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A B S T R A C T

Evapotranspiration is one of the determinant components of the hydrological process, highly influenced by
climate change due to the increase in atmospheric temperature at global and regional scales. This study was
designed to evaluate the extent to which climate change affects the Potential Evapotranspiration (PET) and the
consequent Aridity Index (AI) in the high-emission scenario of Representative Concentration Pathways (RCPs) in
the Gilgel Abay, Ribb, Gumara, and Megech watersheds using six Global Climate Models in the 2011–2040,
2041–2070, and 2071–2100 relative to the 1971–2000 (baseline period). The average PET is simulated using the
Soil Water Assessment Tool (SWAT) model. Penman-Monteith and Hargreaves methods were used in the
computation of PET using the water balance technique, and the Hargreaves method was found more efficient in
calibration and validation processes. The Aridity Index (AI) of watersheds is calculated using the ratio of pre-
cipitation and potential evapotranspiration. The study revealed that the change in annual average PET is showing
an increasing pattern in the three time periods, and the highest rate of changes in Megech, Gilgel Abay, Ribb, and
Gumara, watersheds are 16.66%, 15.53%, 14.68%, and 13.46%, respectively in the 2071–2100 time period.
Seasonally, the highest rate of change in PET is 20.37% (September), 19.29% (April), 17.46% (March), and
17.02% (March) in the Megech, Gilgel Abay, Ribb, and Gumara, respectively. Similarly, the seasonal highest
change in Aridity Index (AI) is also likely to be observed in the 2071–2100 in which in the dry season, it accounts
–0.303 (March), –0.299 (March), –0.285 (April), and –0.276 (April) in the Ribb, Gumara, Gilgel Abay, and
Megech, respectively, whereas in the rainy season, the change is 0.263, 0.258, 0.238, and 0.211 in the Gilgel
Abay, Gumara, Ribb, and Megech, respectively. In general, due to the rising atmospheric temperature, the
amount of moisture during dry seasons in the headwater catchments of the upper Blue Nile basin is expected to
deplete in the 21st century. Therefore, it is highly recommended to use different climate change adaptation
mechanisms including adopting suitable physical and biological water conservation techniques to enhance the
amount of water stored in the subsurface and joining the groundwater during the rainy season.

1. Introduction

Climate change is currently one of the most important global prob-
lems, disturbing the societal socio-economic, and environmental situa-
tions (Fulco et al, 2007). The impact of climate change becomes more
visible in water resources, affecting the distribution and allocation in
spatial and temporal aspects globally, making water scarcity a very
serious global problem (Sun et al., 2008). The larger responsible driving

factors for the change in climate at global and regional levels are
anthropogenic activities, resulting in the emission of Greenhouse Gases
(GHGs) (Henderson & Reinert, 2016). The future climate change is
projected based on the possible continuing greenhouse gas emissions,
land use change, and air pollutant emissions in the 21st century (IPCC,
2014).

Evapotranspiration (ET) is one of the important components of the
hydrological cycle which can potentially be altered by climate change.
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The term represents the combination of the two words evaporation and
transpiration. The former implies the process by which water is moving
directly from the land surface (soil, water bodies, and canopies) to the
air, whereas the latter refers to the movement of water from the soil,
through roots and vegetation bodies, on leaves, and then into the air.
Potential Evapotranspiration (PET) is the maximum amount of water
that can be lost by evapotranspiration if sufficient water is available,
influenced by temperature, humidity, sunlight, and wind (Allen et al.,
1998). The assessment of the PET or reference evapotranspiration (ETo)
is very important for various hydro-climatic applications including
designing and management of irrigation projects, water balance studies,
and assessment of droughts and aridity index classification (Wang &
Dickinson, 2012) (McMahon et al., 2013) (Weiß & Menzel, 2008). In
recent years, it is well verified that climate change has become a major
driving factor for the loss of water through evapotranspiration (Qu &
Zhuang, 2019) (G. G. Haile & Tang, 2020) and increasing aridity on
regional and global scales.

Aridity is a climatic phenomenon that refers to the long-term per-
sisting climatic condition over a region (Agnew, 1991), expressed in
terms of the Aridity Index which is defined by the ratio of total annual
precipitation to potential evapotranspiration (Huang et al., 2016). Even
though the changes in temperature and precipitation are considered as
the two main indicators of climate change, AI is more important to
understand the change in climate in terms of the bioclimatic condition
(Moral et al., 2017). Due to the consistent rising temperature and
declining water availability, it is indicated that aridity will increase over
the 21st century in different parts of the world (Marvel et al., 2019)
(Park et al., 2018) (Lin et al., 2018) (Fu et al., 2016) (Dai, 2013). Thus, it
significantly alters the natural and human systems (Corlett, 2020), and
once the aridity or dryness of a particular region increases beyond a
certain level, it will be very tough to restore it (Adnan & Haider, 2012).

