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Abstract The historical datasets of five regional
climate models (RCMs) available in the Coordinated
Regional Downscaling Experiment (CORDEX)—
Africa database are evaluated against ground-based
observed rainfall in the Central Rift Valley Lakes
Basin of Ethiopia. The evaluation is aimed at deter-
mining how well the RCMs reproduce monthly,
seasonal, and annual cycles of rainfall and quantify
the uncertainty between the RCMs in downscaling
the same global climate model outputs. Root mean
square, bias, and correlation coefficient are used to
evaluate the ability of the RCM output. The multic-
riteria decision method of compromise programming
was used to choose the best climate models for the
climate condition of the Central Rift Valley Lakes
subbasin. The Rossby Center Regional Atmospheric
Model (RCA4) has downscaled ten global climate
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models (GCMs) and reproduces the monthly rainfall
with a complex spatial distribution of bias and root
mean square errors. The monthly bias varies in the
range of —35.8 to 189%. The summer (wet), spring,
winter (dry), and annual rainfall varied within the
range of 1.44 to 23.66%,—7.08 to 20.04%,—7.35 to
57%, and—3.11 to 16.5%, respectively. To find the
source of uncertainty, the same GCMs but down-
scaled by different RCMs were analyzed. The test
results showed that each RCM differently downscaled
the same GCM, and there was no single RCM model
that consistently simulated the climate conditions
over the stations in the study regions. However, the
evaluation finds reasonable model skill in represent-
ing the temporal cycles of rainfall and suggests the
use of RCMs where climate data is scarce after bias
correction.

Keywords Seasonality - RCM uncertainty -
Multicriteria decision method - Best climate model -
CORDEX-Africa - Central Rift Valley Lakes
subbasin

Introduction

Several global climate model (GCM) outputs with
different resolutions and emission scenarios are
available in the CMIP5 database (http://cmip-pcmdi.
lInl.gov/cmip5/terms.html). The GCM outputs are
used for climate change impact studies, data filling
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for data-scarce areas, and assessments of climate
uncertainty for a range of disciplines, including
water resources, agriculture, wildfire mitigation,
biodiversity conservation, and ecosystem change
(Breach et al., 2016; Fordham et al., 2011; Lin &
Tung, 2017; Pierce et al., 2009; Shi et al., 2018).
Each GCM differently simulates the climate con-
ditions of the same area or region (Kamworapan
& Surussavadee, 2019; Pierce et al., 2009; Raju &
Kumar, 2017). Numerous questions are raised about
the structure of the models and climate system para-
metrization, initial and boundary conditions, spatial
resolution and emission scenarios, and the relevance
of GCM outputs (Taylor et al., 2012; Kim et al.,
2014; Raju & Kumar 2015; Hidalgo & Alfaro, 2015;
Kamworapan & Surussavadee, 2019). Giorgi et al.
(2009) highlighted the importance of climate infor-
mation at regional and local scales. In this regard,
GCMs do not provide climate information on a local
scale (Giorgi et al., 2009).

It has been more than three decades since the
dynamical climate model of regional climate models
(RCMs) was developed (Giorgi, 2019) to bridge the
gap between GCMs and regional climate responses
through downscaling of GCMs (Dibaba et al., 2019;
Foley, 2010; Kalognomou et al., 2013; Luhunga
et al., 2016; Min et al., 2013). The RCMs have some
improvements over the driving GCMs and are used
as zooming devices (Dibaba et al., 2019). They are
an increasingly important source of climate informa-
tion and deliver comprehensive climate information
on a regional or smaller scale than GCMs (Foley,
2010). However, RCMs are subjected to several
uncertainties that are inherited from the boundary
conditions of GCMs, the size of domain integra-
tion, and the variability between RCM formula-
tions (Giorgi, 2019; Luhunga et al., 2016; Min et al.,
2013). For the worst scenario, RCMs unrealistically
simulate the frequency, intensity, and spatiotempo-
ral variability of climate variables such as rainfall
(Kalognomou et al., 2013).

Numerous studies have been done to simulate the
climate conditions in Africa and evaluate the per-
formance of RCMs. Among the researchers who
evaluated the performance of CORDEX-RCMs are
Luhunga et al. (2016), Okafor et al. (2019), Gyamfi
et al. (2021), Ilori and Balogun (2021), and Di Vir-
gilio et al. (2019) for West Africa; Warnatzsch and
Reay (2019) for sub-Saharan Africa; and Endris et al.
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(2013) for East Africa. Most of these studies used
gridded or reanalysis data as references to measure
the ability of the RCMs to simulate the climate condi-
tions of their regions of interest and concluded that
each RCM performed differently over a wide range of
the study regions.

Today, reanalysis datasets are widely used as
alternative sources of data where the observed data
are scarce or not reliable. Particularly in regions of
very sparse instrumental coverage, reanalysis prod-
ucts are sometimes used as sources of information.
These datasets are produced using the numerical
models, various data assimilation techniques, and
several observational datasets and multiple vari-
ables to reflect the state of the atmosphere at differ-
ent spatial and temporal scales (Bhattacharya et al.,
2020). However, different questions were raised
about their performance to simulate the climate
conditions of a specific regions (Hoffman et al.,
2017) and some researchers warn that reanalysis
data should not be equated with “real” observa-
tions and measurements (Bosilovich et al., 2013).
Furthermore, many researchers advise evaluating
their performance first before using them in other
applications, including to GCM and RCM perfor-
mance evaluation (Hassler & Lauer, 2021; Nkiaka
et al., 2017). The study reveals that the performance
of individual reanalysis products depends on the
assimilation of different portions of input observa-
tions, model physics, observing techniques, data
assimilation schemes, and available observations
and resolutions (Bhattacharya et al., 2020). Due to
this other reasons, the reanalysis data has poorly
simulated the climate conditions in tropical oceans,
complex mountain regions, northern Africa, and
high latitudes (Bhattacharya et al., 2020). Addi-
tionally, there are significant discrepancies between
annual and seasonal estimates between reanaly-
ses and observations (Hassler & Lauer, 2021; Sun
et al., 2018). For example, Goodarzi et al. (2022)
have evaluated the performance of TRMM, CDR,
CCS-CDR, and CFSR and concluded that the CDR
and CFSR satellite data are not helpful for the
Haraz-Gharehsoo Basin, as the corresponding data
suffered a significant underestimation of daily rain-
fall. Even some researchers identified the potential
bias of reanalysis data and advised applying a bias
correction before this dataset was used for analy-
sis (Garibay et al., 2021). Generally, since multiple
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factors can affect the results of reanalysis products,
such as topographic and climatic conditions, it has
been suggested by many authors to evaluate the
accuracy of satellite-based products to obtain more
robust results (Bhattacharya et al., 2020; Goodarzi
et al., 2022; Hassler & Lauer, 2021; Nkiaka et al.,
2017). The reliability of reanalysis datasets is lim-
ited by large differences in annual and seasonal esti-
mates in complex mountain areas and high-latitude
regions (Hassler & Lauer, 2021; Sun et al., 2018).
Therefore, care should be given while using the rea-
nalysis products as observed and evaluating the per-
formance of GCM/RCM outputs.

There are some studies on the performance evalua-
tion of RCMs in Ethiopia (Alemseged & Tom, 2015;
Dibaba et al., 2019; Endris et al., 2013; Jury, 2015;
Kim et al., 2014; Tesfaye et al., 2019; Worku et al.,
2018). All of these studies were mainly focused on
the spatial and temporal distribution of precipitation
(Alemseged & Tom, 2015; Worku et al., 2018), the
impact of large-scale climate circulation patterns or
teleconnection on precipitation (Endris et al., 2013),
and the spatial variability of annual precipitation
(Kim et al., 2014). Apart from these, almost all stud-
ies focused on the Upper Nile Basin and used the rea-
nalysis data as observation with all weakness that it
has (Alemseged & Tom, 2015; Dibaba et al., 2019;
Jury, 2015; Kim et al., 2014; Worku et al., 2018).

