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Abstract
This study evaluates bias correction methods and develops future climate scenarios using the output of a better bias correction
technique at the Jemma sub-basin. The performance of different bias correction techniques was evaluated using several statistical
metrics. The bias correction methods performance under climate condition different from the current climate was also evaluated
using the differential split sample testing (DSST) and reveals that the distribution mapping technique is valid under climate
condition different from the current climate. All bias correction methods were effective in adjusting mean monthly and annual
RCM simulations of rainfall and temperature to the observed rainfall and temperature values. However, distribution mapping
method was better in capturing the 90th percentile of observed rainfall and temperature and wet day probability of observed
rainfall than other methods. As a result, we use the future (2021–2100) simulation of RCMs which are bias corrected using
distribution mapping technique. The output of bias-adjusted RCMs unfolds a decline of rainfall, a persistent increase of temperature and an increase of extremes of rainfall and temperature in the future climate under emission scenarios of Representative
Concentration Pathways 4.5, 8.5 and 2.6 (RCP4.5, RCP8.5 and RCP2.6). Thus, climate adaptation strategies that can provide
optimal benefits under different climate scenarios should be developed to reduce the impact of future climate change.

1 Introduction
Global climate models (GCMs) are essential to study changes
in the climate of the earth and to make climate change projections (Edwards 2011; Intergovernmental Panel on Climate
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Change (IPCC) 2013). Since mainly the 1950s, GCMs are
under development and there are vital improvements. For instance, the Earth System Modelling Framework is the most
essential step in climate modelling (Taylor et al. 2012;
Edwards 2011). In fifth phase of Climate Model
Intercomparison Project (CMIP5), several GCMs have been
developed into Earth System Models by incorporating the
representation of biogeochemical cycles (Taylor et al. 2012).
Better than the earlier phases of IPCC models, the atmosphere
and the ocean components of CMIP5 models have higher
spatial resolution (Taylor et al. 2012; Woldemeskel et al.
2015; Yang et al. 2018). Consequently, CMIP5 GCMs reproduce the global scale mean surface temperature and the seasonal cycle of sea ice extent of oceans (Flato et al. 2013;
Taylor et al. 2012).
Despite several improvements, CMIP5 GCMs perform less
effectively in simulating cloud cover and rainfall of mountainous and coastal regions (Randall et al. 2007; Flato et al. 2013;
Woldemeskel et al. 2015; Yang et al. 2018). Model parameterization, greenhouse emission scenarios, and internal climate
variability are the key sources of uncertainties in GCMs
(IPCC 2013). Low spatial resolution of GCMs is another
source of uncertainty that hiders GCMs to reproduce the local
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and regional scale climate specially in the mountain and coastal regions (Fowler et al. 2007). Thus, downscaling of GCM
simulation at the regional-scale is important for local climate
impact studies (Wilby 1997; Flato et al. 2013). Yet again,
downscaling GCMs simulation to the local scale is another
vital source of uncertainty and as a result it is crucial to select
a better downscaling technique. Statistical and dynamical
downscaling are primary downscaling techniques that produce regional and local scale climate data from GCMs
(Wilby et al. 2002). There are evidence which unfold dynamical downscaling is superior than statistical downscaling techniques to simulate rainfall of regions with diverse topography
(Fowler et al. 2007).
Using the dynamical downscaling approach, there are international programs that use the third and fifth phases of
CMIP (CMIP5 and CMIP5) to project the future climate
(Christensen and Carter 2007; Giorgi et al. 2009; Mearns
et al. 2013; Gutowski et al. 2016). Under the auspice of the
World Climate Research Program (WCRP), the Coordinated
Regional Climate Downscaling Experiment (CORDEX) is an
international program to avail downscaled climate dataset, to
integrate model evaluation frameworks and to use climate
models data for climate change impact studies (Giorgi et al.
2009). The outputs of CORDEX are evaluated and used for
climate change impact studies in different parts of Africa and
showed reasonable standard (Nikulin et al. 2012; Dosio et al.
2015; Haile and Rientjes 2015). But, as yet the output of
downscaled RCMs showed persistent biases and cannot be
directly used without tailoring and bias correction for climate
change impact assessment (Piani et al. 2010; Gudmundsson
et al. 2012; Yang et al. 2018).
Bias correction is the science of scaling climate model
values to reflect the statistical properties such as mean, variance or wet-day probabilities of observed climate
(Teutschbein and Seibert 2012; Maraun 2016). There are several bias correction methods; some of these methods such as
linear scaling adjust only the mean of climate model simulation, whereas other methods like distribution mapping and
power transformation correct the mean and frequency of
models’ values with the statistical values of observations
(Teutschbein and Seibert 2012). Compared to others bias correction methods, distribution mapping is a better bias correction technique in adjusting frequency of rainfall and temperature events (Teutschbein and Seibert 2012; Fang et al. 2015;
Azmat et al. 2018).
However, bias correction techniques have some limitations
and even on some instances bias correction methods trigger
biases. For instance, the bias-corrected Weather Research and
Forecasting (WRF) RCM has presented larger wet bias than
the non-bias-corrected WRF simulation over Canada and
Central North America (Wang and Kotamarthi 2015).
Another limitation of bias correction is their strong dependence on the quality of observation data (Addor and Seibert
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2014). Commonly, most bias correction methods consider
biases and bias correction algorithms are stationary over time
(Piani et al. 2010; Maraun 2012). Nonetheless, there are studies which investigate the non-stationarity of bias correction
functions (Maraun 2012). These limitations did not inhibit
the application of bias correction methods since climate
models are characterized by biases and can trigger considerable errors in impact assessment studies. Therefore, strong
bias correction methods are to be identified before using bias
corrected climate models output for future climate change
impact assessment.
Several climate change impact studies in the Blue Nile
Basin were based on GCM output instead of RCMs (Beyene
et al. 2010; Setegn et al. 2011; Adem et al. 2016). In some
studies, a single GCM output was used (e.g. Dile et al. 2013;
Abdo et al. 2009). While, climate change scenarios developed
based on multiple GCMs, RCMs, emission scenarios and statistical bias correction methods are lacking. It had been in
limited research that bias correction was applied to study the
impact of climate change at the basin scale (e.g. Elshamy et al.
2009; Liersch et al. 2016). And, this is often hardly attainable
to use the output of those studies at the watershed and subbasin level, since there is dissimilar topography and climate in
the upper catchments of Blue Nile Basin. For example, rainfall
trend study in the Blue Nile Basin showed different trends of
historical rainfall at different sub-basins (Taye et al. 2015).
This suggests the need to advance climate models preprocessing that can be used for climate change impact assessment on agriculture and water resources at every area of the
Upper Blue Nile Basin.
Similar to large areas of Ethiopia, the economy of the inhabitants of the Jemma sub-basin is heavily dependent on
rain-fed agriculture which is affected by the adverse impacts
of climate change (Conway and Schipper 2011). In the region
of Jemma, it had been studied that climate change and variability has caused drought, flooding, frost and significant loss
of crops production (Tesso et al. 2012). The water resource
base of the sub-basin is also highly reliant on rainfall. Rainfall
contributes to 55% and 57% of runoff at the Andittid and
Beressa catchments of the Jemma sub-basin respectively
(Hurni et al. 2005; Gebrehiwot and Ilstedt 2011). This means
variation in rainfall may trigger tremendous impacts on the
water resource base and agricultural production of the subbasin.
Thus, it is critical to develop strong climate change information that can be used for hydrological climate change impact assessment and to build optimal adaptation decisions in
the water resource sector of the sub-basin. This study is
planned to evaluate the performance of different bias correction methods in adjusting the RCM rainfall and temperature
with observed rainfall and temperature. It is also intended to
project future climate scenarios using the output of bias correction method which perform better during the historical
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period at the Jemma sub-basin of Upper Blue Nile Basin. This
study will support decision making in watershed and water
resource-based climate change adaptation strategies.

