negative
trends for annual and seasonal rainfall in the 2030s and 2060s, indicating the existence of variations
in climate models for predicting climate in terms of magnitude and direction. The decreasing and
increasing trends in all RCMs and future time periods (2030s and 2060s) under the two RCP
scenarios range from 0.05 to 7.43mm per year and 0.03 to 7.0lmm per year, respectively. During
the 2030s in RCP 4.5 and RCP 8.5, the MK test for MAM and annual future rainfall data indicated
an insignificant trend, but it showed a decreasing tendency with rates ranging from 0.97 to 6.16
mm per year for the MPI-ESM-LR, EC-EARTH, and CNRM-CMS climate models. However, the
RCP 8.5 of the 2060s of the RCM of MIROCS5 and MPI-ESM-LR model showed statistically
significant increasing and decreasing trend at 95% confidence level, with a rate of 3.34 and 7.43
mm per year, respectively. On the other hand, most of the RCMs showed an insignificant
increasing trend during the JJA season. However, the detected trends were significant for EC-
EARTH of the RCP 8.5 in the 2030s. During the SON season, most RCMs show a decreasing

trend, with rates ranging from 0.27 to 3.62 mm per year in the 2030s and 2060s scenarios.
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Table 4. Trends of seasonal and annual projected rainfall under RCP4.5 and RCP8.5

DJF MAM JIA SON Annual-RF
GEM-RCM RCPs Periods P-value Sen's P-value Sen's P-value Sen's P-value Sen's P-value Sen's
slope slope slope slope slope
RCP4.S 2030s 0.38 0.58 0.24 -3.53 1.00 0.00 0.97 -0.27 092  -0.97
CNRM-CM35 2060s 0.60 -0.82 0.70 1.88 0.08 3.77 0.78 -1.37 1.00 0.03
(CCLM) RCPS.S 2030s 0.70 0.32 0.09 -5.22 0.17 2.16 0.97 0.11 0.55 -4.60
2060s 0.94 -0.12 0.34 2.16 0.21 249 0.44 2.89 0.17 7.01
RCPA.S 2030s 1.00 -0.07 0.06 -4.11 0.83  -0.11 0.70 0.69 0.36  -3.17
EC-EARTH 2060s 0.67 0.75 0.42 1.46 0.97 -0.06 0.11 -2.27 0.83 -0.64
(RACMO22T) RCPS.S 2030s 0.75 0.52 0.06 -3.99  0.03% 141 0.09 -2.17 0.19  -3.96
2060s 0.80 0.29 0.48 1.59 027 -0.86 0.09 2.76 0.11 4.40
RCP4.S 2030s 0.26 1.20 0.55 1.19 0.57 050 004 2,04 0.08 3.99
MIROCS 2060s 0.97 0.11 1.00 0.07 0.94 0.22 0.08 -1.92 0.80 -1.14
(RCA4) RCPS.S 2030s 0.23 0.94 0.67 0.59 0.65 -0.39 0.50 1.72 1.00  -0.05
2060s 0.86 -0.32 0.01* 3.34 0.72 0.35 0.19 1.82 0.10 4.86
RCP4.S 2030s 0.19 1.56 0.27 -5.43 0.40 1.50 0.40 -3.62 044  -5.13
MPI-ESM-LR 2060s 0.60 -0.32 0.60 1.36 0.80 -0.53 0.80 -1.63 092  -0.28
(CCLM) RCPS.5 2030s 0.50 0.42 0.21 -3.67 0.97 0.24 0.50 -2.16 0.32 -6.16
2060s 0.80 031 0,048 -7.43 0.14 2.96 0.65 2.53 075  -2.70
RCP4.5 2030s 0.17 1.31 0.11 -2.80 0.44 0.68 0.67 -0.65 0.50 -1.84
Ensemble 2060s 0.48 0.38 0.27 2.00 0.36 0.86 0.19 -1.65 0.97 -0.12
Mean RCPS.S 2030s 0.21 0.95 0.17 -2.59 0.21 0.80 0.50 -0.62 0.38  -2.67

2060s 0.94 0.10 0.55 -1.14 0.06 1.62 0.08 3.01 0.48 2.17

DJF is from December to February, MAM is from March to May, JJA is from June to August, and SON is from
September to November; * Indicate significance at a = 0.05.