Though it is well known that climate change is significantly affecting
global water availability (IPCC, 2022a), regionally, the distinct impacts
of climate change on evapotranspiration should be quantified and pro-
jected to assess the dynamics of moisture availability. This consideration
will enhance our understanding of its impact on water resources and
ecosystem services in general (Allen et al., 2011) in large river basins
and small-scale catchments. Numerous researches have revealed that
climate change has been affecting the evapotranspiration condition of
river basins in tropical regions. For instance, the rate of change in
evapotranspiration is expected to rise by up to 4.8 % in the Tapajós Basin
in the Brazilian Amazon (Farinosi et al., 2019), 12.7 % in the Sub-
arnarekha basin in tropical India under RCP 8.5 scenario. In the Ethio-
pian context, the availability of water is projected to be prominently
altered by climate change through the loss of much water by the
evapotranspiration process in the upper Blue Nile basin (A. T. Haile
et al., 2017) (Taye et al., 2018), Tekeze basin (Gebremeskel & Kebede,
2018), and Gilgel Gibe basin (Alemayehu et al., 2023).

Most importantly, the rate of change in PET and rainfall under the
change in climate in the upper Blue Nile basin is well studied and the
overall results showed that there is a consistent increment of PET in
various watersheds, whereas, the rate of change in rainfall is highly
fluctuating in temporal and spatial patterns under different emission
scenarios (G. G. Chakilu et al., 2020) (Worqlul et al., 2018) (Kim &
Kaluarachchi, 2009) (G. G. Chakilu et al., 2023). According to (Mengistu
et al., 2021), PET is expected to increase up to 27 % by the end of the
21st century under the RCP 8.5 scenario, whereas, rainfall is likely to
decline up to 19 % under the same scenario in the upper Blue Nile basin.
On the other hand, a study by (G. G. Chakilu et al., 2022a) indicated that
the rate of change in rainfall is projected to rise up to 27 % in the rainy
season and decrease up to 19 % in the dry season at the end of 21st
century in the same basin and under the same emission scenario. Simi-
larly, (Bekele et al., 2021) reported that rainfall is expected to decline by
up to 21 %, and rise in PET by up to 7 % in the mid-21st century under
the RCP 8.5 scenario.

The result of all the above studies clearly showed the consistent rise

of PET due to increasing temperature, and seasonal fluctuation of rain-
fall with a decline in the dry season. Most of these results are used to
evaluate the impact of climate change on stream flow of watersheds in
the Upper Blue Nile basin. However, the consequent impact of the
consistent and long-term increase of PET on the declining land moisture
availability, or level of seasonal aridity in the entire area of watersheds
especially in the dry season, has not been investigated in the basin. Thus,
the objectives of this study are: 1) to assess the rate of change in pre-
cipitation (rainfall); 2) to evaluate the rate of change in potential
evapotranspiration; and 3) to calculate the level of seasonal aridity or
dryness in terms of Aridity Index (AI) in the headwater catchments of the
Upper Blue Nile basin. For this investigation, the study focused on using
the RCP8.5 scenario because the projected temperature and the subse-
quent PET in global and regional contexts are rising prominently under
this scenario compared to other RCPs. Hence, it is always good to
consider the worst-case scenario in the investigation for planning
watershed development and management practices and applying
different climate change adaptation and resilience mechanisms in the
basin. However, the authors suggested that researchers should consider
the Shared Socio-Economic Pathway (SSP5-8.5) in CMIP6 climate
models in similar future studies because the degree of increase in tem-
perature and PET under this pathway is higher than RCP8.5.

2. Methods and materials

2.1. Study area description

This study was conducted in the headwater catchments of the upper
Blue Nile basin, Ethiopia namely: Megech, Gilgel Abay, Ribb, and
Gumara watersheds (Fig. 1). The investigated watersheds are the sub-
watersheds of the Lake Tana sub-basin which is the head and major
source of the Blue Nile basin, geographically located between 10.95◦

and 12.78◦ N and 36.89◦ and 38.25◦ E. More than 93 % of water of the
Lake Tana which is the largest lake in Ethiopia is collected from these
four watersheds (Setegn, 2010). The general geophysical characteristics
of the watersheds are presented in Table 1.

2.2. Hydro-climate data processing

Climate variables that are mainly used in this study are rainfall,
maximum temperature (Tmax), and minimum temperature (Tmin). These
climate variables with different spanning periods were obtained from
Ethiopia’s National Meteorological Agency (NMA). Even though, there
are more stations in the region, only 14 meteorological stations were
considered in the investigated watersheds because of lack of sufficient
years of data (Table 2). Due to this, some of the stations were commonly
used for two adjacent watersheds in the simulation process. Stations
which are having a better spanning period of observed data were used
for the bias correction process of projected climate variables and eval-
uation of the efficiency of investigated climate models. The missing
values of climate variables were replaced by the average values of data
of the nearest weather stations on the corresponding date (Te Chow
et al., 1988) for bias correction purposes. However, for the period, used
for the SWAT model were replaced by the model itself.