2 Materials and methods
2.1 The study area
Jemma sub-basin with an area of about 15,000 km2 is located
in the Central Highlands of Ethiopia, Upper Blue Nile Basin
(Fig. 1). The northern areas of the Jemma sub-basin are characterized by low mean annual rainfall (697 mm) whereas the
high elevation areas in the north-eastern part of the sub-basin
receive high mean annual rainfall (1475 mm) from 1981 to
2014. There are areas of the sub-basin with relatively low
mean annual temperature (9 °C) and in contrast, there are areas
with high mean annual temperature (24 °C). Increasing trends
of annual and summer rainfall and a decline in spring rainfall
was observed in Jemma sub-basin from 1981 to 2014. The
sub-basin was also characterized by an increase in extreme
rainfall and temperature events from 1981 to 2014 (Worku
et al. 2018a). The main rainfall season is summer (June to
September) and spring (March to May) is minor rainfall
season.
The main form of livelihood in the sub-basin is smallholder
mixed agriculture (i.e. cultivation of crops and domestication
of livestock). Wheat, Barley, Teff, Maize and Sorghum are the
main crops cultivated in the study area. High degree of land
degradation and low crop yield and production which is usually less than 2 t/ha are among problems of the study area
(SCRP 2000).
Fig. 1 Map of the Jemma subbasin and climatic stations with
elevation data as a background.
The elevation map is based on the
DEM data of 30 m resolution obtained from the Shuttle Radar
Topographic Mission (SRTM)
(http://earthexplorer.usgs.gov/)
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2.2 Observation data
Historical (1981–2005) daily rainfall and temperature data of
nine climatic stations was obtained from the National
Meteorological Agency of Ethiopia. These nine climatic stations (Fig. 1) have data with relatively minimal missing
values, which range from 6 to 17% from 1981 to 2005.
Multivariate Imputation by Chained Equations (MICE) package, built in the R statistical software (R Development Core
Team, 2015), was used to impute the incomplete rainfall and
temperature records. RClimDex was used to examine the
quality of the data and to manage outlier values of rainfall
and temperature. Detail description of missing values imputation and quality control of the data are given by Worku et al.
(2018a).

2.3 Regional climate models data
In this study, the RCMs are selected based on Worku et al.
(2018b) which has investigated that CCLM and REMO regional models driven by four CMIP5 GCMs were better to
capture the mean and frequency of rainfall events of the
Jemma sub-basin than regional climate model (RCA).
However, differences still exist between the historical simulation of RCMs and observed data. Moreover, RCM performance in simulating the observed rainfall was different at
different altitude (Worku et al. 2018b). This indicates the need
for bias adjustment of RCM simulation at different locations.
In this study, historical (1981–2005) and future (2021–2100)
simulation of daily rainfall, maximum temperature (TMAX)
and minimum temperature (TMIN) of CCLM and REMO
models driven by four CMIP5 GCMs (Table 1) were
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Doms et al. 2011
Doms et al. 2011

Doms et al. 2011

Baldauf et al. (2011)
Baldauf et al. (2011)

Baldauf et al. (2011)

Doms et al. 2011

0.44°
Tiedtke 1989
Fouquart and Bonnel
(1980)
Lohmann and
Roeckner, 1996
Rechid et al. 2009
0.44°
Tiedtke 1989
Fouquart and Bonnel
(1980)
Lohmann and
Roeckner, 1996@@
Rechid et al. 2009
Baldauf et al. (2011)

MPI-ESM-LR
REMO
Max Planck
Institute (MPI)
EC-EARTH
REMO
Max Planck
Institute (MPI)

MPI-ESM-LR
CCLM
Climate Limited-Area
Modelling (CLM)
Community
0.44°
Tiedtke 1989
Ritter and Geleyn 1992
EC-EARTH
CCLM
Climate Limited-Area
Modelling (CLM)
Community
0.44°
Tiedtke 1989
Ritter and Geleyn 1992
CNRM-CM5
CCLM
Climate Limited-Area
Modelling (CLM)
Community
0.44°
Tiedtke 1989
Ritter and Geleyn 1992

HadGEM2-ES
CCLM
Climate Limited-Area
Modelling (CLM)
Community
0.44°
Tiedtke 1989
Ritter and Geleyn 1992