It is well known that all RCMs do not perform
equally well across regions (Endris et al., 2013).
Lack of enough study on RCM evaluation against
ground-based observed data, inconsistency of model
evaluation techniques, and lack of a clear criterion
or guideline to choose the premium RCM are some
of their gaps. Therefore, quantifying the perfor-
mance of RCMs for diverse climate conditions like
the Central Rift Valley Lakes subbasin (hereafter
referred to as the “CRV Lakes subbasin”) is very
important for data gap filling, which is a key to any
development in the subbasin. Keeping this in mind,
the aims of the study are (i) to evaluate the perfor-
mance of five RCMs, archived by CORDEX-Africa,
in reproducing monthly, seasonal, and annual rain-
fall over the CRV; (ii) to quantify the uncertainty
of regional climate models to downscale the same
GCM output; and (iii) to select the best RCM repre-
senting the climate condition of the CRV Lakes sub-
basin using a multicriteria decision-making compro-
mise programming method.

Materials and methods
Description of study area

The study was conducted in the Katar and Meki
watersheds, which are located in the central part
of Ethiopia’s Rift Valley Lakes Basin. Geographi-
cally, the Katar watershed is located between 38.88
to 39.41° E longitudes and 7.36 to 8.18° N latitudes,
with an altitudinal range of 1630 to 4188 m a.m.s.1.
Similarly, the Meki watershed is located between
38.22 to 39.00° E longitude and 7.83 to 8.46° N
latitude, with an altitudinal range of 1686 to 3614 m
a.m.s.l. (Fig. 1). Based on rainfall patterns, Ethio-
pia’s climate is classified into three seasons: sum-
mer (from June to September), spring (from Octo-
ber to January), and winter (from February to May)
(Ademe et al., 2020; Seleshi & Zanke, 2004). The
climate condition in the study area is influenced by
altitude, wind direction, and complex topographic
characteristics. The mean annual precipitation ranges
between 749 and 1276 mm and 712 and 1150 mm
in the Katar and Meki watersheds, respectively.
The average monthly minimum and maximum tem-
peratures range between 13.4 and 14.2 and 27.5 and
28.7 °C in the low-lying areas and 24 and 27 and
27.5 and 30 °C in the high-lying areas of the Katar
and Meki watersheds, respectively.

Input data

The Coordinated Regional Downscaling Experiment
(CORDEX) program was launched by the World Cli-
mate Research Program (WCRP) to advance regional
climate research and application through downscaling
to a higher resolution of climate information for four-
teen (14) regions of the world (Giorgi & Gutowski,
2016; Giorgi, 2019). There are 10 RCMs in the COR-
DEX archive for the Africa domain, developed by dif-
ferent institutions (https://esgf-node.llnl.gov/search/
esgf-llnl/). Historical monthly rainfall datasets of
twenty-two CMIP5 GCMs have been downscaled by
five RCMs (CCLM4-8-17, CRCMS5, RACMO22T,
RCA4, and REMO2009) downloaded from https://
esgf-node.llnl.gov/search/esgf-1inl/ for the period
1983-2005. The data is available with a horizontal
resolution of 0.44° (50 km), and the projections are
in a rotated grid format. The projections of the data
were remapped bilinearly into latitude/longitude, and
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Fig. 1 The study area digi- 444000
tal elevation model (DEM), 7
CORDEX grid points, and
observed stations in the
CRYV Lakes subbasin
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on Ubuntu operating system.

Monthly observed rainfall data for 22 stations
over the study region was collected from Ethiopia’s
National Meteorological Agency. The data were
carefully checked for missing values, and the homo-
geneity was checked using the standard normal
homogeneity test (SNHT) (Alexandersson, 1986),
Buishand’s range test (BRT) (Buishand, 1982), the
Pettit test (Pettitt, 1979), and the Von Neumann ratio
test (VNRT) (Von, Neumann, 1941). Finally, the test
results have been summarized following the Wijn-
gaard et al. (2003) procedure, and 15 stations were
selected for the performance evaluation of RCMs.

Data analysis methods
Interpolation of gridded climate datasets

To have a fair comparison between observed and
simulated datasets, the spatial grids of all RCMs were
aggregated into observed stations using the near-
est four grids around the observed stations using the
inverse distance weighted method IDWM), which is
represented by Eq. 1 (Dibaba et al., 2019; Hartkamp
et al., 1999; Luhunga et al., 2016; Ly et al., 2011;
Teegavarapu, 2009).

@ Springer
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where P, is the estimated value at the target sta-
tion m, n is the total number of grid points, d,,; is
the distance from grid points i to station m, and g;,
is the value at grid point i. k is the coefficient—the
most commonly suggested value is 2 (Teegavarapu
& Chandramouli, 2005; Vieux, 2004). The dis-
tance between the grid point and the target station
was calculated using the Haversine formula (Eq. 2)
for explicit longitude and latitude (Ingole & Nichat,
2015).

o, - -
iy = 2rsin‘l[\/ sin’ ( % ) ) + cos®, cos®,sin’ ( % ) 2)

where d,,; is the distance in a kilometer between two
points in longitude (&) and latitude (y) and r is the

radius of the earth.
Performance indicators

Several statistical metrics were available to meas-
ure the accuracy of the RCM simulation (Raju &
Kumar, 2014; Fordham et al., 2011; Raju et al.,
2016; Raju & Kumar, 2018). The most com-
monly used is the correlation coefficient (CC),
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normalized root mean square error (NRMSE), and
percent of bias (PBIAS) (Moriasi et al., 2007; Raju
& Kumar, 2014; Fordham et al., 2011; Raju et al.,
2016; Raju & Kumar, 2018). To describe the tem-
poral and spatial similarity between the observa-
tion and the simulation, the correlation coefficient
was used (Su et al., 2013). It measures the mean
difference between the observed and simulated
variables. The correlation coefficient can have
values ranging from —1 (negative correlation) to
1 (positive correlation). Sometimes, the CC might
include a value of zero indicating that there is no
relationship between the two variables and is cal-
culated by Eq. 3 (Raju & Kumar, 2018).

Zz 1 (was Xmean) (Yisim - Ymean)
(n—1)o

CC= 3)

obs Osim

where X, and Y, are the monthly observed and

simulated values i months, X, and Y., are the
average values of observed and simulated values, and
Ous and o, are the standard deviations of observed
and simulated values.

Normalized root mean square error (NRMSE) was
used to describe the ratio of root mean square error
between observed and simulated variables to the cor-
responding standard deviation of the observed (Su
et al., 2013). The smaller the value near zero is, the
better the model performance and is calculated using
Eq. 4 (Fuetal., 2013).

\/ Z 1(Xlobs_ lSlm)

NRMSE = 4)
\/_ i= 1( iobs Xm)2

n—1

The percent of bias (PBIAS) is used to measure
the average propensity of the simulated data to be
larger or smaller than its observed counterparts and
is calculated by Eq. 5 (Barrios et al., 2018; Moriasi
et al., 2007).

Yisim)/ Z (Yiobs)> (5)
i=1

The optimum value of PBIAS is zero for perfect
model simulation and a positive or negative value that
shows model underestimation or overestimation of
rainfall variables (Moriasi et al., 2007).

PBIAS = 100 * <Z (Y iops —

i=1

Multicriteria decision method (MCDM)
of compromise programing

In the fields of engineering and social science, sev-
eral decision-making methods are available to solve
different types of problems (Majmder, 2015; Mardani
et al., 2015; Raju & Kumar, 2018; Sabaei et al.,
2015). Among the several methods, compromise pro-
gramming (CP) takes on the challenge of determin-
ing decision-makers’ preferences realistically without
relying on the standard utility theory’s faulty assump-
tions. The primary goal of CP is to find an ideal solu-
tion, and every decision-maker pursues a solution that
is as close to the ideal point as possible. A distance
function is used in the analysis to obtain this prox-
imity. The distance (L) between the ideal values
is calculated using Eq. 6 (Raju et al., 2016; Beula &
Prasad, 2012).