Six climate models including CSIRO-Mk3-6–0, HadGEM2-ES, EC-
EARTH, CanESM2, NORESM1-M, and CNRM-CM5 were used in climate
data projection under the Coupled Model Inter-comparison Project
Phase 5 (CMIP5) (Table 3). Earth System Grid Federation (ESGF) was
used as a data source, accessed at https://esgf-node.llnl.gov/projects/e
sgf-llnl/ website. Except for HadGEM2-ES, the other five climate
models were selected based on their Equilibrium Climate Sensitivity
(ECS) values which are within the recommended range value (1.5 to
4.5 ◦C) in CMIP5 (Meehl et al., 2020) (Wyser et al., 2020), whereas
HadGEM2-ES was selected because of its good performance in the pro-
jection of surface temperature and precipitation in other previous
studies (Kattsov et al., 2013) (Bhattacharjee & Zaitchik, 2015).
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The raw observed streamflow data of watersheds was obtained from
the MoWE and processed before being used in the SWAT model
simulation.

2.3. Geophysical data collection and processing

The geophysical data such as soil, land use/cover, and slope were
required to define and analyze of Hydrological Response Unit (HRU) in
the simulation process of streamflow in the SWAT model. Soil data was
obtained from the global digital soil map (FAO-UNESCO, 2007) with a
1:5000000 scale, whereas the land use was taken from Ethiopian MoWE.
The slope of watersheds was generated from SRTM Digital Elevation
Model (DEM) data with 30 m*30 m resolution, accessed from the United
States Geological Survey (USGS). These geospatial data were processed
using ArcGIS10.4 software based on the compatibility of the SWAT
model.

2.4. Correction of errors in climate model outputs

The projected future climate data were corrected using the historical
30 years (1971–2000) of observed and model output data of climate
variables. Mostly, the biases between the projected and observed climate
data are created because of the spatial resolution factors of climate
models and topographical differences. Therefore, minimizing the great
variation and maintaining the consistency and reliability of the future
projected time series data is highly important for climate change anal-
ysis and impact studies. For this purpose, various statistical methods are
being applied especially in future rainfall and temperature projections in

various climate studies. In this study, the power transformation method
was used for the correction of errors in rainfall climate model outputs,
whereas both the Tmax and Tmin model outputs were corrected by the
variance scaling method using CMhyd software (Rathjens et al., 2016).
These two bias correction methods are selected based on the level of
consistency of results in frequency-based statistics in previous studies
(Teutschbein& Seibert, 2012) (Fang et al., 2015). Therefore, the amount
of rainfall R in each day is transformed into a corrected R* by using
Equation (1) as follows:

R* = aRb (1)

The value of “a” and “b” are determined iteratively.
The corrected daily temperature (Tcorr) for both Tmax and Tmin was

obtained by using Equation (2):

Tcorr = Tobs+
σ(Tobs)
σ
(
Tgcm

)
(
Tgcm − Tgcm

)
(2)

Where Tgcm is the uncorrected daily projected historical Tmax and Tmin;
Tobs stands for observed daily Tmax and Tmin; the symbols “σ” and “‾”
represent the mean and standard deviation of values, respectively.

2.5. Estimation of potential evapotranspiration

The PET of watersheds is simulated by the Soil Water Assessment
Tool (SWAT) model using energy balance and temperature-based
methods. Even though there are many PET estimation methods, the
SWAT model supports only three methods. In the temperature-based

Fig. 1. Location map of the study area.

G. Gismu Chakilu et al.
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method, only the Hargreaves method is used, whereas in the energy
balance method, Penman-Monteith and Priestley Tylor estimation
methods are supported in the SWAT model. Therefore, for this study,
Penman-Monteith which is commonly used in the energy balance
method was used in this study, whereas, in the temperature–based
method, Hargreaves method was used in the PET simulation process.

The result of these two methods was compared based on their perfor-
mance in the simulation of stream flow by the SWAT model, and the
best-fit method was selected and used in change analysis in PET and
aridity index. PET in the Penman-Monteith method is calculated by
equation (3).

ETO =
0.408Δ(Rn − G) + γ 900

T+273u2(es − ea)
Δ + γ(1+ 0.34u2)

(3)

Where ETo = reference evapotranspiration (mm/day); Δ= slope of the
vapor pressure curve (kPa/◦C); γ = psychrometric constant (kPa/◦C);
Rn = net radiation at the crop surface (MJ/m2/d); G=soil heat flux
density (MJ/m2/d); T=mean daily air temperature at 2 m height (◦C);
u2 = wind speed at 2 m height (m/s); es = saturation vapor pressure
(kPa); ea = actual vapor pressure (kPa); es–ea = saturation vapor pres-
sure deficit (kPa). The net radiation (Rn) is calculated by the following
formula equation (4).

Rn =
(
(1 − albo)

(
0.25+ 0.5

n
N

)
Ra

)
−
(
0.9

n
N
+0.1

)
(0.34

− 0.14
̅̅̅̅̅
ed

√
)σ(T + 273.2)4

(4)

Where albo = albedo, a measure of surface reflectivity; n = sunshine
hours per day (h); N=total length of the day (h); Ra = extraterrestrial
radiation (MJ/m2/day); ed = vapor pressure (kPa); σ = Stefan-Boltz-
mann constant (4.903*10-9MJ m-2oK− 4 day-l); T=mean air temperature
(oC).

