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Abstract
Using regional climate models (RCMs) and ensembles of multiple model simulation outputs without assessing their modeling performance did not always
ensure the best agreement between observed and modeled climate variables. To this end, assessing the modeling performance of regional climate models
(RCMs) is indispensable in selecting the most effective model to use for climate change impact studies. In this study, the performance of ten Coordinated
Regional Climate Downscaling Experiments (CORDEX) in Africa was examined against observational datasets from 1986 to 2005 across the entire Omo Gibe
River Basin (OGRB). The output of RCMs was evaluated based on their ability to reproduce the magnitude and pattern of monthly, seasonal, and annual
precipitation and air temperature, precipitation characteristics, and statistical metrics. The results con�rm the difference between RCMs in capturing climate
conditions at both spatial and temporal scales. The spatial pattern of mean annual precipitation was better reproduced by the ensemble mean and
RACMO22T (EC-EARTH). CCLM4-8-17 (MPI) and the ensemble mean reproduced the annual patterns of observed precipitation, even though the amounts were
different. Except for peak precipitation, all RCMs simulated seasonal precipitation, and the pattern was reasonably captured by RACMO22T (EC-EARTH),
CCLM4-8-17 (CNRM), RCA4 (CNRM), CCLM4-8-17 (MPI), and REMO2009 (MPI). The interannual and seasonal variability of precipitation was higher than the
variability of air temperature. It was found that observed and RCM precipitation simulations using CCLM4-8-17 (MPI), REMO2009 (MPI), and RCA4 (CNRM)
showed better agreement at several individual stations in the Omo Gibe River Basin (OGRB. Likewise, RCA4 (MPI) and CCLM4-8-17 (MPI) were superior in
capturing minimum and maximum air temperatures. The cumulative distribution of extreme precipitation was better captured by RCA4 (MIROC5), and all
RCMs, including their ensemble mean, overestimated the return period. Overall, the study emphasizes that the selection of robust RCMs that better reproduce
observed climate conditions and the use of multi-model ensembles of models with the best performance after systematic bias correction are fundamentally
necessary for any study of climate change impacts and adaptation in the OGRB.

1. Introduction
The effects of climate change are a reality everywhere in the world, regardless of their cause, and its threats are much more severe in developing and poor
countries (Asfaw et al., 2021; Demissie & Sime, 2021; Dibaba et al., 2019; Ofoegbu et al., 2019). In these regions, recovery from climate change risks is made
di�cult by their poor adaptability, excessive dependence on ecosystem resources for their livelihood and conventional agricultural systems (Asfaw et al., 2021;
Demissie & Sime, 2021; Dibaba et al., 2019; Ofoegbu et al., 2019; Warnatzsch & Reay, 2019). Moreover, the multifaceted connection between the climate
system and numerous natural earth processes, such as the hydrological cycle, biodiversity, and ecosystem health, outspreads the potential impacts of climate
change on the subsistence of multiple human activities in very different ways.

Africa's CO2 emissions are much lower than the rest of the world, but the continent is one of the most vulnerable regions to the effects of climate change,
particularly susceptible in sub-Saharan regions (Adenuga et al., 2021). Climate change has increased temperatures across the continent, and in some cases
caused prolonged heat waves (Mueller & Seneviratne, 2013). Along with rising temperatures and frequent �uctuations in rainfall in the region, existing
challenges in agricultural production, food security, health, poverty, water resources, energy, and ecosystem services are expected to worsen (Ayugi et al., 2021;
Demissie & Sime, 2021; Francisco & Camargo, 2020; Warnatzsch & Reay, 2019). Moreover, agricultural expansion, rapid population growth, and increased
demand for freshwater resources, coupled with the horrible consequences of excessive hydrological events, including �oods and prolonged drought have
worsened conditions in the region (Ayugi et al., 2021; Demissie & Sime, 2021).