»

L= lZ 25 ~fw) ] ©)

J=1

where indicators j=1,2... J; L,, = L, metric for
imputation method for the chosen value of parameter
P; fi=normalized value of indicator j; w;=weight
of performance indicator j; and p is a parameter (1
for linear, 2 for Euclidean distance measure) and for
this study, we adopted the p-value of 2. An entropy
method was used to normalize the measured values
and calculate the weight of various criteria from the
given payoff matrix (P;). It helps to make a decision
independently of the views of the decision-maker and
reduces subjectivity (Pomerol & Romero, 2000; Raju
& Kumar, 2014; Zhu et al., 2020). The first step of the
entropy method is standardizing the payoff matrix P
using Eq. 7 (Beula & Prasad, 2012; Zhu et al., 2020).

P = Py
=S )

For a given normalized payoff matrix p;, an
entropy E; is calculated using Eq. 8 for a set of alter-
native criteria j (Beula & Prasad, 2012; Zhu et al.,
2020).

E= ln(N)Z piln(p;)forj =1,..J (8)

@ Springer



888 Page 6 of 30

Environ Monit Assess (2023) 195:888

where N is the number of imputation techniques and j
is the number of indicators and degree of diversifica-
tion (D)) of the information provided by the outcomes
of criterion j and is calculated using Eq. 9 (Beula &
Prasad, 2012; Zhu et al., 2020).
Dj=1—Ejforj=1,...,J 9)

Then, finally, the normalized weights of indicators
are calculated using Eq. 10 (Beula & Prasad, 2012;
Zhu et al., 2020) and all the calculations are done on
Microsoft Excel 2016.

ST (10)
Y

Results

Spatiotemporal distribution of biases root mean
square error and correlation coefficient

The evaluations have been conducted following
guidelines for the performance assessment of the
public weather service of the World Meteorological

Organization (WMO) as reported by Gordon and
Shaykewich (2000). An overview of the results is pre-
sented for each climate model as follows.

The monthly cycle of rainfall

The monthly cycle of average rainfall is presented in
Fig. 2 for stations in the study area. The figures dis-
play the temporal variations of rainfall between the
GCMs and RCMs. All GCMs preserved the temporal
cycle of the observed rainfall with different magni-
tudes of over or underestimation.

The biases are calculated using Eq. 5 to assess
the performance of RCMs to simulate long-term
(1983-2005) average monthly rainfall at different sta-
tions in the CRV Lakes subbasin (Fig. 3a—e). Each
RCM differently simulates the monthly observed
rainfall amount over each station. From this fig-
ure, CCLM4-8-17 was derived by CMIP5 GCMs
(HadGEM2-ES, MPI-ESM-LR and CNRM-CMS5).
HadGEM2-ES and MPI-ESM-LR are underestimat-
ing monthly rainfall of all stations in the CRV Lakes
subbasin; with a magnitude bias in the range of —60.1
to—25.41 and—-52.8 to—0.35%, respectively. How-
ever, CNRM-CMS5 overestimated the monthly rainfall
of Adami-Tulu, Arata, Bui, Ejerse-Lele, Katar-genet,
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Fig. 2 Average monthly observed and simulated rainfall in millimeter. The number in the bracket stands for (1) for CCLM4-8-17,
(2) for CRCMS5, (3) for RACMO22T, (4) for RCA4, and (5) for REM 02009 regional climate models (RCMs)
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REMO2009 in the CRV Lakes subbasin

Koshe, Kulumsa, Meki, Ogolcho, Sagure, and Ziway
with biases in the range of 13.3 to 42% and underes-
timated the monthly rainfall of Asella, Butajera, and
Etheya with biases in the range of —2.12 to—13.14%
(Fig. 2a).

CRCMS was derived from two global climate mod-
els, MPI-ESM-LR and CanESM2. The MPI-ESM-LR
model overestimated the monthly rainfall of all sta-
tions with biases in the range of 17.4 to 115.48%. The
CanESM?2 model overestimated the monthly rainfall
of Adami-Tulu, Katar-genet, Ogolcho, Sagure, and
Ziway stations by a magnitude in the range of 0.08
to 19.95%. However, CCCma-CanESM?2 underesti-
mated precipitation in Asella, Bui, Butajera, Ejerse-
Lele, Koshe, Kulumsa, and Meki, within the biases

in the range of —3.51 to—36.37%. The performance
evaluation of CRCMS based on bias is presented in
Fig. 3b. From this figure, the CCCma-CanESM?2
model exhibited the lowest bias among the MPI-M-
MPI-ESM-LR over all stations.

RACMO22T was derived by two GCMs, EC-
EARTH and HadGEM2-ES. EC-EARTH underes-
timated the monthly rainfall of Asella, Eteya, and
Butajera stations with biases in the range of 11 to
17.3% and overestimated the monthly rainfall over
most stations with biases in the range of 9 to 45%.
The MOHC-HadGEM2-ES model overestimated the
monthly rainfall of Adami-Tulu, Ejerse-Lele, Katar-
genet, and Sagure by up to 10% and underestimated
the monthly rainfall of most stations with a bias in the

@ Springer
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range of 8 to 35%. In comparison to these two mod-
els, MOHC-HadGEM2-ES has lower biases than EC-
EARTH (Fig. 3c).

RCA4 was derived by ten (10) CMIP5 GCMs,
which is the maximum number of GCMs in the
CORDEX archive. CSIRO-Mk3-6-0, EC-EARTH,
MIROC5, HADGEM2-ES, MPI-ESM-LR, and
GFDL-ESM2M overestimated monthly rainfall
over all stations with biases in the range of 1.96 to
197.62%. CM5A-MR and CanESM2 underestimated
monthly rainfall over most stations with biases in the
range of 0.62 to 37% and overestimated rainfall over
a few stations with biases in the range of 0.42 to 63%.
On the other hand, CNRM-CMS5 and NorESM1-M
overestimated the monthly rainfall over most sta-
tions with biases in the range of 2.5 to 139.16% and
underestimated the monthly rainfall of very few sta-
tions with biases in the range of 5.38 to 14.69%. The
percentage of bias errors is very high for most climate
models at stations named Bui, Ejerse-Lele, Katar-
genet, and Sagure. As presented in Fig. 3d, Etheya,
Meki, Tora, Asella, Arata, and Adami-Tulu stations
performed well with the lower value of bias percent-
ages. Among the ten RCA4 climate model outputs,
CanESM?2 better simulates the monthly rainfall over
all stations.

REMO2009 was derived by five GCMs. MIROC-
MIROCS is the only GCM that overestimates monthly
rainfall over all stations with biases in the range of
11.12 to 192.28%. On the other hand, HadGEM2-
ES and GFDL-ESM2G underestimated the monthly
rainfall amounts of Bui, Butajera, and Eteya and
overestimated most stations (Fig. 3e). CMS5A-LR
and MPI-ESM-LR are climate models that over- and
undersimulate rainfall amounts with biases of mag-
nitude ranging between 3.3 and 107.5% and-—5.41
and — 34.8%, respectively.

A lower value of bias alone does not exhibit the
models’ performance. NRMSE has been used to
identify the best model based on the assumption
that an excellent model must have a smaller bias and
NRMSE. Figure 4a—e presents the results of the per-
formance evaluation of each RCM based on NRMSE.
The accuracy of the CCLM4-8-17 to downscale his-
torical monthly rainfall over most stations varied,
with errors in the range of 41.38 to 123.22% (Fig. 4a).
CNRM-CMS5 and HadGEM2-ES simulated monthly
rainfall over all stations with the NRMSE in the range
of 70 to 123% and 51 to 80%, respectively. Compared
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to these three models, the MPI-ESM-LR better per-
formed over most stations.