The study area does not have adequate meteorological stations, and
even the existing stations have not long-term meteorology data, most
importantly stations have limitations in providing data for some climate
variables like humidity, solar radiation, and wind speed. The weather
generator was developed using Climate Forecast System Reanalysis
(CFSR) climate data for the region with the required format of the SWAT
model (Dile & Srinivasan, 2014). Even though the applicability of CFSR
climate data for hydrological models has already been verified, it has
some uncertainty and errors compared to the ground-based data. Due to
this, PET has also been estimated using Hargreaves, or a temperature-
based method that mainly uses Tmax and Tmin. In this method, PET is
calculated using equation (5):

PET = 0.0023Ra(Tmax − Tmin)0.5
(
Tmax + Tmin

2
+17.8

)

(5)

Ra is also computed using equation (6):

Ra = 15.392dr(wssinfsind+ cosfcosdsinws) (6)

Where dr is the relative distance between the earth and sun; ws is the
sunset hour angle (radians); f is the latitude of a site (+for Northern
Hemisphere, − for Southern Hemisphere) (radians); d is the solar
declination (radians); and J is Julian day.

dr = 1+ 0.033cos
(
2πJ
365

)

(7)

ws = arccos( − tanftand) (8)

d = 0.4093sin
(
2πJ
365

− 1.405
)

(9)

2.6. Validation of simulated potential evapotranspiration

Though the estimated value of PET should be verified by ground-
measured data, in the region, it is difficult to get measured lysimetric
data. Therefore, in this study, the verification is done by evaluating the
performance in the simulation of streamflow of watersheds. In the
validation process, the SWAT model considers PET as one of the
important water balance components, and if the simulated streamflow is

Table 1
The geophysical characteristics of investigated watersheds.

Watersheds Area
(Km2)

Altitude (m.a.
s.l.)

Major soil types Major land uses

Gilgel Abay 1754 1385–3584 − Haplic Luvisols
(55.1 %)
− Haplic Alisols
(37.8 %)

− Agriculture
(72.78 %)
− Agro-pastoral
(23.54 %)

Ribb 1407 1793–4112 − Eutric
Leptosols (39.8
%)
− Chromic
Luvisols (35.1 %)
− Eutric Fluvisols
(24.7 %)

− Agriculture
(60.25 %)
− Agro-pastoral
(23.05 %)
− Pastoral (16.44
%)

Gumara 1272 1797–3712 − Haplic Luvisols
(63.7 %)
− Chromic
Luvisols (24.3 %)
− Eutric
Leptosols (9 %)

− Agriculture
(63.31 %)
− Agro-pastoral
(31.24 %)
− Pastoral (5 %)

Megech 514 1848–2972 − Eutric
Leptosols (80.1
%)
− Haplic Nitisols
(9 %)
− Chromic
Luvisols (6 %)

Agriculture (%)

The soil data of watersheds was obtained from the global digital soil map (FAO-
UNESCO, 2007), whereas the land use was taken from the Ethiopian Ministry of
Water and Energy (MoWE). The land uses and soil types with less than 5% area
coverage of the watersheds are not included in the study area description
(Table 1).

Table 2
The meteorological stations with their geographical location and altitude.

Stations Latitude (degree) Longitude (degree) Altitude (meter)

Injibara 10.99 36.92 2568
Bahir Dar 11.60 37.36 1800
Wetet Abay 11.37 37.04 1920
Adet 11.27 37.49 2179
Dangila 12.25 36.84 2125
Sekela 10.98 37.21 2715
Wanzaye 11.78 37.67 1821
Debretabor 11.86 37.99 2612
Werota 11.92 37.69 1819
Ageregenet 11.80 38.29 3010
Amedber 11.91 37.88 1141
Addis Zemen 12.12 37.77 1940
Gondar 12.3 37.25 1973
Makisegnit 12.39 37.55 1912

Table 3
The investigated global climate models with their Equilibrium Climate Sensi-
tivity (ECS) and resolution.

Climate model ECS Resolution (Lat x Lon)

CSIRO-Mk3-6–0 4.37 ◦C 1.875ox1.875o

HadGEM2-ES 4.64 ◦C 1.875ox1.25o

EC-EARTH 3.3 ◦C 1.125ox1.125o

CanESM2 3.7 ◦C 2.81ox2.81o

NORESM1-M 2.8 ◦C 1.9ox2.5o

CNRM-CM5 3.3 ◦C 1.4ox1.4o

G. Gismu Chakilu et al.
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consistent with the measured flow, it is assumed that the estimated PET
is also consistent with reality. Thus, in this study, the main purpose of
using the SWAT model is to associate the estimated PET with the
simulated streamflow of watersheds. The SWAT model uses a water
balance algorithm in the simulation process using equation (10)
(Neitsch et al., 2002).