The mean seasonal and annual projected rainfall trends analysis in Table 4 indicated that the annual
rainfall projection in both RCPs showed an insignificant decreasing trend during the 2030s and
2060s. Similarly, except for the 2060s of RCP 4.5 and RCP 8.5, the MAM and SON seasons
displayed a decreasing trend. On the contrary, DJF and JJA seasons during the 2030s and 2060s
in both RCPs, as well as RCP 4.5 of the 2060s of MAM and RCP 8.5 of the 2060s of SON, showed

a positive trend.
3.5 Seasonal and annual projected temperature trend.

The annual, seasonal, and an ensemble mean of maximum and minimum temperature trends for
2030s and 2060s under RCP 4.5 and RCP 8.5 emission scenarios are presented in Tables 5 and 6.
During the 2030s and 2060s in the RCP 4.5 scenario, the MK analysis result of the seasonal and

annual minimum and maximum temperatures exhibited an increasing trend. However, during the
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2030s in the RCP 4.5scenario, most of the seasonal and annual maximum and minimum
temperatures of the RCM of the MPI-ESM-LR, CNRM-CMS5, and EC-EARTH showed a
significantly increasing trend at 1% and 5% levels of confidence. On a seasonal basis, during the
2030s in the RCP4.5, climate model of CNRM-CMS5 (in MAM, JJA, and SON), EC-EARTH (in
DJF, MAM, JJA, and SON), MPI-ESM-LR (in MAM, SON, and JJA), and MIROCS (in DJF and
JJA) seasons showed statistically significant increasing trend at 1% and 5% level of confidence.
Similarly, the annual and seasonal ensemble means of minimum and maximum temperatures
during the 2030s and 2060s in RCP4.5 emission showed a significant increasing trend at the 1%

and 5% levels of confidence.

Table 6 displays projected temperature trends for RCP8.5 in the 2030s and 2060s for all RCM
models. The trend results show that there is an increasing trend in seasonal, annual, and ensemble
mean minimum and maximum temperatures. Specifically, most of the seasons in the CNRM-CM5
and EC-EARTH models show a significant increase in seasonal temperatures at 1% and 5%
confidence levels. Additionally, the ensemble mean of maximum and minimum temperatures in
the 2030s and 2060s, as well as the MPI-ESM-LR and MIROCS5 models in the 2060s under
RCP8.5, exhibit statistically significant trends at both 1% and 5% confidence levels.

The Sen’s slope of seasonal and annual temperature in the future periods under both the RCPs
emission scenarios are summarized in Table 5 and Table 6. Accordingly, during 2030s and 2060s
in both RCPs, the annual, seasonal and an ensemble mean of the slope of change of minimum
temperature was higher than the slope of change of the annual, seasonal and an ensemble mean
maximum temperature in most of RCMs model. The rate of slope change in minimum temperature
during the 2030s and 2060s forecast period varies from 0.004°C to 0.059°C per annual, whereas
in case of maximum temperature, the rate of slope changes varies from -0.007°C to 0.61°C per
annual. On the other hand, the rate of slope of change varies from 0.003 to 0.071°C for minimum
temperature and from 0.004°C to 0.096°C for the maximum temperature in the 2030s and 2060s
of the RCP8.5 emission scenario. This finding is in line with a study by Takele et al. (2022) in the
Upper Blue Nile basin and Worku et al. (2021) in the Jemma sub-basin. They found out that, in
the near and long term of 21st century most of the evaluated RCM models showed statistically
significant increasing trend of maximum and minimum temperature at 1% and 5% significance

level. In addition, they discovered that the rate of slope change in the minimum temperature is
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higher than that of maximum temperature. According to the IPCC report, anthropogenic forcing
are likely to have contributed significantly to surface temperature increases across all continents

(IPCC., 2014).

In general, the observed potential increase in maximum and minimum temperature in the 2030s
and 2060s in the two RCP scenarios during the MAM, JJA, and SON seasons may result in dryer
conditions at the start of the rainy season, increasing the rate of evapotranspiration and delaying
the onset of rainy seasons in the area. This has a significant impact on rainfed agriculture practices,
particularly for crops with longer growing seasons. Furthermore, due to decreased water supply
and increased water demands, irrigation water requirements are likely to increase, potentially
reducing crop yield. Future temperature increases in the study watershed could have an impact on

the hydrologic cycle, water resource system, hydropower, and water use.
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604