CRCMS5 was derived by the CCCma-CanESM2
and MPI-M-MPI-ESM-LR GCMs and the result of
their performance based on NRMSE are presented in
Fig. 4b. CCCma-CanESM2 and MPI-M-MPI-ESM-
LR simulated monthly rainfall over all stations with
NRMSE in the range of 48.64 to 91.75% and 61.45 to
169.19%, respectively. Compared to these two mod-
els, CCCma-CanESM2 is better performed in simu-
lating monthly rainfall. RACMO22T was derived
by ICHEC-EC-EARTH and MOHC-HadGEM2-ES
models. Figure 4c presents the NRMSE results of
both models to simulate monthly rainfall over all
stations with an NRMSE in the range of 37.33 to
89.98% and 45.69-59.91% respectively. However,
MOHC-HadGEM2-ES is relatively better performed
over most stations.

Figure 4d presents the performances of RCA4
based on NRMSE to downscale ten GCMs. All cli-
mate models simulated the monthly rainfall over each
station with an error in the range of 36.25 to 309.96%.
The largest error observed at Bui station with NRME
was in the range of 171.95 to 309.96%. Among these
climate models, there is no single model that consist-
ently simulates the monthly rainfall of the stations.
However, the NRMSE on Bui, Butajera, and Ejerse-
Lele is higher compared to that on other stations. The
REMO2009 was derived by five GCMs (CM5A-LR,
MIROCS5, HadGEM2-ES, GFDL-ESM2G, and MPI-
ESM-LR) and simulated the monthly rainfall over the
stations in the study region with an error in the range
of 15.89 to 219.59% (Fig. 4e).

The third statistical measure of performance is
the correlation coefficient (CC). It measures the
relationship between the simulated and observed
monthly rainfall. The spatial distribution of the CC
between simulation and observed data is shown
in Table 1. Except for CCLM4-8-17 driven by
CNRM-CMS5, all RCMs driven by each GCM have
positively correlated with the observed rainfall with
a value exceeding 0.5 over each station. Among
those RCMs and their driving GCMs, REM0O2009
driven by MPI-ESM-LR is the only climate model
that better simulates monthly rainfall over all sta-
tions compared to other RCMs in respect of the
driving GCMs. This might be resulting in the
numerical model structure and formulation of
RCM. In Di Luca et al.’s (2015) study, there are two



Environ Monit Assess (2023) 195:888

Page 9of 30 888

5 CNRM-CM5
= MPI-ESM-LR

®HadGEM2-ES
140 1
120 -
100

%“’*{90

\@ & S Q
Q;&%\é & &é‘\ ﬁ\ O

éq’ %s &o 4;@

B CCCma-CanESM2 u MPI-ESM-LR b

200 ~
150
100

50

0

N\ ‘b-

&vs“’ &
Y”

@w@’

@Q z"@ \z, Q/\e\ @5 o‘-’ &0@ $@
S

BEC-EARTH " HadGEM2-ES C

100 4
80
60

40

G

&

g D
A
£
00\0‘\®
R

° & 5 @
‘°\- es\%d‘\?

8 CCCma-CanESM2 ®CNRM-CM35 uCSIRO-Mk3-6-0 d

m EC-EARTH uCMSA-MR =MIROCS
400 4 mHadGEM2-ES EMPI-ESM-LR ENorESM1-M
B GFDL-ESM2M
300
200
100
0
R S > {:r S
o SIS
At
m]PSL-CMSA-LR ®MIROCS " HadGEM2-ES e
250 4 WGFDL-ESM2G @ MPI-ESM-LR
200 4
150 A
100 -
50 A
0 -
K@ &S @ > A 0 S
> & D QD ef* & & SRS & &
o ¥ & &< d{_o \&‘Q\oe\o%ég&(\)\q\
o Q Q,\ Q%

Fig. 4 Spatial distribution of monthly normalized root mean square error (%) of RCMs (a) CCLM4-8-17, b CRCMS, ¢ RAC-
MO22T, d RCA4, and (¢) REM02009 in the CRV Lakes subbasin

categories of factors influencing the RCMs: those
that are related to numerical experimental design
and those that are related to the particular climate
statistics to be evaluated. Another issue is related to
the scale difference between observed data (station
data) and gridded data (RCM), the lack of enough
spatial and temporal observed data, and the pres-
ence of orographic features (Rummukainen et al.,
2015). More specifically, in the study region, there
are strong effects of topography and direction of the
wind on the rainfall amount and distribution over
the CRV Lakes subbasin that the RCMs are never
able to capture.

The seasonal cycle of rainfall

Summer, winter, and spring are the seasons consid-
ered in this evaluation (Ademe et al., 2020; Seleshi
& Zanke, 2004). Figures 5 and 6 have presented the
seasonal cycle of rainfall over the Katar and Meki
watersheds respectively. GCMs downscaled by the
CCLM4-8-17 regional climate model underesti-
mated the summer season rainfall over all stations
in Katar and Meki watersheds except for Adami-T.
However, GCMs downscaled by CRCMS5, RAC-
MO22T, RCA4, and REMO2009 climate models
overestimated the summer season rainfall over all

@ Springer
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Fig. 5 Seasonal observed and simulated rainfall (mm) of stations in the Katar watershed. Text in the bracket stands for downscaling
regional climate model (RCMs) such as CCLM4-8-17, CRCMS5, RACMO22T, RCA4, and REM0O2009

stations considered for this study. All climate mod-
els (RCM/GCMs) overestimated the winter season
rainfall at Ketar G, Sagure, and Ejerse-L stations
and underestimate only at Adami-T station (Fig. 6).
However, over the rest of the stations, the RCMs/
GCMs show over- and underestimation characteris-
tics in both watersheds. Spring is the second rainy
season in the study region and most climate models
underestimated the spring season rainfall compared
with the observed rainfall at each station. Gener-
ally, the global climate models (GCMs) which were
downscaled by different RCMs overestimate the
summer rainfall except for CCLM4-8—17 and under-
estimate winter and spring season rainfall. This
shows that the global/regional climate model will
not be able to capture the seasonal cycle of rainfall
where topography is the major determinant factor
for rainfall condition for a region like CRV. This
shows that before applying any climate model for
impact assessment, it needs to quantify the degree
of discrepancy and bias correction is mandatory.

Based on the temporal cycle rainfall over the CRV
Lakes subbasin, the ability of each RCM was evalu-
ated for seasonal variation. Figure 7a—e presents the
performance evaluation of all RCMs based on their
biases. From this figure, CCLM4-8—17 underesti-
mated the seasonal rainfall over most stations with
an error in the range of 0.6 to 5.48% (Fig. 7a). How-
ever, CNRM-CM5 and MPI-ESM-LR overestimated
the summer rainfall at Adami-Tulu by a magnitude of
2.24 and 0.4% respectively. CRCM5 overestimated
the summer rainfall over most stations, with a bias
in the range of 1.24 to 19.55%. However, CanESM?2
underestimated the summer rainfall at Asella, Bui
Butajera, and Etheya with a bias in the range of 0.17
to 0.9% (Fig. 7b).

RACMO22T over- and underestimated the sum-
mer season rainfall over the stations with bias error in
the range of 0.22 to 3.55% and 4.76 to 9.86% respec-
tively. As presented in Fig. 7c, compared to these
two GCMs of RACMO22T, HadGEM2-ES better
simulates the summer rainfall over most stations. The
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Fig. 6 Seasonal observed and simulated rainfall (mm) of stations in the Meki watershed. Text in the bracket stands for downscaling
regional climate model (RCMs) such as CCLM4-8-17, CRCMS5, RACMO22T, RCA4, and REM02009

bias error of RCA4 is presented in Fig. 7d, and each
GCM overestimated the summer rainfall over most
stations with an error in the range of 0.38 to 21.17%.
Among these ten GCMs, CM5A-MR presented the
lowest bias ranging from 2.21 to 7.67%. The rest of
the GCMs have poorly simulated the summer rain-
fall over most stations, with a maximum value bias of
23.66%. The REMO02009 is presented in Fig. 7e and
the downscaled GCM results overestimated the sum-
mer season rainfall over most stations with an error
in the range of 3.34 to 24.62%. However, REM 02009
underestimated the summer season rainfall over
Asella, Bui, Butajera, Koshe, and Sagure stations
(Fig. 7e).