SWt = SW0 +
∑t

i=1

(
Rday − Qsurf − Ea − Wsweep − Qgw

)

i (10)

Where SWt = the final soil water content (mm), Qsurf = the amount of
surface runoff (mm), i = time step (day), t = is time (days), SWo = the
initial soil water content (mm), Rday = the amount of precipitation
(mm), Wseep = the amount of water entering the vadose zone from the
soil profile (mm), Ea = the amount of evapotranspiration (mm), and Qgw
= the amount of groundwater flow (mm).

2.7. Calibration and validation of the SWAT model

The simulated flow, obtained by the default parameters and values of
parameters was compared with the measured one, and a great difference
was observed. To minimize this deviation, the sensitive SWAT model
parameters were selected and calibrated using SWAT-CUP (SWAT-
Calibration and Uncertainty Programs) version 12 software. The model
was calibrated by seven years (1995–2001) of climate data in the four
watersheds and the efficiency of the model was evaluated. The
maximum efficiency of the model was observed after 2000 iterations
through automatic calibration and by manual adjustment of parameter
values. Once the maximum efficiency of the model and the optimum
values of parameters were obtained, the consistency was also verified by
four years (2002–2005) of climate data. Since the purpose of the study is
to investigate climate change impacts, the same geophysical inputs of
the SWAT model are used in the calibration and validation process. The
efficiency of the SWAT model in default simulation, calibration, and
validation was evaluated by using two statistical variables including
Nash–Sutcliffe (NS), and Relative Volume Error (RVE), computed by
equation (11) and equation (12), respectively.

NS = 1 −
∑n

i=1
(
Qsim(i) − Qobs(i)

)2

∑n
i=1

(
Qsim(i) − Qobs

)2 (11)

Where Qobs is the daily observed streamflow and Qsim also represents the
daily simulated streamflow, n = the number of days. The value of NS
ranges between ─∞ and 1; 1 indicates the best performance of the model
(Nash & Sutcliffe, 1970).

RVE =

∑n
i=1

(
Qobs(i) − Qsim(i)

)

∑n
i=1Qobs(i)

*100% (12)

The optimal value of RVE is 0, whereas, the positive and negative values
indicated underestimation and overestimation of the model, respec-
tively (Gupta et al., 1999).

2.8. Estimation of aridity Index (AI)

AI is the level of dryness of a certain region, expressed numerically. It
is an index that indicates the availability of moisture in the soil, defined
as the ratio between mean annual precipitation (P) and mean annual
PET (UNEP, 1993).

AI =
P
PET

(13)

Even though AI is usually estimated based on the mean annual precip-
itation and PET, this study evaluated it based on the seasonal variability
of precipitation and PET to assess the seasonal aridity condition of the
region. Therefore, first, the change in precipitation and PET were eval-

uated in the mean monthly time scale, and the aridity index was also
estimated accordingly.

3. Results and discussion

3.1. Evaluation of the performance of climate models

The performance of eachmodel has been evaluated by comparing the
simulated data with the corresponding station-observed data. The errors
of climate models in the simulation of Tmax, Tmin, and rainfall are
analyzed in terms of monthly time scale. Compared to the other climate
models, the CanESM2 was the least efficient in the projection of all
climate variables. All climate models have better efficiency in the
simulation of Tmin than Tmax. The highest average monthly errors of
climate models in the simulation of historical rainfall, Tmax, and Tmin
ranged from ± 0.85 % to ± 1.17 %, 0.12 ◦C to 0.19 ◦C, and 0.08 ◦C to
0.14 ◦C, respectively (Fig. 2). All the highest variations in the three
climate variables are observed in the CanESM2, whereas the lowest er-
rors in the projection of both rainfall and Tmin are detected by the
CSIRO-Mk3-6–0 and in Tmax, it is under NORESM1-M model. These er-
rors in all climate variables under all climate models are evaluated after
the bias correction process is completed. Therefore, these errors could be
considered as one of the causes for uncertainties observed in the simu-
lation of PET and have an impact on the overall efficiency of the SWAT
model Fig. 3..

3.2. SWAT model efficiency

SWAT model was more efficient in simulating stream flow using the
Hargreaves PET estimation method than the Penman-Monteith (PM)
method in all watersheds, which is consistent with other comparison
studies (Earls & Dixon, 2008) (Oudin et al., 2005) (Almorox et al.,
2015). In both PET estimation methods, the best fit was observed in the
Gilgel Abay watershed compared to the others in calibration and veri-
fication processes interms of NS (HR=0.86, PM=0.79). In the Megech
watershed, although the performance of the model is improved by
calibration, it is still weak compared to the other watersheds. Statisti-
cally, the performance of the model (NS) using the HR PET estimation
method was 0.51 and 0.54 in the calibration and verification process,
respectively, whereas in the PM method, the model performance in
terms of NS was 0.47 and 0.56 in the calibration and verification pro-
cess, respectively. The efficiency of the SWATmodel in terms of RVEwas
also evaluated and the result showed that PET estimation using the HR
method was more appropriate than PM in almost all watersheds, except

Fig. 2. Climate model errors in the simulation of Tmax, Tmin, and Rainfall.

G. Gismu Chakilu et al.
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in the model validation period of the Megech watershed (HR=–6.62 %
and PM=–4.6 %). The negative values of RVE in the default simulation,
calibration, and validation process indicated that there is an over-
estimation of streamflow (Table 4).