CCLM(EC-EARTH)
CCLM(CNRM-CM5)

considered for statistical bias correction. Totally, the output of
six RCMs was used (Table 1). The RCM data was acquired
from the Earth System Grid Federation dataset (https://
esgdn1.nsc.liu.se/esgf).
COSMO-CLM is the coupling of COSMO
(COnsortium for Small-scale MOdelling) of different
European national weather services and CLM (Climate
Limited-area Model) of the German Climate Research
Centre (Rockel et al. 2008). CCLM is non-hydrostatic
model (Baldauf et al. 2011), whereas REMO is a hydrostatic three-dimensional atmospheric model initiated at
the Max Planck Institute for Meteorology (Jacob et al.,
2007). The physical parameterizations of CCLM and
REMO models are given in Table 1.
After obtaining observed and historical RCM rainfall
and temperature data, the observed data (point data) were
interpolated to 0.44° × 0.44° grid size through the bilinear interpolation method. This is because the RCM data
is gridded data (0.44° × 0.44°). To estimate sub-basin
wide areal rainfall and temperature of both observation
and RCMs, the Thiessen Polygon method (Theissen,
1911) was applied. Areal observed and RCM rainfall
and temperature was calculated based on the area of
the polygon and the grids in proportion to the total area
of the sub-basin. Some of the grids of RCMs partially
extend over the study area.
In each RCM, simulations based on emission scenarios of RCP4.5, RCP8.5 and RCP2.6 were used. RCP 4.5
and RCP 8.5 were selected because these emission scenarios represent possible radiative forcing levels in the
year 2100 relative to pre-industrialisation (Van Vuuren
et al. 2011). RCP8.5 represents high emission scenarios
with increasing radiative forcing pathway resulting
8.5 W/m2 by 2100, while RCP 4.5 represents intermediate emission levels of 4.5 W/m2 that could be reached at
stabilization after 2100 (Moss et al. 2010). In the Paris
agreement, nations were agreed to limit global warming
well below 2 °C (UN 2015). Therefore, RCP2.6 was
used to account for the Paris Agreement and other sustainable and substantial measures to mitigate future climate change. However, CCLM4 community have downscaled only the RCP4.5 and RCP8.5. Thus, this study
has used only REMO (EC-EARTH) and REMO(MPIESM-LR) to develop climate scenarios under RCP2.6
emission scenario.

Cloud microphysics
scheme
Land surface scheme

Resolution
Convective scheme
Radiation scheme

Driving GCM
RCM
Institute

2.4 Statistical bias correction procedures
Model acronym

Table 1

Detailed description of RCMs used in this study

CCLM(HadGEM2-ES)

CCLM(MPI-ESM-LR)

REMO (EC-EARTH)

REMO(MPI-ESM-LR)
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Distribution mapping, linear scaling, variance scaling (for
temperature) and power transformation (for rainfall) are
the bias correction techniques which were used to adjust
historical simulations of rainfall and temperature of six
RCMs to the values and distribution of observed rainfall
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and temperature (1981–2005). The methods find a function h that fits a modelled variable Vm such that its new
values equals the values of the observed values Vo (Piani
et al. 2010; Gudmundsson et al. 2012). This function can
be expressed as:
V o ¼ hð V m Þ

ð1Þ

Linear scaling method (Lenderink et al. 2007) adjusts rainfall and temperature of RCM simulation using multiplicative
and additive factors, respectively. The factors are developed
by comparing the observed data with the corresponding historical RCM simulations. Linear scaling method corrects
biases in mean but has limitations in correcting biases in probability of wet-days and intensities. Different from linear scaling, power transformation method reproduce the standard deviation, coefficient of variation (CV), wet-day frequencies and
intensities of rainfall based on observed data (Leander and
Buishand 2007). In power transformation, daily rainfall of
RCMs is changed into a corrected rainfall through fitting the
CV of the corrected daily RCM rainfall with the CV of observed daily rainfall for each month. Parallel to power transformation, variance scaling was used to fit RCM simulation of
temperature (Chen et al. 2011).
In distribution mapping method, the distribution function
(CDF) of RCM-simulated rainfall and temperature values are
adjusted with the CDF of observed rainfall and temperature
values. Distribution mapping method adjusts the mean,

V o ¼ F o −1ð F m ðV m ÞÞ

ð2Þ

where
Vo
Vm
Fm
Fo−1

is observed variable,
is modelled variable,
is the CDF related to Vm and
is the inverse CDF of Vo (Gudmundsson et al. 2012).

This study has used the CMhyd tool (Rathjens et al. 2016)
to execute the bias correction techniques. The tool compares
the raw RCM output with observed data, calculates the variation between observed and RCM simulated data and applies
different bias correction methods to correct historical and future climate model output. The bias correction algorithms derived from historical RCM simulation and observed data were
applied for the bias correction of future RCM simulation.

b

1.0

Cummulative Probability [-]

Cummulative Probability [-]

standard deviation, extremes and distribution of rainfall and
temperature events of RCM outputs (Teutschbein and Seibert
2012). Distribution mapping uses the Gamma distribution
(Gudmundsson et al. 2012) and the Gaussian distributions
(Cramér 1999) to fit distribution of rainfall and temperature
of RCMs with observational data. Distribution mapping also
uses an RCM-specific rainfall threshold (Schmidli et al. 2006)
to adjust the wet day frequencies of daily rainfall (Fig. 2). In
the distribution mapping, the transformation between for instance observed rainfall and modelled rainfall is given as:

a

1.00
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Fig. 2 Cumulative distribution of observed, RCMs simulated (Simu) and bias-corrected daily rainfall (a) and temperature (b) in Jemma sub-basin. DM
and LS are distribution mapping and linear scaling bias correction methods, respectively
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Fig. 3 Observation years sorted
based on annual rainfall (1981–
2005) for differential split-sample
testing (DSST)

There are different approaches to test the assumption of
stationarity of biases and bias correction functions (Klemeš
2016; Teutschbein and Seibert 2013). To test how distribution
mapping, power transformation and linear scaling methods
work for future climate condition, this study used the differential split-sample testing (DSST) method (Klemeš 2016).
The following procedures of DSST were followed: first, based
on observed mean annual rainfall, observed years (1981–
2005) were sorted by ascending order (Fig. 3). Second, based
on observed mean annual rainfall, the observed years were
divided as dry years (the first 12 years) and wet years (the last
12 years), and thirdly, the RCM-simulated rainfall was sorted
and rearranged to match with the annual order of the sorted
observed rainfall. Then, twofold cross-validation was performed. In the first case, bias correction was executed using
the dry years as calibration and wet years as validation.
Secondly, bias correction was executed using the wet years
as calibration and dry years for validation. A similar procedure
was followed to evaluate temperature bias correction methods
where the mean annual TMAX and TMIN of observed data
and RCM data was sorted and divided as cold years and warm
years.
The performance of bias correction methods at calibration and validation stages was tested using different
metrics. The Nash–Sutcliffe measure of efficiency
(NSE) and the root mean square error (RMSE) were
used to test the volumetric variation between mean
monthly and annual observation, RCM simulation and
bias-corrected RCM outputs. Frequency-based tests
which include CV, 90th percentile (X90) and the probability of wet day (Prwet) (for rainfall) were also used to
evaluate the skill of bias correction methods. The bias
correction method which performs better during the historical period was used to correct the RCM simulation
of near-term future (2021–2050) and long-term future
(2071–2100).