605  Table 5. Summary of trends in seasonal and annual projected maximum and minimum temperature under RCP4.5.

DIF MAM TIA SON Annual
GEM-REM - RCP4.5 Parameters o S min (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C)
2030, P-Value 0457 0.087 _ 0.087 0.008%%  0.02* 0.0007** 0214 0.001¥* 0.007%* <0.0001*
CNRM-CM5 Sen'sslope 0008  0.028 0031 0019 004 0027 0014 002 0023  0.027
(CCLM) Jogos P-Value 0.037*  0.101  0.166  0.101  0.888 0058  0.101 0242  0.026* 0.012*
Sem'sslope 0028  0.023 0036 0021  -0004 002 0034 0009 0024 0016
J030s P-Value 0288  0.0001%* 0.024*  0.016*  0.094 0.0001** 0832  0.019%  0.009  0.0003%*
EC-EARTH Sen'sslope 0015  0.046 0045 0019 0019 0029 0003 0017 002 0023
(RACMO22T) _ P-Value 0.646  0.004%* 0832 0272 0416 0256 0069 0081 0054  0.006%*
Sen'sslope 0009  0.035  -0.005 0007 0013 0.0l 0024 0008 0016 0017
2o30s P-Value 0.041*  0.117 0805 0724 0081  0.012* 0548 0189 0480  0.075
MIROCS Sen'sslope  0.028  0.059  -0.007  0.006  0.036 0024 0.0l 0022 0009 0.3
(RCA4) Jogee P-Value 0087 0256  0.888 0646 0750 0.117 0166 0256  0.166  0.135
Sen'sslope  0.026  0.028 0001 0006 0007 0018 0023 002 0017  0.022
2o30s P-Value 0069 0075  0.035%  0.03*  0.177  0.029% 0.004** 0135  0.004%% 0.0065**
MPI-ESM-LR Sem'sslope  0.027  0.031 0041 0046  0.035 0029 0061 0022 0045  0.024
(CCLM) Jogee P-Value 0.646 0087 0339 0075 0457 0724 0502 0214 0972  0.069
Sem'sslope  0.009  0.023 0017 0017 0019 0004 0014 0015 00008 0.016
Joz0e PValue  0.0037+% 0.00045%* 0.0084** 0.0073%% 0.037% <0.0001%* 0.0042%% 0.0004** 0.0073** 0.00068**
Ensemble Sen's slope 0.021 0.043 0033 0020 0021 0023 0027 0019 0018 0019
Mean Jogoe PValue  0.00043*% 0.001%% 0304  0.02¢ 0860  0.016%  0.011% 0.026%* 0.024%  0.019%

Sen's slope 0.023 0.030 0.014 0.014 0.002 0.015 0.021 0.013 0.014 0.016

606

607 DIJF is from December to February, MAM is from March to May, JJA is from June to August, and SON is from September to November; ** and * show significance
608 at a =0.01 and 0.05, respectively
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609  Table 6. Summary of trends in seasonal and annual projected maximum and minimum temperature under RCP8.5.

DJF MAM JJA SON Annual
Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C) Tmax(°C) Tmin (°C)
P-Value 0.004** 0.049* 0.001** 0.022*%  0.0002%* 0.0002%* 0.0075** <0.0001** 0.0013%* 0.0017**