The optimal values of sensitive parameters obtained by the calibra-
tion process were tested again by independent climate data for verifi-
cation purposes, and it was found that the performance of the model was
consistent in the validation process as well. The rank of the sensitivity of
parameters was evaluated based on the t-test and p-values. A parameter
with the highest t-test value regardless of its sign, and the lowest p-value
has the highest degree of sensitivity (Table 5).

The model was more efficient in the PMmethod than HR in capturing
the peak flows in almost all watersheds, though there were over-
estimations in some calibration and verification years, especially in the
Megech watershed. On the other hand, the HR method is more consis-
tent in the low flow of watersheds.

3.3. Change in rainfall

The ensemble mean values of rainfall data obtained from the six
climate models were taken as input for the SWAT model and the mean
value in each watershed was computed by the Thiessen polygon method.

Fig. 3. Observed flow Vs simulated flow of watersheds using PM and HR methods.

Table 4
Comparison of the Penman-Monteith and Hargreaves methods in SWAT model performance.

Watersheds Default performance Calibration Verification
NS RVE (%) NS RVE (%) NS RVE (%)
HR PM HR PM HR PM HR PM HR PM HR PM

Gilgel Abay 0.15 0.07 32.41 41.37 0.86 0.79 1.31 4.62 0.84 0.75 1.36 1.95
Gumara 0.18 0.11 36.84 39.83 0.67 0.63 1.25 3.86 0.63 0.52 1.88 2.73
Ribb 0.09 0.02 28.69 32.46 0.71 0.68 1.14 2.94 0.74 0.81 1.07 3.84
Megech − 0.32 − 0.4 − 48.52 − 34.6 0.51 0.47 − 8.84 11.32 0.54 0.56 − 6.62 − 4.6

G. Gismu Chakilu et al.
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The change in rainfall in an annual time scale of all periods is evaluated
compared to the baseline period (1971–2000). The change in rainfall in
all watersheds and all periods ranges from 2.59 % to 4.87 %. The highest
change is expected in the last thirty period of this century (2071–2100)
in the Gumara watershed. Since the watersheds shared common mete-
orology stations the change in rainfall in the three periods showed the
same pattern except for Megech watershed which showed a little
decrement between the second (2041–2070) and the last period
(2071–2100). Therefore, it is possible to conclude that in all periods, the
mean annual rainfall showed an increasing trend in almost all water-
sheds (Fig. 4).

In the study area, rainfall is common in the summer season (June –
September), in the other seasons especially in the winter season, the area
is dry. Therefore, the study was also committed to revealing the vari-
ability of changes seasonally in terms of monthly time scale. In all wa-
tersheds, the change in rainfall is showing an increasing trend in the
summer and post–summer (autumn) seasons. Whereas, in the winter and
spring seasons in almost all watersheds and periods, rainfall is expected
to decrease compared to the baseline period. The change is more
prominent in November in the Gumara, Ribb, and Megech watersheds;
while in the Gilgel Abay watershed, it is higher in October. The highest
increasing values of the change in the Gumara, Megech, Ribb, and Gilgel
Abay watersheds are 19.69 % (November), 18.56 % (November), 16.09
% (November), and 14.80 % (October) in the 2041–2070, 2041–2070,
2071–2100, and 2071–2100 periods, respectively. The highest

decreasing values of the change in Gilgel Abay, Megech, and Gumara
watersheds are expected to be observed in March, and the values of
changes are 7.74 %, 5.66 %, and 5.53 %, respectively in 2071–2100, but
in the Ribb watershed, it is likely to be observed in June, and the
magnitude of the change is 4.63 % in 2041–2070 (Fig. 5).

3.4. Change in potential evapotranspiration (PET) of watersheds

The Potential Evapotranspiration (PET) of all watersheds was
computed by the Penman-Monteith and Hargreaves method in the
calibration and verification process of the SWAT model, and the result
was compared based on selecting the best fit in streamflow simulation.
The change in PET ranges from 5.99% to 16.66% in all watersheds and
periods. The change is showing an increasing pattern in all watersheds
and in the three time periods, more prominently it showed a significant
increment in 2071–2100. In general, the results of this study revealed
that the highest change in annual average PET in Megech, Gilgel Abay,
Ribb, and Gumara watersheds are 16.66%, 15.53%, 14.68%, and
13.46%, respectively, which is going to be observed in 2071–2100
(Fig. 6).

Like the change in rainfall, the change in PET in the four watersheds
and three time periods is also evaluated regarding seasonal variability.
As far as PET is computed using the temperature-based (Hargreaves)
method, the change is highly based on temperature change, and the
pattern of PET change in all watersheds is almost the same due to the
watersheds shared common meteorological station in the SWAT model.
In Megech and Gilgel Abay watersheds, the highest change in PET is
expected to be observed in September and April, respectively, whereas
in Gumara and Ribb watersheds, the highest change is more likely
observed in March. The highest values of changes in the Megech, Gilgel
Abay, Ribb, and Gumara watersheds are 21.17%, 19.29%, 19.26%, and
17.51 %, respectively (Fig. 7). Unlike rainfall, the change in PET in all
watersheds, all months, and the three time periods showed an increasing
pattern; all values of changes are above zero. Comparatively, the change
is more significant in 2071–2100 than in the other periods.