In Ethiopia, agriculture is the spine of the �nancial system, and the source of food for the majority of the population (Yigezu, 2021; Welteji, 2018). About 90%
of agricultural productivity relies on rainfall, and its variability in tandem with air temperature has induced a signi�cant impact on the sector (Asseng et al.,
2015). The main reason for the country's extreme vulnerability to climate variability and change is due to heavy dependence on rain-fed agriculture,
underdevelopment of water resources, and poor river basin management practices (Anose et al., 2022; Gebrechorkos et al., 2019; Moges, 2013). The country is
regularly subject to famine and various socioeconomic disasters (Anose et al., 2022; Teshome & Zhang, 2019). Therefore, the effects of climate change are a
serious challenge regarding the sustainability of water resources and agricultural production in the country of Ethiopia.

Accurate information on regional climate models (RCMs) is needed to �ll the gaps due to the lack of country-speci�c instruments for assessing regional and
local effects of climate change, conducting impact assessments, and developing adaptation strategies at the regional or national level (Demissie & Sime,
2021; Guo et al., 2018). Examining how historical climate has recorded observational data plays a major role in better estimating future climate change and
assessing its impacts from multiple perspectives (Pang et al., 2021). Since its invention, the Global Climate Model (GCM) output has been used in several
studies to predict future changes in the earth's climate (Ayugi et al., 2021; Girma et al., 2022). Various scholars have described the coarse spatial resolution of
GCMs as having limitations in projecting climate change at a local scale (Demissie & Sime, 2021; Dibaba et al., 2019; Stefanidis et al., 2020). The coarse
resolution also prevents global models from accurately describing extreme hydrological events (Girma et al., 2022; Worku et al., 2018). Therefore, to obtain
appropriate temporal and spatial scales for local climate change impact studies, it is essential to downscale climate model output from low spatial resolution
GCMs to the highest regional scale resolution.

Currently, different organizations use the results of RCM simulations to conduct local detailed studies of climate impacts and to explain land surface
heterogeneity (Ayugi et al., 2021; Dhidiou et al., 2014). The Coordinated Regional Climate Downscaling Experiment (CORDEX) provides local-scale information
for the climate modeling community and relevant climate information for end users (Gutowski et al., 2016). CORDEX-Africa is an initiative launched by the
World Climate Research Program (WCRP) to downscale various GCM outputs and produce an ensemble of high-resolution (~ 50 km) historical and future
climate projections for the African continent (Dibaba et al., 2019; Worku et al., 2018). RCM simulations are useful for understanding local climates in regions
with complex topography (Warnatzsch & Reay, 2019). Moreover, RCMs act as a zooming device to provide climate information at regional and local scales
(Akinsanola et al., 2015; Ayugi et al., 2021). Several studies have shown that RCMs reproduce the most reliable annual and seasonal estimates of precipitation
and air temperature, and are preferred in analyzing the distribution and frequency of extreme precipitation (Dosio et al., 2015; Worku et al., 2018). A study by
Warnatzsch & Reay, (2019) reported that RCMs performed well in simulating air temperature, which resulted in the poor simulation of precipitation, so their
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performance was variable. Luhunga et al., (2016) used observed station data to evaluate CORDEX-RCMs in reproducing climate variables and found that
RCMs perform differently over a wide region of Tanzania. In addition, Mutayoba & Kashaigili, (2017) for Africa showed that the ensemble matched the
observed data better than the individual RCMs. In Ethiopia, some studies have shown that RCMs are biased at high altitudes but perform well in lower-altitude
regions (Demissie & Sime, 2021; Dibaba et al., 2019; Van Vooren et al., 2019; Worku et al., 2018). In the country, research has focused on climate change
vulnerability and mitigation measures using single RCM simulations (Endris et al., 2016; Etana et al., 2021). According to Dibaba et al., (2019); Mutayoba &
Kashaigili, (2017), not all RCMs are equally important in terms of their effectiveness in capturing a localized study area. The inconsistency in the performance
of RCMs when capturing in different regions and seasons implies an evaluation of the sensitivity of a region using several available RCMs and is necessary to
select the most effective RCMs for speci�c regions.