GCM-RCM RCP-8.5 Parameters

CNRM-CM5 2030s Sen's slope 0.031 0.036 0.063 0.024 0.021 0.034 0.043 0.031 0.037 0.033
(CCLM) 2060s P-Value 0.0003** 0.0037**  0.012* <0.0001**<0.0001**<0.0001%** 0.008**  0.0003** <0.0001%** <0.0001**
Sen's slope 0.051 0.06 0.053 0.066 0.049 0.061 0.033 0.031 0.061 0.071
EC-EARTH 2030s P-Value 0.109 0.0005%*  0.0002%* <0.0001** 0.0047** <0.0001** 0.0075%* <0.0001** <0.0004** <0.0001**
(RACMO22T) Sen's slope 0.026 0.049 0.036 0.042 0.04 0.051 0.041 0.045 0.042 0.030
2060s P-Value 0.081 <0.0001*%* 0.016* <0.0001** 0.0003** <0.0001*%* 0.109 <0.0001%** <0.0001** <0.0001%**
Sen's slope 0.032 0.056 0.047 0.054 0.06 0.056 0.03 0.041 0.041 0.05
20308 P-Value 0.024* 0.054 0.621 0.256 0.321 0.018% 0.081 0.832 0.075 0.038*
MIROCS Sen's slope 0.033 0.054 0.004 0.016 0.022 0.028 0.023 0.003 0.02 0.03
(RCA4) 2060s P-Value 0.0002** 0.012* 0.101 0.01%* 0.155 0.069 0.038* 0.77 0.0006%*  0.0008**
Sen's slope 0.059 0.054 0.028 0.029 0.031 0.016 0.04 0.070 0.041 0.039
2030s P-Value 0.0053**  0.004** 0.256 0.081 0.457 0.201 0.026% 0.008** 0.013% 0.016%
MPI-ESM-LR Sen's slope 0.032 0.053 0.021 0.028 0.010 0.01 0.039 0.026 0.026 0.023
(CCLM) 2060s P-Value 0.0023**  0.0002%* <0.0001 0.0003%% 0.28 0.028%  0.0075** <0.0001%** 0.0032%* <0.0001%**
Sen's slope 0.049 0.06 0.096 0.064 0.033 0.030 0.05 0.065 0.029 0.056
2030s P-Value <0.0001%* <0.0001%* <0.0001** <0.0001%**< 0.0001**< 0.0001** < 0.0001** 0.0001** <0.0001** <0.0001%*
Ensemble Sen's slope 0.028 0.050 0.034 0.035 0.041 0.046 0.035 0.021 0.03 0.034
Mean 2060s P-Value <0.0001** <0.0001%** <0.0001** < 0.0001** 0.0006%* <0.0001%** 0.0001** <0.0012*%* <0.0001%** <0.0001**

Sen's slope 0.049 0.063 0.048 0.053 0.037 0.037 0.04 0.018 0.037 0.046

610
611 DIJF is from December to February, MAM is from March to May, JJA is from June to August, and SON is from September to November; ** and * show significance

612 at a =0.01 and 0.05, respectively
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3.6. Climate change impact on the hydrological processes

To forecast the potential impacts of climate change on the hydrological components under RCP4.5
and RCP8.5 scenarios, future rainfall and temperature in the 2030s (2021-2050) and 2060s (2051—
2080) periods and a previously calibrated and validated SWAT model, were used. The simulated
hydrological response of the base period (1987-2016) and the future periods (2030s and 2060s)

were then compared to evaluate the change in the watershed's future hydrological components.

The result of the impact of future climate change on the hydrological components based on the
simulated precipitation, total water yield, surface runoff, ET, groundwater flow, and lateral flow
of the SWAT models is presented in Table 7. The result displayed that, during 2030s and 2060s
under RCP 4.5 and RCP 8.5 scenario, the surface runoff changes from -33.47% to 24.47% and -
39.3% to 5.29%, respectively. The highest increment of surface runoff, which is 24.47%, was
observed during 2060s under RCP4.5 scenario. In contrast, the highest reduction of surface runoff,
which is 39.03% was observed during 2030s under RCP8.5 scenario. The climate model of MPI-
ESM-LR and CNRM-CMS5 showed the highest negative and positive change in surface runoff,
respectively. In addition to this, Table 7 showed that, except for the CNRM-CM climate model,

all the models show a likely decrease in surface runoff in the future periods in both RCP scenarios.

Furthermore, the analysis results indicate that, under the two Representative Concentration
Pathways (RCPs), the anticipated hydrological components, specifically surface runoff, water
yield, lateral flow, and groundwater flow, are expected to experience significant decreases in the
2030s and 2060s. The projected reductions are estimated to reach up to 39.3%, 39.8%, 40.08%,
and 50.06%, respectively, in comparison to the 1987-2016 base period for all climate models
except the CNRM-CMS5. Under CNRM -CMS5 model, annual runoff, total water yield, ground
waterflow, lateral flow, and are likely to increase by up to 24.47%, 28.56%, 27.98%, and 23.26%,
respectively. However, during the 2030s and 2060s under the two RCPs, the annual ET may
increase across the basin in all climate model. The rise in ET is triggered mainly by a consistent
rise in temperature. The expected change in increase of annual ET varies from 0.94% to 8.11% in
all scenarios. The reduction or increase of future annual total water yield, runoff, lateral, and
ground waterflow associated with the decrease or increase of future periods simulated precipitation
in the study basin. For instance, a 2.88% increase in mean annal rainfall during 2030s under