2.5 Future rainfall and temperature extremes analysis
The RClimDex 1.1 package (Zhang and Yang 2004) has been
applied to calculate future rainfall and temperature extreme
indices. Twenty-seven rainfall and temperature extreme indices were developed by the Expert Team on Climate Change
Detection and Indices (ETCCDI) (WMO 2009). These extreme indices unfold the frequency, amplitude and persistence
of extreme temperature and rainfall events. In this study area,
twenty two indices (ten rainfall and twelve temperature extreme indices) are relevant to study the trend of future extreme
rainfall and temperature values. The indices were calculated at
each grid and at sub-basin level. The result of some of the
indices is presented in Sect. 3.3. Daily observed and biascorrected RCM rainfall, TMAX and TMIN for the near-term
and long-term future periods were used to calculate the
indices.

3 Results and discussion
3.1 Evaluation of bias correction methods
Linear scaling, power transformation and distribution mapping bias correction methods are effective in adjusting mean
annual RCM simulation of rainfall. A substantial difference
was found between raw RCM output and RCM output with
bias correction in magnitude and spatial distribution of rainfall
in the Jemma sub-basin (Fig. 4). The overestimation (CCLM
model groups) and underestimation (REMO model groups) of
annual rainfall outputs compared to the observed annual rainfall were sufficiently corrected for the entire sub-basin using
linear scaling, power transformation and distribution mapping
methods. These bias correction methods resounded comparable performance in adjusting mean annual rainfall of RCM
outputs with the observed rainfall of the sub-basin (Fig. 4).
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Fig. 4 Mean annual rainfall (mm) of observed, raw RCM simulations and
bias-corrected RCM outputs for the period 1981–2005: (a) observation,
(b) raw simulation of CCLM4 (CNRM-CM5), (c) raw simulation of
REMO (EC-EARTH), (d) bias-corrected output of CCLM4 (CNRMCM5) using distribution mapping, (e) bias-corrected output of REMO
(EC-EARTH) using distribution mapping, (f) bias-corrected output of

CCLM4 (CNRM-CM5) using linear scaling, (g) bias-corrected output
of REMO (EC-EARTH) using linear scaling, (h) bias-corrected output
of CCLM4 (CNRM-CM5) using power transformation (PT) and (i) biascorrected output of REMO (EC-EARTH) using power transformation
(PT)

Another important improvement of using bias correction
methods in this study is in adjusting elevation dependent
biases of RCM rainfall simulation. At the high elevation areas
(> 2800 m) of the Jemma sub-basin, RCM simulation showed
an overestimation of mean annual rainfall (Worku et al.
2018b). Conversely, in the lower elevation areas (< 1800 m)
of the Jemma sub-basin, the RCM simulation is characterized
by underestimation of mean annual rainfall. Such underestimation and overestimation of RCM simulation are effectively
adjusted through all bias correction methods (Fig. 5). The
overestimation of rainfall in high elevation areas by climate
models simulation is not only in this study area. The simulation of rainfall by climate models was also characterized by
overestimation over the Ethiopian highlands and the Upper
Blue Nile Basin (Haile and Rientjes 2015). Probably, this
could be due to the weakness of the models in the parametrization of local scale convection schemes and cloud parametrization in the high elevation areas.
Similar to annual rainfall simulation, the RCM simulation
presented an overestimation and underestimation of mean
monthly rainfall in the higher and lower elevation areas,

respectively. The RCMs also provided different estimates of
peak rainfall values at different locations in the sub-basin. The
highest observed monthly rainfall occurred in July and
August, whereas CCLM (CNRM-CM5) and CCLM (ECEARTH) RCMs simulated higher rainfall occurred in
September, October and May. Linear scaling, power transformation and distribution mapping methods were effective and
showed comparable performance to correct the RCM simulation of mean monthly and seasonal rainfall biases. Sub-basin
wide analysis showed that the RMSE and NSE between
monthly observed rainfall and ensemble of RCM simulation
of rainfall were 60 mm and 0.57, respectively. However, the
RMSE and NSE between monthly observed rainfall and biascorrected ensemble of RCM rainfall were 1.82 mm and 0.99,
respectively.
Other studies (Teutschbein and Seibert 2012; Chen et al.
2013; Fang et al. 2015) have also investigated comparable
performance among different bias correction methods in
correcting mean monthly and annual rainfall and temperature
values. For instance, power transformation, linear scaling, variance scaling and distribution mapping methods were
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Fig. 5 Mean monthly rainfall (mm) of observed and bias-corrected RCMs in central (A),eastern (B), western (C) and northeastern (D) parts of the Jemma
sub-basin. DM, LS and PT are to indicate distribution mapping, linear scaling and power transformation bias correction methods, respectively

successfully correct the mean values (Teutschbein and Seibert
(2012). In the Upper Blue Nile Basin, bias correction methods
showed improved performance in reproducing monthly rainfall values of GCM and RCM simulation (Elshamy et al.
2009; Liersch et al. 2016). Linear scaling bias correction
method was also used to correct biases from Climate
Forecast System Re-Analysis (CFSR) dataset and able to adjust mean daily, monthly and annual rainfall of the reanalysis
dataset at different regions of Ethiopia (Berhanu et al. 2016).
The RCM simulation of temperature showed consistent underestimation. For example, the RCMs provided a consistent
underestimation of mean monthly TMAX and TMIN in the
central and higher elevation (north-eastern) areas of the subbasin. Linear scaling, variance scaling and distribution mapping
methods were effective and showed comparable performance
in adjusting the RCM simulation of mean monthly TMAX and
TMIN temperature. An illustration is available at S2 of supplementary information. Analogously, distribution mapping method was effective to adjust TMAX and TMIN simulation of
GCMs at Addis Ababa, Ethiopia (Feyissa et al. 2018).