The NRMSE of the summer season for CCLM4-
8-17 driven by CNRM-CM5, HadGEM2-ES, and
MPI-ESM-LR varied between 8.22 and 22.23% over
all stations (Fig. 8a). The CRCMS5 model, which is

@ Springer

driven by CanESM2 and MPI-ESM-LR, has simu-
lated the summer rainfall of each station with an
error in the range of 5.21 to 68.63%. However, the
CanESM?2 model has better performance than the
MPI-ESM-LR at simulating summer rainfall over
most stations (Fig. 8b).

The NRMSE of the RACMO22T model, which is
driven by EC-EARTH and HadGEM2-ES, varied in
the range of 5.61 to 35.38% and 8.1 to 21.09% respec-
tively over all stations (Fig. 8c). Figure 8d shows the
NRMSE for RCA4, which has been driven by ten
different GCMs and has varied within the range of
7.56 to 74.12%. The accuracy of the RCA4 model to
simulate summer rainfall over all stations in the Gur-
age highland (Bui, Butajera, and Ejerse-Lele) and
the lowland of Meki (e.g., Adami-Tulu) and the mid-
land of Katar watershed (Sagure) is very poor. Simi-
larly, to the above models, the ability of REM0O2009
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subbasin

to simulate summer rainfall is presented in Fig. 8e.
The NRMSE of all models varies in the range of
7.71to 86.58%. The worst conditions have been seen
at Adami-Tulu station, with an error in the range of
35.92 to 86.58%.

The ability of RCMs and their respective GCMs
to be assessed for spring rainfall is evaluated by com-
paring the observed dataset of selected stations. As
Fig. 9a—e shows, the normalized bias for CCLM4-
8-17 driven by GCMs (CNRM-CM5, HadGEM2-
ES, and MPI-ESM-LR) has varied within the range

of —6.37 to 27.32% (Fig. 9a). Except for Adami-
Tulu, all models have performed very well with a
bias in the range of less than 10% over most stations.
CRCMS driven by CanESM?2 and MPI-ESM-LR has
simulated the spring rainfall with a bias error in the
range of —6.71 to 6.07% and — 3.98 to 23.16% respec-
tively (Fig. 9b). The bias error of RACMO22T to
downscale EC-EARTH and HadGEM2-ES models’
outputs for spring season rainfall over most stations is
varied within the range of —3.74 to 18.36 and —5.84
to 5% respectively (Fig. 9¢c). The HadGEM2-ES
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climate model can simulate the spring seasonal rain-
fall better than EC-EARTH.

RCA4 downscaled the output of ten different
GCMs for the spring season over most stations with
a bias error in the range of 7.08 to 28.64%. The reli-
ability of most models is very good for most stations
except for the Adami-Tulu station (Fig. 9d). Excep-
tionally, spring rainfall is more than summer rainfall
at Adami-Tulu station and the climate model can-
not capture this microclimate variability. The GCMs
downscaled by REMO2009 exhibited inconsistently
over- or underestimated spring rainfall over all sta-
tions with an error in the range of —5.81 to 51.49%
(Fig. 9e).
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Similarly, to the bias for the spring season, the
accuracy of RCMs in simulating spring rainfall has
been assessed by NRMSE and the results are pre-
sented in Fig. 10a—e. The performance assessment
of the CCLM4-8-17 model, to downscale outputs of
CNRM-CMS5, HadGEM2-ES, and MPI-ESM-LR, is
varied spatially over the study area with the NRMSE
in the range of 12.79 to 101.77% (Fig. 10a). CRCMS5
driven by CanESM?2 and MPI-ESM-LR has simulated
the spring rainfall over most stations with an error
in the range of 11.92 to 87.37% (Fig. 10b). RAC-
MO22T has downscaled the outputs of EC-EARTH
and HadGEM2-ES to a regional scale. Figure 10c
has presented the accuracy of the RACMO22T to
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simulate spring rainfall spatially varied over most sta-
tions, with an error in the range of 10.89 to 76.77% to
41.71% and 17.63 to 34.76% respectively. Similarly,
the performance assessment results for the outputs
of RCA4 and REMO2009 regional climate models
are displayed in Fig. 10d and e. Each RCM and their
respective GCMs are simulated at a different level
of accuracy. In general, the ability of each RCM and
their respective GCMs to simulate spring rainfall dif-
ferently over each station was evaluated, and there
is no single RCM or GCM that best estimates the
observed rainfall in spring over the stations.

Even if the dry (winter) season rainfall is insig-
nificant compared to the summer and spring seasons,
there is a small amount of rainfall from October to
January. Figure 11a—e has shown that the bias error

values of CCLM4-8-17 climate models of CNRM-
CMS5, HadGEM2-ES, and MPI-ESM-LR only under-
estimate the winter season rainfall over Adami-Tulu
station with a bias error in the range of 2.68 to 6.44%
(Fig. 11a). Compared to these three driving GCMs,
CNRM-CMS poorly simulates the winter season rain-
fall over all stations. CRCMS5 driven by CanESM?2
underestimated the winter season rainfall over some
stations, with a bias in the range of 1.15 to 6.85%.
However, except for the Adami-Tulu station, MPI-
ESM-LR overestimated the winter season rainfall
over all stations, which had a bias in the range of 3.75
to 22.76% (Fig. 11b).

The capability of RACMO22T to downscale EC-
EARTH and HadGEM2-ES climate model outputs to
a regional scale is presented in Fig. 11c. Both climate
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models under- and overestimated the winter season
rainfall over all stations, with biases in the range
of —6.7 to 9.5%. There is no significant difference in
the bias errors between these two models over most
stations. RCA4 downscaled the outputs of CMIP5
GCMs for winter season rainfall and is presented in
Fig. 11d. Few GCMs underestimated winter rainfall
over some stations, with biases in the range of 4.13 to
6.29%. However, the majority of GCMs overestimate
the winter season rainfall with bias errors in the range
of 10.69 to 57.06%. There is no single best model
among these ten GCMs’ output by the RCA4 regional
climate model for simulating winter rainfall in the
study area (Fig. 8d). REMO02009, which was derived
from five different GCMs, is presented in Fig. 11e. Its
performance in simulating winter season rainfall is
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presented in Fig. 8e. Except for Adami-Tulu stations,
all GCMs overestimate the winter season rainfall
over all stations with biases in the range of 10.11 to
34.22%.

Figure 12a shows the accuracy of the climate
model of CCLM4-8-17 to simulate winter season
rainfall over the stations varied with NRMSE in the
range of 1245 to 157.78%. CNRM-CMS poorly simu-
lated the winter season rainfall at Bui, Ejerse-Lele,
Ogolcho, and Sagure stations with an NRMSE of
between 98.53 and 157.78. The spatial distribution
of NRMSE between the driving HadGEM2-ES and
MPI-ESM-LR varies between 22.18 and 62.17% over
all stations. The performance of CRCMS5 to simu-
late winter rainfall over most stations varied with an
error in the range of 24.28 to 36.48% and 18.22 to
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Fig. 11 Winter biases (%) of RCMs in the CRV Lakes subbasin (a) CCLM4-8-17, b CRCM5, ¢ RACMO22T, d RCA4, and (e)

REMO2009

97.78% respectively (Fig. 12b). Similarly, for RAC-
MO22T driven by EC-EARTH and HadGEM2-ES,
the NRME spatially varied over most stations in the
range of 22.33 to 41.71% and 23.36 to 58.02% respec-
tively (Fig. 12c). The accuracy of CRA4 to simulate
winter rainfall over each station has varied with an
error in the range of 19.02 to 235.02% (Fig. 12d).
Exceptionally, all the driving GCMs of RCA4 poorly
simulate winter season rainfall at Bui, Ejerse-Lele,
Katar-genet, Ogolcho, and Sagure with an NRMSE
in the range of 42.52 to 235.02%. The performance
evaluation result for REMO2009 is shown in Fig. 12e
and the NRMSE has varied from 9.07 to 127.28% for
the study region. Relatively, MIROCS is the climate
model that poorly simulates the winter season rain-
fall over most stations, with the NRMSE in the range

between 49 and 127%. However, the MPI-ESM-LR
performed well with an NRMSE of less than 50%
over most stations compared to the rest. In general,
the performance of each RCM and their driving
GCM:s is evaluated against the observed winter (dry)
season rainfall over all stations. All RCMs and their
driving GCMs poorly simulated the winter season
rainfall over most stations.