This study aimed to assess how well the Coordinated Regional Climate Downscaling Experiment (CORDEX) RCMs in the African domains reproduce the
climate conditions in the Omo-Gibe River basin (OGRB), Ethiopia. Ten RCMs that have been widely used in local-scale climate change impact studies across
Africa, particularly in East Africa were evaluated. RCMs simulation outputs were evaluated based on statistical metrics, annual and seasonal temperature, and
precipitation from actual ground observation data. In addition, a spatial distribution of precipitation for the entire basin was developed, taking into account the
cumulative distribution of the areal extreme precipitation, and the frequency of extreme precipitation was analyzed. Analysis and comparison of individual
RCMs and their ensembles will help us to better understand at the local scale how RCMs behave in areas of complex topography in capturing the climatology
of the OGRB in Ethiopia.

2. Materials And Methods

2.1 Description of the study area
This study was conducted to cover the entire Omo Gibe River Basin having an area of about 79000 km2, and is situated southwest of Ethiopia.

2.2 Regional and Global Climate Models (RCMs and GCMs) data
The RCMs simulated precipitation and air temperatures on a temporal resolution of the daily time step for the period 1986–2005 obtained from the
Coordinated Regional Climate Downscaling Experiment Program (CORDEX) fed by six CMIP5 GCMs. Historical GCM simulations used as initial boundary
conditions were initialized with atmospheric, ocean, land, and sea surface temperature (SST) conditions and constrained by observed natural and
anthropogenic concentrations of CO2 and aerosols (Taylor et al., 2012; Worku et al., 2018). For each RCM, the historical simulation and only the �rst ensemble
member (r1) were considered. The results of these simulations were obtained from the CORDEX project in the African domain with a spatial resolution of
nearly 0.44° * 0.44°. The selected RCMs in CORDEX Africa domains included CanRCM4, RACMO22T, REMO2009, RCA4, and CCLM4-8-17 and the details of the
RCMs used to regionalize the GCMs are listed in Table 1 along with their characteristics. The simulated historical period is available from 1950 to 2005;
however, common periods from 1986 to 2005 are used for all RCMs. These models have been evaluated in several studies on Africa and found to be effective
in simulating rainfall and air temperature (Demissie & Sime, 2021; Dibaba et al., 2019; Dosio et al., 2015; Worku et al., 2018). In the Omo Gibe River Basin, the
performance of the CORDEX Africa domains has not previously been evaluated using different RCMs, except in studies conducted by Demissie & Sime, (2021)
in the Jimma area, upper Gilgel Gibe districts. The RCM precipitation and air temperature data were downloaded from a public website of the Earth System
Grid Federation (ESGF) using the link: https://esgf-node.llnl.gov/search/esgf-llnl/, the required data for each station is extracted using the station's latitude
and longitude in ArcGIS.

Table 1
List and description of RCM and boundary conditions used with their simulation acronym

Description of the RCMs Driving GCM
Name

RCMs Reference

Koninklijk Nederlands Meteorologisch Institute (KNMI), Regional atmospheric climate
model version 2.2, Netherlands

ICHEC-EC-EARTH KNMI-
RACMO22T

(Meijgaard et al.,
2008)

Sveriges Meteorologiska och Hydrologiska Institute (SMHI), The Rossby Centre Regional
Climate model, Sweden

CNRM-CERFACS-
CNRM-CM5

MPI-M-MPI-ESM-
LR

MOHC-
HadGEM2-ES

MIROC-MIROC5

SMHI-RCA4 (Samuelsson et al.,
2011)

COnsortium for Small-scale MOdeling (COSMO) Climate Limited Area modelling
Community (CLMcom), USA

CNRM-CERFACS-
CNRM-CM5

MOHC-
HadGEM2-ES

MPI-M-MPI-ESM-
LR

CLMcom-
CCLM4-8-17

(Platonov & Kislov,
2020)

Max Planck Institute for Meteorology-Climate Service centre (MPI-CSC), Regional Model,
Germany