The high performance of bias correction methods in
adjusting mean monthly and annual rainfall and temperature
values unfolds most bias correction methods apply similar
scale parameters to adjust the simulation of RCMs. The performance of bias correction methods in correcting the frequencies and intensities of rainfall and temperature events and
values is to be evaluated using other robust statistical metrics.
These are the extreme events of rainfall and temperature
which trigger a higher impact on the socio-economic and natural ecosystems. As a result, climate scenarios that efficiently
simulate extreme values are important to develop vigorous
adaptation decisions.
Standard deviation, CV, percentiles and probability of wet
days (Pwet) are robust statistical metrics to evaluate bias correction methods performance in fine-tuning extreme values
and distribution of rainfall and temperature events. The three
bias correction methods showed comparable performance in
adjusting the CV of rainfall of the RCMs with the observed
data. In all methods, there is a high CV during dry months
(October–February) (Fig. 6). There exists an apparent
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Fig. 6 Ability of linear scaling (LS), distribution mapping (DM) and power transformation (PT) to adjust the daily rainfall as measured by coefficient of
variation (CV), 90th percentile (X90) and probability of wet days (Pwet) in central (A) and northeastern (B) areas of the Jemma sub-basin

difference between distribution mapping, power transformation and linear scaling methods to adjust wet day probability.
Distribution mapping method is better in reproducing wet day
probability since it uses an RCM-specific rainfall threshold
approach (Schmidli et al. 2006). There were drizzle rainfall
events in all RCM simulation, which cause higher wet day
probability in RCM rainfall simulations than observational
rainfall. These drizzle rainfall events were effectively

corrected with distribution mapping than linear scaling method and power transformation (Fig. 6). Outputs from the distribution mapping were also able to capture the 90th percentile
of rainfall, particularly in the main rainy season, better than
linear scaling and power transformation outputs (Fig. 6).
The 90th percentile of TMAX and TMIN were corrected
well by linear scaling, variance scaling and distribution mapping methods, although distribution mapping performs better.
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Table 2 Root mean square error (RMSE) between observation and simulation using bias correction methods during validation. In first case, the dry
years were used for calibration and wet years were used for validation, and the second case vice versa
Validation years

Methods

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Wet years

Linear scaling
Distribution mapping
Linear scaling
Distribution mapping

135.51
19.16
13.80
13.98

87.54
29.11
17.86
18.25

83.80
50.55
43.37
44.53

3.63
21.61
3.30
1.62

35.03
38.71
76.33
73.29

50.09
48.96
120.51
118.59

55.33
64.17
32.00
34.57

115.98
132.46
76.12
79.94

29.66
31.47
33.55
31.04

22.15
20.11
23.51
22.13

101.53
66.68
12.32
12.60

152.70
5.74
11.77
11.87

Dry years

Generally, the raw RCM simulations are characterized by underestimation of TMAX and TMIN. The distribution mapping
method effectively corrected such deviations from the observational dataset. It particularly corrected the TMAX and
TMIN better in the months of June to August compared to
power transformation and linear scaling. An illustration is
available on S3 of supplementary information.
Similar to this study, other studies (Teutschbein and Seibert
2012; Chen et al. 2013; Fang et al. 2015; Azmat et al. 2018)
have also investigated a difference among bias correction
methods in correcting standard deviations, wet day probability, percentiles and other extreme values. Distribution mapping method generally showed better performance in
adjusting wet-day probability and percentiles of rainfall and
temperature (Teutschbein and Seibert 2012; Fang et al. 2015;
Azmat et al. 2018). For instance, Teutschbein and Seibert
(2012) have identified that the distribution mapping method
Table 3 Future mean rainfall (mm) for the near-term (2021–2050) and
long-term (2071–2100) periods compared to observed rainfall (1981–
2005)
Scenario

RCP4.5

RCP8.5

RCP2.6

RCMs

Mean annual rainfall (mm)
2021–2050

2071–2100

Observed (1981–2005)
CCLM(CNRM-CM5)
CCLM(EC-EARTH)

1001
516 (− 48%)
788 (− 21%)

1001
581 (− 42%)
740 (− 26%)

CCLM(MPI-ESM-LR)
CCLM(HadGEM2-ES)
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean
CCLM(CNRM-CM5)
CCLM(EC-EARTH)
CCLM(MPI-ESM-LR)
CCLM(HadGEM2-3S)
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean

828 (− 18%)
711 (− 29%)
915 (− 9%)
1038 (2%)
799 (− 20%)
571 (− 43%)
666 (− 34%)
808 (− 20%)
647 (− 36%)
993 (− 1%)
1006 (0.5%)
782 (− 22.68%)
881 (− 13%)
954 (− 6%)
917 (− 9%)

782 (− 22%)
659 (− 34%)
997 (− 1%)
984 (− 2%)
791 (− 21%)
583 (− 42%)
703 (− 30%)
804 (− 20%)
650 (− 35%)
1135 (12%)
985 (− 2%)
812 (− 19%)
917 (− 9%)
947 (− 6%)
932 (− 8%)

was better in correcting standard deviation, wet-day frequencies and 90th percentile than linear scaling, power transformation, variance scaling. Azmat et al. (2018) also investigated
that distribution mapping method was better in 95th percentile, 5-day maximum rainfall (mm), maximum dry and wet
spell length than local intensity scaling method.
Therefore, it is commendable to use distribution mapping
bias corrected rainfall and temperature RCM outputs for future climate change analysis and impact assessment. Such
robust RCM outputs can be useful to develop climate change
adaptation and mitigation strategies, such as devising sustainable watershed management practices that help to cope the
challenges of climate change while building resilience (Dile
et al. 2013). However, it is hardly known how these bias
correction methods perform under climate condition, which
is different from the current climate. Consequently, the performance of bias correction methods under different climate conditions is to be evaluated before using the output of bias correction methods for further climate change impact study.
The validation of bias correction methods using differential
split sampling testing shows the bias correction algorithms can
work under different climate condition, and this indicates that
the correction methods are valid for future climate condition.
During validation, the skill of bias correction methods is not as
high as the performance during calibration. There are overestimation and underestimation at dry and rainy months under
all bias correction methods during validation using the wet
years’ case. Using wet and dry years, the root mean square
error (RMSE) during validation showed variation than during
calibration. Still, the distribution mapping method is better
than power transformation and linear scaling in producing
monthly rainfall pattern and the RMSE of monthly rainfall is
low under the distribution mapping method during validation
using wet years (Table 2). Concurrently, Teutschbein and
Seibert 2013 also identified that the distribution mapping
method is better than other bias correction methods which
unfold low deviation from observation and robust under
changing climate conditions.