Annual cycle of rainfall

Figure 13a—e presents the performance evaluation of
the annual cycle of rainfall for stations. The evalu-
ations were done for each RCM against observed
time series data from 1983 to 2005. The relative bias
of CCLM4-8-17 driven by GCMs (CNRM-CMS5,

@ Springer



888 Page 18 of 30

Environ Monit Assess (2023) 195:888

HCNRM-CMS5 @HadGEM2-ES ¥MPI-ESM-LR

60
40
20
0
&‘*& FFSE S S 6‘52\8}\30 DS
. .
F T FFFTEEY S TV
HCanESM2 ®MPI-ESM-LR
90 ~ b
70
50 -
30
10 A
-10 -4 & c\\‘b@& & 9 NS & 4@*
Sl A é‘\&@ @ %“*@&
v Y
80 MEC-EARTH &HadGEM2-ES
70 C
60
50 +
40 |
30
20
10
0
S8 \\fzr > p 2O O Y
S > \ @ & <~‘ F& 6\’&° &
Sl . o Q“ ° @ S eav ¥
& ¥ «&%, & TV

H CanESM2 H CNRM-CM5 i CSIRO-MK3-6-0
MEC-EARTH M]PSL-CMSA-MR &MIROCS d
B HadGEM2-ES EMPI-ESM-LR ENorESM1-M

8 GFDL-ESM2M

>
S Q’;&;@@ s \Loi;ﬁ@“ooo 5
MIPSL-CM5A-LR @MIROCS 4 HadGEM2-ES
EGFDL-ESM2G @MPI-ESM-LR e
140 4
120 A
100 4
80
60 -
40 A
20 1
0
vaé&& Yi‘q;&v & Q’: \‘b\f Eoss 9&« v“z' 9\&°° & ‘&‘\f’@

Fig. 12 Winter normalized root mean square error (%) of historical regional climate models (RCMs) (a) CCLM4-8-17, b CRCMS5,
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HadGEM2-ES, and MPI-ESM-LR) is presented in
Fig. 13a. Except for Arata and Ejerse-Lele stations,
CNRM-CMS overestimated the annual rainfall with a
bias in the range of 0.15 to 25.82% over most stations.
HadGEM2-ES and MPI-ESM-LR underestimated
the annual rainfall over most stations with an error
in the range of —0.03 to—5.0% and over the estimate
for Ziway station with an error in the range of 2.65
to 4.67%. CRCMS driven by CanESM2 underesti-
mated the annual rainfall over Arata, Asella, Buta-
jera, Katar-genet, Koshe, Kulumsa, and Sagure with
a bias value in the range of —0.72 to —2.81% stations.
However, for the rest of the stations, the output of the
CRCMS5 model overestimated the annual rainfall by
0.01 to 1.81% (Fig. 13b). The MPI-ESM-LR climate
model has overestimated the annual rainfall over all

@ Springer

stations with a relative bias in the range of 1.84 to
11.36%.

RACMO22T driven by EC-EARTH and
HadGEM2-ES over- and undersimulated the annual
rainfall with a bias in the range of—2.9 to 27.9%
(Fig. 13c). The RCA4 model, driven by CSIRO-
Mk3-6-0, MIOCOS, EC-EARTH, NorESM1-M, and
GFDL-ESM2M, overestimated the annual rainfall
with a bias range of 1 to 16.46% (Fig. 13d). How-
ever, the CanESM2, CNRM-CM5, CM5A-MR, and
HadGEM2-ES models are simulating the annual
rainfall with complex spatial configuration (under
and overestimation) in the study region. Similarly,
REMO2009 over- and undersimulated the annual
rainfall of the study region with a bias in the range
of —2.9 to 27.9% (Fig. 13e).
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The magnitude of the calculated NRMSE of
each model is presented in Fig. 11a—e. As Fig. 14a
shows, the NRMSE for CCLM4-8-17 driven by
CNRM-CMS5, HadGEM2-ES, and MPI-ESM-
LR climate models varied in the range of 7.09
to 16.18%, 11.38 to 19.36%, and 8.31 to 16.54%
respectively. The annual computed NRMSE for the
CRCMS regional climate model with its irrespec-
tive GCMs (CanESM2 and MPI-ESM-LR) is spa-
tially distributed over the study region with an error
in the range of 3.8 to 10.58% and 8.55 to 31.13%
respectively. When comparing these two models,

CanESM2 has the lowest error difference over most
stations (except for Butajera) than the MPI-ESM-
LR climate model (Fig. 14b). Figure 14c shows that
the spatial distribution of NRMSE for the RAC-
MO22T regional climate model is complex over
stations in the study region. Overall, the RMSE of
the EC-EARTH and HadGEM2-ES climate mod-
els has varied in the range of 5.14 to 16.94% and
5.14 to 13.21% respectively. As Fig. 14d shows,
the spatial distribution of RMSE of RCA4 over the
study region is very complex and there is no single
model that dominantly performed better over the
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stations. Relatively, CM5A-MR and CanESM?2 have
been considered suitable models among a group of
GCMs RCA4 with an error in the range of 6.11 to
19.87% and 6.43 to 21.26% respectively, whereas
for the rest of the climate models, computed values
of RMSEs have been presented up to 58.34% and
they have poorly simulated annual rainfall of the
study region. In addition, the REMO2009 climate
model has been characterized by NRMSE in the
range of 4.98 to 46.33%. Each GCM of REM0O2009
was presented with a different magnitude of
NRMSE over the stations (Fig. 14e).
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Uncertainty of RCMs

To see the aim of this study in-depth and character-
ize the difference between the observed and simu-
lated historical monthly rainfall, we compared the
bias and root mean square error for the monthly and
seasonal (summer, spring, and winter) annual cycles
for each RCM that downscaled the same GCM out-
put. An overview of the results of different RCMs
but for the same GCM is presented in Figs. 15 and
16 for bias and root mean square errors. The abil-
ity of four RCMs (CCLM4-8-17, CRCMS5, RCA4,
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and REMO?22) to downscale the historical long-
term (1983-2005) annual rainfall of the same GCM
(M-MPI-ESM-LR) at local meteorological stations
has performed differently (Fig. 15a). For example,
CCLM4-8-17 underestimated annual rainfall over
most stations with a bias in the range of 0.03 to 4.4%
and overestimated annual rainfall at Ziway stations
with a bias of 2.65%. CRCM5 and RCA overesti-
mated the annual rainfall over all stations with a bias
in the range of 1.18 to 11.37% and 1.15 to 12.96%,
respectively. Similarly, REMO22 underestimated the
annual rainfall over most stations with biases in the
range of 0.45 to 0.96% and overestimated over most
stations with biases in the range of 1.39 to 6.11%.
Compared to the output of these climate models,
REMO22 and CCLM4-8-17 are better performed at
downscaling the output of the global climate model
MPI-ESM-LR. This is also true for other RCMs with
their respective GCMs. CCLM4-8-17, RACMO22T,
RCA4, and REMO2009 were driven by the same
HasGEM2-ES and differently simulated the annual

total rainfall over all stations (Fig. 15b). REMO22T
and RCA4 are driven by GCM (MIROCS) and their
level of performance for simulated annual total rain-
fall is different over all stations (Fig. 15c¢). Simi-
larly, canESM2 is simulated by CRCMS5 and RCA4
(Fig. 15d), EC-EARTH is simulated by RCA4 and
REMO2009, IPSL-CMSA-MR is simulated by
GFDL-ESM2M, and CNRM-CMS is simulated by
CCLM4-8-17 and RCA4, and their performances are
different from each other.