RCP4.5 scenario resulted in an increasing surface runoff, ground waterflow, lateral flow, and total
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water yield by 8.78%, 4.32%, 7.67%, and 9.17% for the CNRM-CMS5 model. On the other hand,
a 15.8% reduction of annual average rainfall during 2060s under RCP8.5 for MIRCOS models
will lead to 31.89%, 27.68%, 40.59%, and 29.37% reduction of total water yield, runoff, ground
waterflow, and lateral flow, respectively. This study's findings are consistent with those of other
studies conducted in Ethiopia (Daniel & Abate, 2022; Merga et al., 2022; Takele et al., 2022;
Worku et al., 2021). For example, a study conducted by Worku et al. (2021) in the Jemma sub-
basin, Ethiopia, showed that under RCP4.5 and RCP8.5 scenarios, the impact of climate change
may result in reduced runoff, water yield, groundwater, lateral flow, and an increase in

evapotranspiration during the near- and long-term (2021-2050 and 2071-2100) periods.

In general, decreasing surface water under the scenarios will have a significant impact on
agricultural activities. Reductions in rainfall along with increasing temperatures are expected to
have a significant effect on the main economic sectors, such as agriculture and water resource
sectors, of the study watershed. Moreover, the dominant rain-fed, non-input-intensive way of
agricultural practices, together with the economic dependency of most people's livelihoods on
agriculture production, make the area susceptible to climate change and variability (MoWE,
2007b; Shigute et al., 2023) If extreme weather events and the effects of climate change continue
in the future, subsistence and smallholder farmers' vulnerability may worsen, triggering further

economic loss (Miheretu, 2020).
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666

667  Table 7. Baseline and future climate models’ mean annual water balance components under RCP4.5 and RCPS.5.

RCP Period PRECIPmm % Change ETmm % Change SURQmm % Change GW_Qmm % Change LAT Qmm % Change WYLDmm % Change

GCM-RCM _
Baseline 1987-2016 1060.25 676.76 159.03 141.31 37.92 339.63
RCpas 2030s 109074 288  683.13 094  173.00  8.78 14742 432 40.83 7.67 370.77 9.17
CNRM.CM5 2060s  1164.48 9.83 69226 229 19795 2447  180.85  27.98 46.74 2326 436.63  28.56
(CCLM) 2030s  1089.72 2.78 69844 320 16744 529 148.21 4.88 40.42 6.58 365.37 7.58
RCP8.5  2060s  1049.61 2100 70695 446 15647  -1.61 133.66  -5.42 37.28 2170 33615 -1.03
RCpas 2030s 100141 555 698.05 315  147.14 748 11695 -1724 3156  -16.78  301.88  -11.12
EC.EARTH 2060s 988.26 679 700.59 352 14265 -10.30  107.89 2365 2983  -21.34  286.08  -15.77
(RACMO22T) 2030s 991.32 -6.50 70286 386 14635  -7.97 11340  -19.75 3115 -17.86  297.64  -12.36
RCP8.5  2060s  1019.60  -3.83  708.63  4.71 150.13  -5.60  123.82  -1238  31.99  -15.64  313.16  -7.80
RCpas 2030 91547  -13.66  695.19 272 119.16 -25.07 9535  -32.53 2735  -27.88 24807  -26.96
MIROCS 2060s 92387  -12.86 71679 592  125.89 -20.84 9278  -3434  27.17 2836 25199  -25.80
(RCA4) 2030s 946.86  -10.69 70687 445 12490 -21.46  107.19  -24.15 2814 2581  267.16  -21.34
RCP8.5 20605 89247  -1582 72640 733 11501 -27.68 8395  -40.59 2679  -2937 23133  -31.89
Repas  2030s 102619 321 70316 390 15162 466 12480  -11.69 3361 1137 31832 -6.27
MPI-ESM-LR 2060s 881.71 -16.84  717.53  6.02 10581 -33.47 7671  -45.72 2685  -2920 21486  -36.74
(CCLM) o b5 2030s 877.02  -17.28 71029 495 96.53  -3930  70.57  -50.06 2273  -40.08 20447  -39.80
668 2060s 956.51 978 73162 8.1 12875  -19.04  104.16 2629  30.06  -20.73 27857  -17.98