3.2 Projections of future rainfall and temperature
Future rainfall, TMAX and TMIN were projected using the
outputs of RCM bias-corrected through distribution mapping
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Fig. 7 Future models ensemble rainfall (mm) in comparison with observed rainfall: (a) observed, (b) ensemble mean (2021–2050) RCP4.5,
(c) ensemble mean (2021–2050) RCP8.5, (d) ensemble mean (2021–

2050) RCP2.6, (e) ensemble mean (2071–2100) RCP4.5, (f) ensemble
mean (2071–2100) RCP8.5 and (g) ensemble mean (2071–2100) RCP2.6

method. Near-term (2021–2050) and long-term (2071–2100)
future rainfall and temperature based on RCP4.5, RCP8.5 and

RCP2.6 emission scenarios were compared with historical
observed climate (1981–2005) (Table 3). The near-term and

Fig. 8 Mean monthly observed (1981–2005) and (A) near-term (2021–2050) and (B) long-term (2071–2100) future mean monthly rainfall under
RCP8.5, RCP4.5 and RCP2.6 emission scenarios. Values are area-weighted across the Jemma sub-basin
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Table 4 Future and observed
mean maximum and minimum
temperature (°C)

Scenario

RCP4.5

RCP8.5

RCP2.6

RCMs

Mean annual TMAX (°C)

Mean annual TMIN (°C)

2021–2050

2021–2050

2071–2100

20,171–2100

Observed (1981–2005)

21.16

21.16

9.83

9.83

CCLM(CNRM-CM5)
CCLM(EC-EARTH)
CCLM(MPI-ESM-LR)
CCLM(HadGEM2-ES)
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean
CCLM(CNRM-CM5)
CCLM(EC-EARTH)
CCLM(MPI-ESM-LR)
CCLM(HadGEM2-ES)
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean
REMO(EC-EARTH)
REMO(MPI-ESM-LR)
Ensemble mean

22.04 (+ 0.88)
22.28 (+ 1.11)
22.19 (+ 1.02)
22.17 (+ 1.00)
22.28 (+ 1.12)
22.07 (+ 0.91)
22.17 (+ 1.01)
22.15 (+ 0.99)
22.55 (+ 1.39)
22.54 (+ 1.37)
22.41 (+ 1.25)
22.34 (+ 1.17)
22.48 (+ 1.31)
22.41 (+ 1.25)
21.91 (+ 0.75)
21.92 (+ 0.76)
21.915 (+ 0.755)

22.99 (+ 1.83)
23.09 (+ 1.93)
22.88 (+ 1.72)
23.33 (+ 2.17)
23.08 (+ 1.91)
23.04 (+ 1.8)
23.07 (+ 1.9)
24.46 (+ 3.30)
21.79 (+ 0.63)
24.81 (+ 3.64)
24.69 (+ 3.53)
24.74 (+ 3.57)
25.28 (+ 4.11)
24.29 (+ 3.13)
22.00 (+ 0.84)
21.86 (+ 0.70)
21.93 (+ 0.77)

10.82 (+ 0.99)
11.11 (+ 1.27)
11.14 (+ 1.30)
10.44 (+ 0.61)
11.17 (+ 1.33)
11.17 (+ 1.33)
10.97 (+ 1.14)
11.13 (+ 1.30)
11.44 (+ 1.60)
11.47 (+ 1.63)
11.41 (+ 1.57)
11.55 (+ 1.71)
11.58 (+ 1.75)
11.43 (+ 1.59)
10.70 (+ 0.88)
10.83 (+ 1.00)
10.77 (+ 0.94)

12.14 (+ 2.30)
12.34 (+ 2.50)
12.17 (+ 2.34)
11.75 (+ 1.92)
12.53 (+ 2.70
12.34 (+ 2.50)
12.21 (+ 2.38)
14.24 (+ 4.41)
14.87 (+ 5.04)
15.07 (+ 5.23)
14.25 (+ 4.41)
15.11 (+ 5.28)
15.46 (+ 5.62)
14.83 (+ 5.00)
10.86 (+ 1.03)
10.76 (+ 0.94)
10.81 (+ 0.98)

Fig. 9 Mean historical and future models ensemble maximum
temperature (°C): (a) historical (1981–2005), (b) ensemble mean
(2021–2050) RCP4.5, (c) ensemble mean (2021–2050) RCP8.5, (d)

ensemble mean (2021–2050) RCP2.6, (e) ensemble mean (2071–2100)
RCP4.5, (f) ensemble mean (2071–2100) RCP8.5 and (g) ensemble mean
(2071–2100) RCP2.6
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Fig. 10 Trends (mm/year) in
R95p (very wet days), R99p
(extreme wet days) and R20mm
(number of very heavy
precipitation days) in near future
and long future from ensemble
mean of RCMs: (a) observed
(1981–2005), (b) ensemble mean
(2021–2050) RCP4.5, (c) ensemble mean (2021–2050) RCP8.5
and (d) ensemble mean (2071–
2100) RCP4.5

long-term annual rainfall of the Jemma sub-basin was
projected to decrease under the RCP4.5, RCP8.5 and
RCP2.6 emission scenarios, but with different magnitude.
The ensemble of bias corrected RCM output showed 19%
(or more) decline of rainfall for the near-term and long-term
futures. The ensemble also showed that the decline in rainfall
was higher in the near-term (− 22.68%) than long-term (−
19%) under the RCP8.5 scenario. While, under the RCP4.5
scenario, a higher decline of rainfall is projected for the long-

term (− 21%) than the near-term future (− 20%). Lower reduction of rainfall in the near- and long-term future is projected
under RCP2.6. However, when we compare similar RCMs
under other emission scenarios (REMO (EC-EARTH) and
REMO (MPI-ESM-LR)), there is comparable reduction of
rainfall under RCP2.6 and other emission scenarios (Table 3).
Most of the individual RCMs (S-RCMs) projected a
reduction of mean annual rainfall (Table 3) except
REMO models. Individual RCM projection of future
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−1
), TXn (Min TMAX,
R Fig. 11 −1Trends in TXx(Max TMAX, °C year
−1