3.5. Change in aridity Index

As shown in sections 2.3 and 2.4, rainfall and PET in the study area
showed considerable changes in all watersheds and all periods. Thus, as
far as those two important climate variables determine the Aridity
Index, the change in Aridity in the four watersheds has also shown an
increasing pattern in the coming eight decades of this century. Annually,
the change in the Aridity Index is expected to increase within the range

Table 5
SWAT model parameters with their range, fitted value, and rank of sensitivity.

Watershed Parameter t-stat P-value Min Value Max value Fitted value Rank

R_CN2.mgt − 10.14 0 0 1 0.14 1
V_ALPHA_BF.gw 5.48 0 − 25 25 − 12 2
V_ESCO.hru − 3.07 0.03 0 1 0.42 3
V_GW_DELAY.gw − 2.9 0.09 0 10 7.34 4
V_GW_REVAP.gw − 2.23 0.11 0.02 0.2 0.19 5
R_CN2.mgt − 58 0 − 0.2 0.2 − 0.18 1
V_ALPHA_BF.gw 10.8 0 0 1 0.12 2
A_SOL_K.sol 6.1 0 − 0.5 1 0.47 3
V_GW_REVAP.gw − 1.2 0.2 0.02 0.2 0.10 4
V_GWQMN.gw 1 0.3 0 10 1.31 5
V__ESCO.hru 3.76 0.01 0 1 0.5 1
R__SOL_AWC.sol 3.55 0.01 0 1 0.9 2
V__EPCO.hru 2.55 0.04 0 1 0.7 3
R__CN2.mgt − 1.95 0.09 − 0.2 0.2 2.37 4
V__ALPHA_BF.gw 1.77 0.12 0 1 0.5 5
R__CN2.mgt − 10.55 0.00 − 0.2 0.2 − 0.02 1
V_ALPHA_BF.gw − 8.27 0.00 0 1 0.76 2
V_GW_DELAY.gw − 2.70 0.01 0 10 5.37 3
V_GWQMN.gw 2.26 0.03 0 2 0.55 4
A_SOL_K.sol 1.90 0.06 − 0.5 1 − 0.17 5

Fig. 4. Change in annual rainfall in Gilgel Abay, Gumara, Ribb, and
Megech watersheds.

G. Gismu Chakilu et al.

http://GWQMN.gw


Journal of Hydrology 641 (2024) 131841

8

of 0.006 to 0.061 in all watersheds and periods. The highest change is
forecasted in the 2071–2100 time period in the Megech watershed,
while the lowest change is in 2011–2040 in the Gilgel Abay watershed.
The negative values of changes in (Fig. 8) indicated that the change in AI
is increasing in the region due to the change in temperature and the
consequent result of increasing loss of moisture by evapotranspiration.
Not only compared to the baseline period, changes between three
consecutive periods have shown considerable variability in all
watersheds.

Even though by definition Aridity Index is the ratio of annual rainfall

and PET, this study intends to evaluate the expected seasonal aridity of
the watersheds on a monthly time scale. The dynamics of change in the
Aridity Index on a monthly time scale showed increasing and decreasing
patterns in all periods and watersheds. The severity of aridity shows a
significant increment in the winter season considering the three time
periods. Like, the change in PET, the change in AI is more prominent in
the last thirty years of this century (2071–2100). In the summer season,
the study showed that the area is expected to be wetter than the baseline
period. Thus, it indicated that the change in the availability of moisture
(rainfall amount) is higher than the loss of moisture because of evapo-
transpiration in the region. The highest seasonal changes in AI during
the winter season in Ribb, Gumara, Gilgel Abay, andMegech watersheds
are –0.301 (March), –0.299 (March), –0.285 (April), and –0.273 (April),
respectively. On the contrary, during the summer season, the highest
changes in the watersheds are observed in August except in the Megech
watershed which is observed in July, and the values of changes are
0.263, 0.258, 0.238, and 0.211, respectively (Fig. 9). The negative and
positive values of changes in these different seasons indicated that the
aridity is increasing and decreasing, respectively.

4. Discussion

The change in rainfall in the Lake Tana sub-basin of the Blue Nile
basin does not show a consistent pattern in terms of inter-annual and
annual changes. The seasonal fluctuation of the change in rainfall in the
region has also been indicated by other similar previous studies (Kim
et al., 2008) (Elshamy et al., 2009) (Takele et al., 2022). The increasing
rate of change in precipitation in the wet season and decrease in the dry
season has directly been causing flooding and drought problems. In
general, the change in precipitation could lead to significant and varied
shifts in phenology (Huxman et al., 2004) (Cleland et al., 2007), reser-
voir management (Chaves et al., 2023) (Yasarer & Sturm, 2016), and

Fig. 5. Change in monthly rainfall in Gilgel Abay, Gumara, Ribb, and Megech watersheds.