MPI-M-MPI-ESM-
LR

MPI-CSC-
REMO2009

(Jacob et al., 2007)

The Canadian Centre for Climate Modeling and Analysis second generation Earth System
Model, Canadian Regional Climate Model version 4

CCCma-
CanESM2

CCCma-
CanRCM4

(Caya et al., 1995;
Zadra et al., 2008)
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2.3 Observed meteorological data
In Ethiopia, the lack of meteorological observation data over long periods limits the ability to understand which processes in climate model representations are
most in need of improvement. Most of the meteorological gauging networks were installed in the country after the drought in the mid-1980s. The performance
evaluation of the RCM simulation result requires observed data or reference data. Even though there are large discrepancies between the actual gauge-based
datasets and the satellite datasets, several scientists have used satellite data to verify the RCM results. The climatology of the real observational
measurements of the ground network has been reproduced, allowing the detailed evaluation of the simulated precipitation at the regional scale (Diro et al.,
2011). Therefore, daily air temperature and precipitation data from actual weather stations obtained from the National Meteorological Service Agency of
Ethiopia were used for this study. The record duration of 20 years from 1986 to 2005 for twenty meteorological stations included in the descriptive map of the
study area Fig. 1 was considered to adequately re�ect the climatology of the basin. Usually, climate analysis requires complete data sets with no gaps and
missing records, the continuity of a record can be broken with missing data due to the absence of the observer and the failed instrument. Therefore, it is
necessary to estimate and complete the missing data before using it for hydrological analysis. The speci�c technique for integrating missing data is called
data imputation. The choice of this method is based on the percentage of data lost and the choice of neighboring stations. In this regard, precipitation
stations with many missing values and stations with only precipitation records are not eligible for evaluation. Consequently, the meteorological stations
described in Table 1 with the precipitation and temperature records were used for the analysis in the basin. In both cases, all stations have missing values of
less than 6 percent for the 1986–2005 records. Missing data were �lled in before analysis using XLSTAT 2018 software. It is statistical software that has been
used to examine the relationships of several variables at the same time (Vidal et al., 2020).

The quality and reliability of the observed data from all stations were examined in the homogeneity test. In this study, data homogeneity was checked using
the standard normal homogeneity test (SNHT) in XLSTAT. This method was used to identify a variation in a time series of precipitation data by comparing the
mean of the �rst k years of the record with the last n-k years (Agha et al., 2017; Demissie & Sime, 2021a; Elzeiny et al., 2019). Errors such as minimum
temperature above maximum temperature and negative precipitation values were corrected using nearby stations. Outliers, such as data outside the mean of
± four times the standard deviation, were changed to mean values from the days before and after the outlier day (WMO, 2009). The homogeneity of the
observed data was veri�ed, and the data of all the stations considered were found to be homogeneous.

2.4 Methods
In general, two performance evaluation criteria were used to measure how well climate models replicate or simulate the climatology of the entire basin under
study. The �rst criterion evaluates the ability of RCMs to reproduce the climatology of precipitation and the characteristics of rainfall events. This criterion
compared the mean annual and seasonal precipitation magnitude, mean monthly precipitation pattern, distribution, frequency of precipitation events, and
return period of the RCM results to that of the observed data. As a second evaluation criterion, statistical metrics were used, which are described in detail in the
following section.

2.4.1 Model performance evaluation metrics
The validation of climate models to reproduce observed climate variables such as precipitation and temperature for the reference period is exceptional in
terms of their potential application to the projected data set for future studies of climate change impacts in the Omo Gibe River Basin, Ethiopia. Therefore, the
systematic and dynamic behavior of the models was visualized by plotting the simulated and observed data on the same coordinate system. Not all models
were equally capable to simulate climate data, as they are in�uenced by factors such as the characteristics of the land. To evaluate the performance of RCMs
in simulating average annual precipitation and air temperature, several statistical approaches are widely used. They include the mean percentage of bias
(PBIAS), the Root Means Square Error (RMSE), and the Pearson correlation coe�cient (r) which are commonly used, and the performance of these evaluation
metrics have been explained and supported in multiple studies (Demissie & Sime, 2021; Dibaba et al., 2019; Martynov et al., 2013; Mendez et al., 2020;
Ongoma et al., 2019; Yimer et al., 2022).