Similarly to the bias, the NRMSE results showed
that each RCM performed differently to downscale
the same GCM over the same spatial location (sta-
tion) (Fig. 16a—d). Figure 16a presents the perfor-
mance of each GCM to downscale MPI-ESM-LR
spatially at the same location (stations). The NRMSE
varies in the range of 8.31 to 16.54% for CCLM4-
8-17, 8.55 to 31.13% for CRCMS, 9.64 to 47.83% for
RCA4, and 5.53 to 16.70% for REMO2009 (Fig. 16a).
Similarly, HadGEM2-ES has been downscaled by
four RCMs (CCLM4-8-17, RACMO22T, RCAA4,

@ Springer
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and REM0O2009). The NRMSE varies in the range
of 11.38 to 1936% for CCLM4-8-17, 5.14 to 13.21%
for RACMO22T, 9.03 to 48.81% for RCA4, and 4.98
to 25.16% for REMO2009 (Fig. 16b). Figure 16c
shows that MIROCS5 was downscaled by REM02009
and RCA4 and their performances in terms of
NRMSE varied in the range of 6.94 to 46.33% and
12.62 to 55.50%, respectively (Fig. 16c). CRCMS5
and RCA4 had downscaled the output of CanESM2,
and the RMSE values varied in the range of 3.80 to
10.58% and 6.43 to 21.26%, respectively (Fig. 16d).
Among these RCMs, RACMO22T downscales GCM
(HadGEM2-ES) very well, with NRMSE values
ranging from 5.14 to 13.21 over the stations studied.

Selection of best RCMs
Among the three performance indicators, bias has
a significant effect on the ranking of RCMs/GCMs

followed by NRMSE and CC over all stations con-
sidered for this study. For example, the Arata station

@ Springer

was presented for demonstration and the weight of
each indicator was given as bias (0.7894), followed
by NRMSE (0.1722) and CC (0.0383), and the com-
bined effect of NRMSE and CC is less than 25%.
Equations 6-10 were coded in Excel 2016, and the
entropy, degree of diversification, normalized weight,
payoff matrix (Py), and L, metrics were calculated,
and subsequently, the RCMs/GCMs for each station
were ranked. The entropy method assigns different
weights to each indicator and helps to differentiate the
degree of their importance. For each RCM/GCM, the
values of L, metrics were calculated using a compro-
mise programming method, and the minimum value
of the L,7 metric was considered suitable, and the
ranking configuration was gained accordingly for all
RCMs/GCMs in Excel 2016.

As the results are shown in Table 2, the value of
the L, metric is wide-ranging from 0.000 (first rank)
to 1.049 (least rank) over 22 GCMs. The regional
climate model of REMO2009 driven by MIROCS
occupied the first rank, followed by CRCMS5 driven



Environ Monit Assess (2023) 195:888

Page 23 of 30 888

Table 2 Normalized payoff

. Normalized payoff matrix
matrix (Pij) of NRMSE,

bias, CC, L, metric value, RCMs GCMs NRMSE bias CC Lp Rank
and ranking pattern for
Arata Meteorological CCLM4-8-17 CNRM-CM5 0.051 0.018 0.020 0.813 15
Station for precipitation HadGEM2-ES 0.036 0.054 0.037 0.504 10
under different weight MPL-ESM-LR 0.028 0.043 0047 0626 13
Scenatios CRCM5 CanESM2 0.044 0.000 0.042 1.049 22
MPI-ESM-LR 0.070 0.088 0.047 0.171 2
RACMO22T EC-EARTH 0.027 0.019 0.050 0.872 16
HadGEM2-ES 0.025 0.016 0.045 0.914 19
RCA4 CanESM2 0.029 0.017 0.047 0.891 17
CNRM-CM5 0.026 0.009 0.046 0.993 21
CSIRO-MK3-6-0 0.047 0.053 0.048 0.475 8
EC-EARTH 0.056 0.073 0.050 0.297
CM5A-MR 0.038 0.013 0.039 0.913 18
MIROCS5 0.042 0.071 0.052 0.355 6
HadGEM2-ES 0.067 0.046 0.047 0.470 7
MPI-ESM-LR 0.052 0.050 0.049 0.489 9
NorESM1-M 0.042 0.023 0.045 0.776 14
GFDL-ESM2M 0.050 0.047 0.042 0.522 11
REMO2009 CM5A-LR 0.027 0.015 0.046 0.917 20
MIROCS5 0.079 0.144 0.052 0.000 1
HadGEM2-ES 0.064 0.075 0.048 0.266
GFDL-ESM2G 0.062 0.079 0.048 0.246 3
MPI-ESM-LR 0.037 0.048 0.052 0.553 12

by MPI-ESM-LR and REMO2009 driven by GFDL-
ESM2G occupied the second and third ranks with L,
metric values of 0.000, 0.171, and 0.246 respectively.
The 4th and 5th ranks were occupied by REMO2009
driven by HadGEM2-ES and RCA4 driven by EC-
EARTH with L, metric values of 0.266 and 0.297
respectively, whereas RCA4 driven by CNRM-CMS5
and CRCMS5 driven by CanESM2 occupied the 21st
and 22nd ranks with L, metric values of 0.993 and
1.049 respectively. The ranking of RCMs/GCMs can
be used to select the best suitable RCMs/GCMs from
a wide range of alternatives to CORDEX output and
further processes such as bias correction and climate
change impact study using hydrological models.
HadGEM2-ES was downscaled by REMO2009,
RCA4, CCLM4-8-17, and RACMO22T modeling
institutions. However, their ranking positions are
4th, 7th, 10th, and 19th respectively. Similarly, the
MPI-ESM-LR global climate model results have
been downscaled by CRCMS5, RCA4, CCLM4-8-17,
and REMO2009 institutions and occupied the rank-
ing positions of 2nd, 9th, 12th, and 13th respectively.

MIROCS5 was downscaled by two different RCM
(REMO2009 and RCA4) institutes and occupied the
ranking positions of 1st and 6th. This is also true
for other similar GCMs but downscaled by different
modeling institutions. This may be because of the dif-
ference between the downscaling institutes and their
parametrization of the physical condition of the cli-
mate systems. A similar process has been repeatedly
applied to the rest of the meteorological stations and
their results are presented in Tables 3 and 4.