669 PRECIPmm, Precipitation in millimeter; ETmm, Evapotranspiration in millimeter; SURQmm, Surface runoff in millimeter; GW_Qmm, Ground waterflow in
670 millimeter; LAT Qmm, Lateral flow in millimeter; WYLDmm, Total water yield in millimeter.
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5F 0
_ 0 = B
5 g = 2160 _
SE 10 w0 E 22 100 g
T 120 200 ¢ Eg 120 200 F
g . z = 300 -2
% &0 0 F Ez 80 2
EE 0 = EE 400 E
1K S R TN r T E
g% 0 600 E 9255-'2 0 -‘_-J_n‘_l I II_' ll IL 600 g
S Jan Fecb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
z ¢) RCP4.5-2030s-EC-EARTH E d) RCP4.5-2060s-EC-EARTH
£
=1 ® 2 e ! F
E ]
= 100 o § ¥ _ 100 £
§ Elzo 200 £ § g 120 200 §
= =] = =}
2o e gL w0 5
=8 400 £ BE a0 &
- WRTET P R
- ol '_| Lu LI ! ._l : 600 e 0 600
2 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec z Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dee
7 e) RCP4.5-2030s-MIROC5 T f) RCP4.5-2060s-MIROCS5
£ £
= 0 - % _
2160 oo E & _160 E
- T 5% 1
ZE 120 2005 ZE120 g
& E Ze E
EERR 3007e ET g0 g
=5 400L  FTE £
£ % i I 500 £ 40
-]
3:2 0 Lot oo ule Ill li Ii Ii l.l li -kl o0 2
£ Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec = Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
7 g) RCP4.5-2030s-MPI-ESM-LR 2 h) RCP4.5-2060s-MPI-ESM-LR
g 0 £
‘3: 160 1 160 _
] _ 2 g
- g - 120 g
=120 200 — 2
5% $  EE E
= Esg0 £ SE w0 g
sk 400% Sk Z
1, L, 2 :
- 5 =
EF o L .l | ATFrFR sk E° o i
%J Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec = Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
<
] =
5 5
& . & w Baseline-SURQmm 2060s-SURQmm
e Baseline-SURQmm 2030s-SURQmm .
s Bascline- WYLDmm s 2030s- WY LDmm === Bascline- WYL Dmm = 2060s- WYL Dmn
s Baseline-PRECIPmm s 2030s-PRECIPmm s Bascline-PRECIPmm s 2060s-PRECIPmm
== Basclinc-ETmm == 2030s-ETmm —s—Bascline-ETmm —+—2060s-ETmm

Fig. 6. Represent the average monthly simulated precipitation, evapotranspiration, surface runoff,
and water yield for different climate models and time periods (2030s and 2060s) under RCP4.5
scenario. Models include CNRM-CMS5, EC-EARTH, MIROCS, and MPI-ESM-LR.

The simulated mean monthly hydrological components of the baseline and the future climate
model under the two RCPs during 2030s and 2060s in the Fig. 6 and 7 a-h shows that highest value
of average monthly water yield, runoff, and ET were observed during the spring (MAM) and
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autumn (SON) seasons. Furthermore, except the CNRM-CMS5 model, during 2030s and 2060s
under RCP4.5, the climate models EC-EARTH, MIROCS, and MPI-ESM-LR showed likely
reduction of water yield and surface runoff in most months from April to October (Fig. 6 c-h).
Similarly, Fig. 7 (a - h) during the future period under RCP8.5, in most month from April to
September for EC-EARTH, March to September for MIROCS, and March to October for MPI-
ESM-LR climate models reduction of water yield and surface runoff is anticipated. During the
future time (2030s and 2060s) under the two RCP, from March to August up to 68% runoff and
57% water yield reduction expected for EC-EARTH model. Similarly, for MIROCS up to 62% of
water yield and 88% surface runoff and for MPI-ESM-LR up to 72% of water yield and 86%
surface runoff reduction is anticipated. The result for MPI-ESM-LR, MIROCS, and EC-EARTH
models also showed that the simulated rainfall in most months from March to October, is likely to
be reduced during the 2030s and 2060s under the two emission scenarios. In contrast to other
hydrological parameters such as runoff, water yield, groundwater flow, and lateral flow,
evapotranspiration is expected to increase in all climate models during most months in the 2030s
and 2060s under the two emission scenarios. This is due to an increasing future temperature in all
climate models. The likely reduction of total water yield and runoff in the future period may be
due to reduction of rainfall, increasing of temperature and increasing of evapotranspiration in the
study basin. Different research in different parts of Ethiopia stated that reduction of hydrological
parameters mainly total water yield, surface runoff, and ground waterflow linked with an
increasing of evapotranspiration and temperature and reduction of rainfall (Daniel & Abate, 2022;