The absolute percentage biases between the results of the regional climate model and the observed climatology were calculated for both precipitation and
temperature. The absolute percentage bias indicates the systematic error between the RCM and the actual climatology of the ground station. Negative values
indicate an underestimate, while positive values indicate an overestimation of climate models. The values closest to zero show a minimum systematic
difference and the best estimate of the climate models. Subsequent empirical equations were used to explain the absolute bias for precipitation and
temperature of the ten selected climate models and the mean ensemble over the Omo Gibe river basin to study spatial coherence and integrity in space.

RMSE is the absolute error of climate models when simulating climate variables and measures the difference between RCM results and actual observational
climatology. RMSE has the same unit as the observed variable, making its interpretation relatively simple. An RMSE value close to zero indicates favorable
performance.

The correlation coe�cient (r) and the coe�cient of determination (r2) are among the many approaches commonly used in various studies. Pearson's
correlation coe�cient measures the goodness of �t and linear association between two variables for example between RCM and observed station climatology

BIAS =
n

∑
i=1

(Si − Oi )( 1)
1

n

RMSE =


 

⎷

n

∑
i=1

(Si − Oi)
2 (2)
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(Bayissa et al., 2017; Diaconescu et al., 2016; Shiferaw et al., 2018). It measures how well climate indices based on the climate model reproduce or explain
observed climate indices. Although the daily input data of the time series were used to calculate the values of the climate indices, the time scale of the climate
indices is annual. This makes the data length relatively short for accurately estimating Pearson's correlation coe�cient values over the reporting period.
Instead, the pattern correlation coe�cient (sometimes called map correlation) was calculated between the maps using the climatic mean values of the
climatic indices from the observed data and the RCMs in the Omo gibe river basin. Pearson's correlation coe�cient is used in this study and its mathematical
formulation is shown below. Its value is between 1 and − 1. A positive indicates a strong positive relationship, while a negative indicates a strong negative
relationship, and zero indicates a weak or no relationship.

Where S is the simulated value of the RCMs and O is the observed value of the climatic variable, i refers to the simulated and observed pairs, n is the total
number of pairs and m refers to the mean.

In general, the smaller the absolute value of bias and the smaller the RMSE, the better the performance of the model and vice versa. The value of the
correlation coe�cient can vary from − 1 for a perfect negative correlation to 1 for a perfect positive correlation between the RCMs and the observed climatic
variables. In many cases, there is no single criterion that reliably indicates the best RCMs. Thus BIAS, RMSE, and r are used in combination. It is possible to
have an acceptable deviation of r from 1, while it is not possible to have an acceptable common value for BIAS and RMSE. In this regard, there is no
acceptable limit, except that the lower the BIAS and RMSE, the higher the accuracy of the model prediction. However, too low values could also lead to over-
re�nement.

2.4.2 Coe�cient of Variations in precipitation and air temperature
The coe�cient of variation (CV) was used to analyze seasonal and annual variations in precipitation data. The higher the CV value, the more variable the data,
with values below 20 indicating low variability, values between 20 and 30 indicating moderate variability, and values above 30 indicating high variability in the
recorded data (Mekonen & Berlie, 2020).

Where the symbol with a bar indicates the average statistical operation throughout the analysis period (1986–2005); the period of analysis (N) is 20 years; R
denotes the average amount of precipitation in the basin in a given year (t); σ refers to the standard deviation of the RCM or actual observed data. R without a
subscript indicates that the statistics are estimated separately for RCM or gauge basin precipitation. The calculated CV for precipitation measured and
simulated by the RCM assesses the extent to which the variability of precipitation is captured by the stations in the network and represented by the RCMs.