Discussion

One of the most significant meteorological charac-
teristics with notable regional and temporal variation
is precipitation. For sustainable catchment manage-
ment and water infrastructure projects, it is urgently
necessary to have accurate future climate projections.
RCMs are the most advanced tool for simulating
future climate conditions. However, it is necessary to
assess its efficiency in simulating spatial and temporal
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Table 4 Normalized payoff matrix (Pij) of NRMSE, bias, and CC, Lp metric value, and ranking pattern for Meki watershed stations

for each RCM and their driving GCMs

RCMs GCMs Adami-T Bui Butajera Ejerse-L Koshe Meki Tora
L, Rank L, Rank L, Rank L, Rank L, Rank L, Rank L, Rank
CCLM4-8-17 CNRM-CMS5 146 13 1.80 13 0.78 20 1.63 12 034 13 0.60 14 048 19
HadGEM2-ES 1.88 16 1.51 11 047 9 1.78 14 029 10 041 7 031 11
MPI-ESM-LR 212 19 212 19 0.67 15 244 22 0.40 16 0.50 12 037 15
CRCM5 CanESM2 1.92 17 193 15 054 10 226 17 0.48 21 0.71 20 044 18
MPI-ESM-LR 043 3 1.60 12 0.64 14 1.32 10 0.10 5 0.08 2 0.04 2
RACMO22T EC-EARTH 146 14 2.13 20 0.79 21 197 15 045 19 0.70 19 0.51 20
HadGEM2-ES 232 21 2.10 18 062 13 239 21 041 17 0.63 16 040 16
RCA4 CanESM2 229 20 1.09 9 0.68 16 1.33 11 043 18 0.47 10 032 12
CNRM-CM5 195 18 0.64 8 0.39 8 0.67 8 033 12 0.66 18 059 22
CSIRO-Mk3-6-0 0.88 6 0.07 2 0.07 3 0.07 3 0.07 3 041 8 0.27
EC-EARTH 078 5 0.08 3 005 2 005 2 003 1 047 9 0.13
CMS5A-MR 233 22 1.14 10 0.60 11 123 9 045 20 049 11 0.35 13
MIROCS 092 7 0.12 4 0.15 5 033 7 0.11 8 0.55 13 0.17 4
HadGEM2-ES 1.16 9 0.02 1 0.02 1 0.04 1 0.03 2 0.60 15 022 6
MPI-ESM-LR 1.17 10 022 5 0.12 4 0.19 4 0.08 4 0.79 22 024 7
NorESM1-M 1.57 15 030 7 0.18 7 032 6 0.17 9 0.64 17 042 17
GFDL-ESM2M  1.20 11 027 6 0.16 6 025 5 0.10 6 0.72 21 028 10
REMO2009 CMSA-LR 1.37 12 1.83 14 0.62 12 230 19 056 22 0.01 1 0.53 21
MIROCS 0.00 1 2.18 21 0.83 22 1.68 13 0.11 7 025 4 002 1
HadGEM2-ES 048 4 2.03 16 0.68 17 2.38 20 036 14 021 3 0.28
GFDL-ESM2G  0.37 2 2.09 17 0.72 18 227 18 030 11 035 5 021 5
MPI-ESM-LR 1.02 8 222 22 0.77 19 220 16 0.39 15 035 5 035 14

scales. Therefore, the reliability and accuracy of five
RCMs have been evaluated to simulate monthly, sea-
sonal, and annual cycles of rainfall using the statis-
tical metrics of bias, NRMSE, and CC for the Katar
and Mekis subbasins of the CRV. Each RCM and its
driving GCM simulated rainfall temporal variabil-
ity with a complex spatial configuration (under- and
oversimulation). There is no single RCM or GCM
output that has better performance in simulating the
rainfall cycle of the study regions. The results agree
with similar studies in different regions (Luhunga
et al., 2016; Sarr et al., 2015; Stefanidis et al., 2020;
Worku et al., 2018). Intensive studies have been con-
ducted to evaluate the skill of global climate models
(GCMs) to simulate climate variables, mainly rainfall
and temperature, in different parts of the globe (Shi
et al., 2018; Su et al., 2013), and there is a large dif-
ference between intermodel performance and simu-
lated climate variables of the same region or station.
Similar studies were conducted in Upper Blue Nile

Basin of Jemma subbasin by Worku et al. (2018), and
they recommend that the ensemble mean of the mod-
els was superior in capturing the annual and seasonal
pattern of the rainfall and had better correlation with
observed than any single model (RCM).

Computed values of L, can be present in
Tables 3 and 4 for each RCM driven by a similar
GCM over the stations. Based on the results, there
is no single RCM that performs better consistently
over the study region. The ability of each RCM to
simulate similar driving GCM is compared for the
whole study area and the level of their performance
is not the same. Based on these three-performance
evaluation criteria, each RCM cannot persuasively
simulate the output of driving GCM to regional
conditions and is unable to represent the spatiotem-
poral variability of rainfall. A similar uncertainty
analysis of RCMs has been conducted by Lahunga
et al. (2016) in Tanzania on rainfall and tempera-
ture. The results show that there is no similarity
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Table 5 Top five GCMs/RCMs identified for the Katar subbasin

RCMs GCMs Arata Asella Iteya Katar Kulumsa Ogolcho Sagure Weighted
Individual rank at each station rank
CRCM5 MPI-ESM-LR 2 11 5 9 7 2 10 46 5
RCA4 EC-EARTH 5 3 10 1 1 5 1 26 1
MIROC5 6 4 11 3 3 8 3 38 2
HadGEM2-ES 7 6 12 2 2 11 2 42 4
REMO2009 MIROCS 1 5 8 7 8 1 9 39 3

between RCMs in simulating the respective driving
GCM outputs. Christensen and Christensen (2007)
and Foley (2010) have made intermodal compari-
sons for EU PRUDENCE (Prediction of regional
scenarios and uncertainty for Defining EuropeaN
Climate Changes, risks, and effects) using the same
driving GCM, and the difference in RCM design
can result in quite different outcomes. Generally,
there are uncertainties arising from natural climatic
fluctuations and future atmospheric emissions, in
addition to those derived from model construction
(Christensen & Christensen, 2007). And also, there
is no single RCM or driving GCM that is domi-
nantly occupied by the first three ranks in the study
regions (Tables 3 and 4). This has been confirmed
by a similar study conducted by Su et al. (2013)
and Raju et al. (2016). Stefanidis et al.(2020) have
evaluated the performance of RCMs to simulate
seasonal precipitation over the mountainous region
of Central Pindus (Greece) and they found that,
except REMO, most RCMs fail to represent the
temporal variability of precipitation time series in
their study region.

The relevance of the compromise programming
of the multicriteria decision-making approach was
applied to identify the best climate model for the

Table 6 Top Five GCMs/RCMs identified for the Meki subbasin

study regions. Following the procedures, the top
five (which has a lower weight rank) were selected
for both the Katar and Meki study regions, and the
results are summarized in Tables 5 and 6. Similar
studies were conducted by Raju et al. (2016) to select
the best climate model for India.

Conclusion

In this study, we applied a multicriteria score-based
methodology to evaluate the outputs of various
regional climate models throughout the period of
1983-2005 in Ethiopia’s CRV Lakes subbasin. This
study evaluated the performance of 22 GCMs (5
RCMs downscaled) precipitation outputs using a vari-
ety of evaluation criteria. To choose the right GCMs
for the study region, a multi-criteria decision method
was employed that could provide an independent
decision based on the criteria pertinent to their par-
ticular application and research objectives. Based on
this, the following conclusions were drawn out by the
study.

1. Each RCM cannot reproduce the monthly, seasonal,
and annual cycle of rainfall over most stations, and

RCMs GCMs Adami-T Bui Butajera Ejerse-L Koshe Meki Ziway Weighted
rank
Individual rank at each station
CRCMS5 MPI-ESM-LR 3 12 14 10 5 2 2 50 4
RCA4 CSIRO-Mk3-6-0 6 2 3 3 3 8 8 41 2
EC-EARTH 5 3 2 2 1 9 4 29 1
MIROC5 7 4 5 7 8 13 6 54 5
HadGEM2-ES 9 1 1 1 2 15 7 42 3
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there is intermodal uncertainty in simulating the
same GCM. This difference might have resulted
from the assumption and formulation of RCMs that
represent the physical conditions or the climate con-
ditions of the study regions. For example, similar
driving GCM but downscaled by different institu-
tions simulated the climate condition of the same
station differently for bias and NRMSE.

2. The rank obtained for each station over the CRV
subbasin varies and there are no RCMs/GCMs
occupying the first three ranks for each station.
This demonstrates the importance of evaluat-
ing the RCMs before applying them for impact
or other related studies and choosing the best
climate model among available alternatives
(Tables 3 and 4).

3. Instead of using a single climate model to char-
acterize the climate conditions over the study
region, it is recommended to use ensembles of
the best climate models or the best of each cli-
mate model.

4. The approach might be used in many places and
serve as a guide for choosing the best GCMs for use
in studies on the impacts of regional climate change.
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