°C year ) and TX90p (warm days, % year ) in near future and far
future from the ensemble mean of RCMs: (a) observed (1981–2005),
(b) ensemble mean (2021–2050) RCP4.5, (c) ensemble mean (2021–
2050) RCP8.5 and (d) ensemble mean (2071–2100) RCP4.5

rainfall ranged from − 43% (CCLM (CNRM-CM5)) to
0.5% (REMO (MPI-ESM-LR)) for the near-term and from −
42% (CCLM (CNRM-CM5)) to 12% (REMO (EC-EARTH))
for the long-term under RCP8.5 emission scenario. The
projected future rainfall had the same spatial pattern with the
observed rainfall, where lower rainfall is projected in the
northern part of the sub-basin (Fig. 7).
The ensemble near-term and long-term mean monthly rainfall was also projected to decrease under RCP4.5, RCP8.5 and
RCP2.6 emission scenarios. All RCM output showed a decrease in mean monthly rainfall in the near-term and longterm futures except GCMs downscaled using the REMO model (Fig. 8). Though the raw simulation of CCLM models was
characterized by overestimation in simulating historical main
rainy season (June–September) rainfall at higher altitudes (>
2800 m), higher monthly rainfall is projected from REMO
models than CCLM models (Fig. 8).
Studies (e.g., Beyene et al. 2010; Dile et al. 2013) show a
similar trend of rainfall in the Upper Blue Nile River basins in
the future period. For example, Dile et al. (2013) found a
decrease in rainfall by about − 30% during 2010–2040 in
Gilgel Abay watershed using statistically downscaled outputs
of the HadCM3 model. Conversely, there are other studies
(e.g., Mellander et al. 2013; Mekonnen and Disse 2016;
Liersch et al. 2016) which project an increase in future rainfall
in the Blue Nile Basin using GCM outputs. Mellander et al.
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(2013) projected an increase of mean annual rainfall by 6% in
the Upper Blue Nile Basin from 2050 to 2100 using single
ECHAM5/MP1-OM model output. Concomitantly,
Mekonnen and Disse (2016) reported an increasing trend of
future mean annual rainfall in this river basin using six GCM
outputs under A1B, A2 and B1 scenarios. There are also other
studies reported inconsistent or no trend of future rainfall
(Elshamy et al. 2009; Setegn et al. 2011). Elshamy et al.
(2009), using an ensemble of seventeen GCM outputs,
showed almost no change in the future (2081–2098) annual
rainfall in the Upper Blue Nile Basin. Likewise, Setegn et al.
(2011) studied the hydro-meteorological change in the Lake
Tana sub-basin using 11 CMIP3 GCM outputs. They found an
inconsistent trend of future rainfall; of the eleven CMIP3
GCM outputs, nine of them indicated a decrease in rainfall.
Projected TMAX and TMIN showed an increasing trend
under both RCP scenarios. Compared to the baseline period,
in the near-term, future ensemble of models showed an increase
of TMAX by 1.01 °C and TMIN by 1.14 °C under RCP4.5
scenario and an increase of TMAX by 1.25 °C and TMIN by
1.59 °C in RCP8.5 scenario. The highest increase was observed
in the long-term future and for the RCP8.5 scenario, where the
multi-model ensemble provided an increase of TMAX by
3.13 °C and TMIN by 5.00 °C (Table 4). Parallel to the assumption of emission scenarios, less increase of TMAX and TMIN is
projected under RCP2.6 (Table 4). This substantiates that there
will be low increase of temperature if the Paris Agreement and
other substantial measures by the global society are realized.
The projected future TMAX and TMIN showed a consistent
spatial pattern with the observed TMAX and TMIN where
lower values were projected in the eastern and northern part
of the sub-basin (Fig. 9).

Fig. 12 The uncertainty width among the RCM simulation. (a) RCM simulation and (b) bias-corrected RCM output of mean monthly rainfall in
comparison with observed rainfall for the historical period (1981–2005)
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The findings of projected TMAX and TMIN trends in the
Jemma sub-basin were also similar to other studies in the Blue
Nile Basin (e.g. Elshamy et al. 2009; Liersch et al. 2016;
Mekonnen and Disse 2016), and other regional and global
reports (Beyene et al. 2010; IPCC 2013). For example,
IPCC (2013) projected an increase in the mean temperature
from 2081 to 2100 by 2.6 to 4.8 °C under the RCP8.5 scenario, which is comparable to the temperature trend estimated for
the Jemma sub-basin. In the Blue Nile Basin, an increase in
temperature in the future with different magnitude is projected
from different models (Elshamy et al. 2009; Liersch et al.
2016; Mekonnen and Disse 2016).

Extreme rainfall events are projected to increase over different
regions of North America at the end of the twenty-first century
under RCP 8.5 scenario (Wang and Kotamarthi 2015).
Specific to Ethiopia, Garland et al. (2015) estimated an increase in temperature extremes in the future over the highland
regions of Ethiopia. TX_90P, TN_90P, TXx, TNx, TNn and
Rx5day tend to increase in the future climate over Addis
Ababa, central highlands of Ethiopia (Feyissa et al. 2018). In
general, the future climate would be characterized by high
rainfall and temperature extreme events and needs caution in
designing adaptation structures.

3.4 Uncertainties
3.3 Changes in future rainfall and temperature
extremes
Analysis of changes in rainfall extremes in the near-term and
long-term future using ETCCDI revealed that there would be
an increase in rainfall extremes, which is contrary to the decreasing trend of future mean annual and monthly rainfall
estimated in the sub-basin. In the near-term future under the
RCP8.5 scenario, there will be a significant (p < 0.05) increase
in the number of heavy rainfall days (R10mm) and very heavy
rainfall days (R20mm). An increase of extreme wet-days
(R99p) and very wet-days (R95p) is also projected, but not
significant. In comparison with the trends of historical rainfall
extremes (1981–2014) in the Jemma sub-basin (Worku et al.
2018a), an increasing trend of R20mm, R10mm and R95p is
low, while the trend in extreme wet-days (R99p) is high than
observed extreme rainfall trends (Fig. 10).
An increase in temperature extremes in the near-term and
long-term future under both RCP scenarios in the entire subbasin was projected (Fig. 11). All temperature indices showed
an increase in temperature extreme events in the future climate. For instance, in the long-term future under RCP8.5 scenario, significant increasing trends are projected in TXx (Max
TMAX), TXn (Min TMAX), TX90p (Warm days), TX10p
(Cool days), TN10p (Cool nights) and TN90p (Warm nights)
which confirm there would be more warming in the future.
The magnitude of the trends in these temperature extreme
indices is comparable with the historical trend of temperature
extreme indices in the sub-basin (Worku et al. 2018a). Higher
spatial homogeneity is observed in the trend of temperature
extremes in future climate than trends of temperature extreme
indices of historical climate, which is characterized by higher
diversity among different areas of the sub-basin. Most temperature extremes indicate more warming trend in the future in
the entire parts of the sub-basin (Fig. 11).
An increase in rainfall and temperature extremes is not only
in our study, but there are also various studies which have
investigated an increase of extremes in future climate. For
instance, IPCC (2013) projected more frequent hot and fewer
cold temperature extremes over most land areas of the world.