Fig. 6. Change in annual PET in Gilgel Abay, Gumara, Ribb, and
Megech watersheds.
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ecosystem services (Parmesan et al., 2022).
The change in temperature and its impact on the potential evapo-

transpiration in the upper Blue Nile basin has also been revealed by
many other studies including (G. G. Chakilu et al., 2022b) (Ayele et al.,
2016) (G. G. Chakilu et al., 2020) and (A. T. Haile et al., 2017), in which
the overall results indicated that the rising of atmospheric temperature
could significantly cause the increasing of potential evapotranspiration

in 21st century under the high emission scenario. For instance, tem-
perature is expected to rise by 4 ◦C and the rate of change of rainfall
shows a decline of 15 % in the dry season and a rise of 15 % in the wet
season under RCP 8.5 over the long-term time windows. Similarly, the
study conducted by (Takele et al., 2022) showed a temperature rise, and
the annual evapotranspiration increased by about 10.4 % in the basin. In
the same region, but out of the basin, a comparable trend of rising
temperature and the consequent increase of PET is also expected to be
observed at the end of this century. For instance, it is projected to in-
crease up to 49.42 % in theWabe Shebele basin (Gurara et al., 2021) and
22.66 % in the Gilgel Gibe basin (Alemayehu et al., 2023) under the
same emission scenario. As PET increases, more water is evaporated
from the soil surface and transpired by vegetation, which can lead to
increase water demand from natural ecosystems, agriculture, and
human settlements. If the increase in PET exceeds the available water
supply, leading to water stress, faster soil moisture depletion and affects
plant growth, reduced streamflow, and decreased water availability for
irrigation, drinking water, and industrial use (Goyal, 2004) (Maracchi
et al., 2005).

Even though the investigated study area does not have an aridity
problem on an annual basis, the area is going to be highly vulnerable in
the dry season due to the sharp rise in temperature and ET. Because the
dimensionless values of the Aridity Indexes were estimated using the
ratio of rainfall and PET (UNEP, 1993), the increasing change in AI
indicated that the water availability of the watersheds is likely to

Fig. 7. Seasonal variabilities of the change in PET in Gilgel Abay, Gumara, Ribb, and Megech watersheds.

Fig. 8. Change in Aridity Index in Gilgel Abay, Gumara, Ribb, and
Megech watersheds.
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improve in the region; whereas the decrease in AI implied that the
availability of water in the catchments is expected to deplete and leading
to water stress in the region. Therefore, the result clearly showed that
the dryness of the region is likely to increase in the dry season because of
the consistent rise in temperature.

The headwater catchments of the Upper Blue Nile basin are highly
degraded due to the expansion of agriculture and the distraction of
forest resources (Chakilu & Moges, 2017). Therefore, to minimize the
vulnerability of catchments to climate change impacts and, most
importantly to minimize the seasonal dryness of the area, it is highly
recommended to use different climate change adaptation mechanisms
including adopting suitable physical and biological water conservation
techniques (Mena, 2018) to enhance the amount of water stored in the
subsurface and joining the groundwater in the rainy season.

5. Conclusion

• This study revealed that the change in climate under the high
emission (RCP 8.5) scenario has considerably affected the evapo-
transpiration nature of watersheds in the headwater catchments of
the upper Blue Nile basin and consequently, the aridity is expected to
increase, especially in the dry season.

• The inter-annual rate of changes in rainfall showed considerable
decreasing and increasing patterns in the dry and wet seasons,
respectively, whereas the annual average rate of change is not likely
to be significant in all watersheds.

• The projected rise in temperature is going to be directly affecting the
water resources of watersheds in a way that escalates the evapora-
tion of moisture from the soil, and transpiration from plants.

• The projected change in PET in the four watersheds is anticipated to
increase consistently in both seasonal and annual time scales in all
periods with a prominent rise in the 2071–2100 under the ensemble
mean of all climate models.

• This study has also evaluated howmuch the ratio of rainfall and PET,
i.e., Aridity Index (AI)) in all catchments is expected to change in the
three consecutive periods. Due to the fluctuation of the change in
rainfall, the change in AI does not show significant dynamics on an
annual average basis, unlike PET. Seasonally, the variability of
changes in AI is high between dry and wet seasons. In the dry season,
due to an increment in temperature, and decreasing in rainfall, the
change in aridity shows a significant increasing pattern, whereas in
the wet season, even though there is an increment of PET, an
increment of moisture availability because of rainfall is much higher
than the loss of moisture by PET, aridity is decreasing.

• Generally, the result indicated that in the dry season, the region is
likely to be drier, and in wet seasons it is predicted to be wetter in all
watersheds and the three time periods especially in the 2071–2100.

• The overall results of the study give important indications on the
potential impacts of climate change on the overall health of ecosys-
tems in the headwater catchments of the upper Blue Nile basin and
the consequent effects on natural and human systems due to the
declining water availability in the lower catchment communities
including in Egypt and Sudan.

Fig. 9. Change in seasonal Aridity Index in the watersheds.
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