Takele et al., 2022; Tessema et al., 2021; Worku et al., 2021).
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702
703  Fig. 7. Shows mean monthly simulated precipitation, surface runoff, water yield and

704  evapotranspiration for different climate models (i.e., CNRM-CMS5, EC-EARTH, MIROCS, and
705  MPI-ESM-LR) and time periods (2030s and 2060s) under RCP8.5 scenario.
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Overall, the impact of climate change due to an increasing temperature and a reduction of rainfall
that is likely to occur in the future time under the RCP4.5 and RCP8.5 scenarios significantly affect
the water resource of the upper Genale River basin. The likely reduction of runoff, ground
waterflow, lateral flow, and total water yield as well as an increase of ET in the study basin may
result in a water stress. Water stress, especially due to the reduction of total water yield, runoff,
and groundwater flow during the rainy season may cause extensive impact on water supply for
domestic and livestock, agricultural activities, and ecosystem service in the study basin. A change
in rainfall and temperature could have significantly reduced agricultural yield and, in the worst
cases, causes complete crop failure, leading to famine and deaths of both humans and animal
(Shigute et al., 2023). Therefore, to deal with the expected negative effects of climate change on
agricultural development and other sectors due to future warming of temperature and decrease of
rainfall amount and distribution, it is essential to design and implement watershed management
practices, develop management and adaptation measure, and water allocation system in the study

basin.
Summary and conclusion

Climate change affects the water resource of the river basin. To assess the likely impacts of climate
change on the hydrological components and water resource potential of the upper Genale River
basin during 2030s and 2060s under RCP4.5 and RCP8.5, bias corrected future temperature and
precipitation data from CORDEX Africa RCMs (EC-EARTH, CNRM-CM5, MIROCS, and MPI-
ESM-LR) were applied in to calibrated SWAT model.

The result shows that except for the CNRM-CMS5 climate model, the predicted climate shows a
rise in temperature and a decrease in rainfall in all future times (in the 2030s and 2060s) under the
two RCPs. The change in future temperature and rainfall in comparison with the baseline period
could significantly affect the hydrological components. Under both RCPs, rising temperatures and
decreasing precipitation during the 2030s and 2060s are projected to significantly reduce the
annual hydrological components of the entire study basin. Total water yield, runoff, ground
waterflow, and lateral flow are all expected to decline within a range of 1.03% to 39.8%, 1.61%
to 39%, 5.42% to 50%, and 1.7% to 40.1%, respectively. However, evapotranspiration is projected
to increase significantly in these future scenarios. The observed change in hydrological parameters

such as reduction of water yield, runoff, lateral flow, ground waterflow flow as well as a rise in
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evapotranspiration in the study watershed evidently associated with the future change in
temperature and rainfall. The reduction of water resources, especially during the rainy seasons can

cause extensive impact on agriculture and ecosystem service of the basin.

The declining of runoff, total water yield, and ground waterflow along with an increasing
evapotranspiration due to future impact of climate change has boarder implication for developing
and managing water resource. In this regard, designing and implementing water resource
management strategies is indispensable for minimizing the potential impact of climate change on
water resources in the study basin. To develop an efficient and long-lasting water resource
management strategy in the watershed, it is critical to incorporate projected and simulated climate
and hydrologic variables into adaptation decision analysis. In line with this, it is crucial to
implement policies and strategies that enhance the water resource systems in the study basin in
order to increase the capacity for dealing with the anticipated impact of climate change and
variability on hydrological variables. An increase in climate change related research and designing
and implementing effective water resource management strategies to provide optimal benefits to
adapt and mitigate the impact of climate change and maintaining the water resources availability,

would be one approach.

As a result, the current research has provided valuable insight into the expected rainfall and
temperature trends, as well as the future impact of climate change on hydrological elements in the
study basin, which is essential for managing water resources and maintaining sustainable
agricultural production. As a result, the results of this study contribute to a better understanding of
the available water resource potential, as well as to water resource planning, management, and
development for current and future development projects in the study basin. Moreover, the study's
findings and methodology can be used to develop guidelines for other regions and the Genale
Dawa River basin in the future. To further enhance the results, we propose additional research in
the study watershed that provides more detailed and accurate information for modeling work that
takes into account high-quality climatic data, different climate models as well as different bias
correction approaches, the use of different hydrologic models, and the combined effect of

socioeconomic, climate, and land use change in the study watershed.
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