This study was based on blending of four GCMs (CNRMCM5, EC-EARTH, HadGEM2-ES and MPI-ESM-LR), two
RCMs (CCLM4 and REMO) and three emission scenarios
(RCP2.6, RCP4.5 and RCP8.5). The consistency and uncertainties among RCMs and emission scenarios was also investigated. The observed rainfall was captured by the raw simulation of RCMs, and it is within the uncertainty range of rainfall simulated by different RCMs (Fig. 12). The ensemble
mean of the RCMs is also within the uncertainty range of
different RCM simulation and captures the pattern of mean
monthly observed rainfall. Uncertainty could also stem from
bias correction methods. In this study, bias correction did not
trigger change on the climate change signal of rainfall. Both
the raw RCM simulation and the bias-corrected outputs show
comparable reduction of rainfall in main rainy season and an
increase in autumn (September to October) season (see supplementary material). GCMs downscaled through REMO
model showed a slight increase before and after bias
correction.
The RCMs and the ensemble mean of RCMs showed uniformity in climate change signal, but with different magnitude.
Strong similarity in rainfall change signal is found among the
ensemble mean of the RCMs (E-RCMs) than among the individual RCM (S-RCM) simulations (Table 3). The GCMs
downscaled through REMO model project lower reduction of
rainfall in the future climate than GCMs downscaled by
CCLM4 model. The difference among the RCMs to simulate
rainfall could be attributed to the variation in the parametrization schemes used to represent sub-grid processes (local forcing) such as convective rainfall. Thus, RCM selection during
climate scenario development could be crucial for climate
change projection and climate change impact assessment.
The variation among emission scenarios is lower than the
difference among the RCMs. In the RCP4.5 emission scenario,
higher reduction of rainfall is projected in the long-term climate
condition than the near-term climate condition. Conversely,
higher reduction of rainfall is projected in the near-term than
long-term climate condition under RCP8.5 emission scenario.
This entails that emission scenarios could trigger changes in
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some rainfall drivers, for instance emission scenarios may reduce convective activity and moisture of the lower atmosphere
over the air fields of the Jemma sub-basin. This also accentuates
local and regional forcings (internal variability) are to be also
important drivers of rainfall of the Jemma sub-basin and the
central highlands of Ethiopia. Another potential reason could
be the variation in the projected tropical ocean warming in the
near- and long-term future.
Considering the Paris agreement, future rainfall and temperature under RCP2.6 was also investigated. Rainfall projection
has showed lower reduction under RCP2.6 emission scenarios.
The RCMs (REMO(EC-EARTH) and REMO(MPI-ESM-LR))
under RCP4.5 and RCP8.5 also showed lower reduction of
rainfall. This further emphasizes that larger uncertainty is found
among the RCMs than the emission scenarios. However, it is
not certain to achieve the Paris climate agreement which requires 10% reduction of emission by 2030 from 2015 level to
realize a RCP2.6 and to limit warming to 2 °C above preindustrial level (Sanderson et al. 2016).
Contrary with the projected rainfall, large difference in
projected TMAX and TMIN is observed among emission
scenarios than among RCMs (Table 4). Corresponding
with the projected concentration of greenhouse gases, high
increase of TMAX and TMIN is projected in the long term
future than the near term future and in the RCP8.5 than
RCP4.5 and RCP2.6. Lower increases of TMAX and
TMIN are projected under RCP2.6 emission scenario.
The fifth IPCC assessment report has also attributed that
emission scenarios are major drivers of temperature change
(IPCC 2013). The individual RCMs and the ensemble
mean of the RCMs project higher increase of TMIN than
TMAX under near and long term climate scenarios. In
general, the steady increase of TMAX and TMIN has
showed strong agreement with the projected global
temperature.

4 Conclusion
Statistical bias correction is essential to get reliable climate
data from GCMs and RCMs for climate impact studies and
subsequently climate change adaptations and mitigation
policymaking. This study has intercompared statistical bias
correction methods which ranges from some simple additive
or multiplicative bias corrections methods to most robust
distribution based bias correction methods using different
statistical metrics. For this endeavour, rainfall and temperature simulations of six RCMs were used. The raw RCM
simulations particularly GCMs downscaled using CCLM4
model were characterized by overestimation and underestimation of rainfall in the higher and lower elevation areas of
the sub-basin, respectively. This bias of RCMs could stem
from the initial boundary condition (GCMs) and RCMs
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convective cloud parametrization schemes. Thus, for other
studies, it is worthwhile to use RCMs driven by reanalysis
datasets such as ERA dataset to reduce uncertainties and to
disentangle whether the biases are generated from RCMs or
driving GCMs. This study was based on six RCMs; however, it is also important to use more number of RCMs to
develop climate and climate impact scenarios.
This study ascertains a comparable performance among
bias correction methods in reproducing mean monthly and
mean annual rainfall and temperature. This unfolds as bias
correction methods use similar scale parameters. However,
most additive or multiplicative bias corrections methods struggle to adjust frequency based indices such as wet-day probability and the 90th percentiles. Distribution mapping method
showed superior performance in adjusting wet-day probability
and the 90th percentiles. Consequently, distribution mapping
method is can be used to analyse extreme values like drought
and flood and to design engineering structures to reduce impacts of extreme events. The performance of distribution mapping method to cope with non-stationary climate conditions
also warrants as this method can be used in other sub-basins of
the Blue Nile Basin. But, this study questions the use of linear
scaling and power transformation to adjust RCM simulation
and to develop climate scenarios. Further, future studies can
be designed using other frequency based indices such as intensity of wet days, consecutive dry days, consecutive wet
days and other indices to analyse the sensitivity of bias correction methods.
This study also develops climate scenarios using multiple
GCMs and RCMs, emission scenarios and robust statistical
bias correction method. Most individual RCMs (S-RCMs)
and all ensemble mean of RCMs (E-RCMs) showed an
agreement on climate change signal which revealed that
the future climate will be characterized by drier condition
and more warming. It is also projected that future climate
will be characterized by extreme rainfall and temperature
events. The change in climate and extremes events could
trigger profound impacts on the natural and anthropogenic
systems. To reduce anticipated impacts of climate change
and extreme events, it is essential to develop and apply
robust climate scenarios in designing optimal adaptation
and mitigation structures in the Jemma sub-basin and other
similar sub-basins of the Blue Nile Basin. Climate change
and extreme values could also have compound impact
through triggering flood or drought in the Jemma sub-basin.
Therefore, it is important to simulate the impact of projected
climate change on the hydrology of the Jemma sub-basin
using well calibrated and validated hydrological model.
Moreover, climate science and climate modelling are under
continuous improvement that further increase climate
models reliability and reduce uncertainty. Thus, climate scenario and climate impact scenarios can be refined in the
future.
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