RCM simulations should capture the deviation of annual precipitation from the long-term mean to show the consistency of model simulations. Accordingly,
the compared precipitation anomaly (RA) of the RCM data and the gauge data de�ned for the gauge data here for a given year (t) is as follows:

The variables in the above equation have been de�ned previously. This equation is applied separately for gauge precipitation and RCM precipitation data.

The second evaluation criterion used in this study is to evaluate the annual cycles of precipitation and temperature. The study of how RCMs reproduce the
seasons of precipitation and temperature is analyzed. Third, the ability of individual RCMs and the mean ensemble to reproduce the inter-annual variability of
precipitation and temperature across the entire basins. For this study, the time series of spatially averaged precipitation and temperature anomalies from June
to September (JJAS) and March to May (MAM) are analyzed.

2.4.3 Spatial analysis of the precipitation data
The quality of the RCM simulation output can be evaluated from the actual measurements of the weather station. In this regard, there are several approaches
to obtaining the RCM grid climate parameters at a location of a weather station to compare them with equivalent parameters. The study by Ly et al., (2011) on
the spatial interpolation of daily precipitation on regular grids of catchments showed the comparison of different geostatistical and deterministic approaches.
The study found that performance varied slightly with the density of the measuring stations and varied signi�cantly for a smaller number of stations. The
study found that simple Kriging and inverse distance weighting produced the smallest RSME values and are therefore considered to be better-performing
methods. Similarly, the study by Hartkamp et al., (1999) showed comparisons of interpolation methods and indicated that IDW produces a better result. In this
study, by roughly comparing IDW with kriging and spline methods, it was found that ordinary kriging estimates are better when the number of stations to be
used is larger. After the RCM simulations are extracted by ArcGIS 10.4 using four grid points around each observational station, the simulated values are
interpolated to the observed station using ordinary kriging. In these methods, the weights of each interpolated point are calculated based on the spatial
structure of the interpolated location of all sampled points. The weights are determined from the variogram according to the spatial structure of the data and
applied to the sampled points, de�ned mathematically as follows:

r = (3)
∑n

i=1 (Si − Sm) (Oi − Om)

√∑n
i=1 (Si − Sm)2√∑n

i=1 (Oi − Om)2

CV = 100* (4)
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−

R
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Where the value of the predicted point (z-hat, at position x-naught) is equal to the sum of the value of each sampled point (x, at position i) multiplied by the
unique weight of that point (lambda, for position i). The covariance matrix of the estimated variogram is used to calculate the weights (slightly different
depending on the type of kriging performed).

3. Results And Discussions

3.1 Mean annual precipitation climatology
Rainfall is a key climatic variable in Ethiopia and particularly in the OGRB, where socio-economic activities in the region are largely based on rain-fed
agriculture. Evaluation of climate models in replicating observed climatology at a local scale is a criterion for con�dence in climate impact studies and
analysis (Ayugi et al., 2021). Therefore, the performance of the ten RCMs, together with their ensemble mean, were compared with their ability to reproduce the
observed annual climate, interannual and seasonal variability of precipitation and air temperature, and precipitation characteristics over the OGRB to select the
model with the best performance at the local scale. Most regional climate models overestimated the mean annual precipitation in OGRB, especially CanRCM4
(CanESM2), RCA4 (MIROC5), and RCA4 (MPI), while CCLM4-8-17 (HadGEM2), CCLM4-8-17 (MPI), and REMO2009 (MPI) models underestimated the mean
annual precipitation in the basin. In terms of BIAS statistics out of two hundred variants, the relative bias across all RCMs was found to be less than 20%,
which is an acceptable relative bias range for precipitation. The maximum relative bias score was 11.95 at the Sawla station by CCLM4-8-17 (HadGEM2) and
the minimum was 0.02 at the Dimeka station by CCLM4-8-17 (CNRM) (Table 2). In the upper reaches of the OGRB, especially in Emdibir, Gedo, and Gojeb, the
model simulation results overestimated the climatic characteristics of precipitation, while around the Sawla, Wolaita Sodo, and Keyafer lower reaches of the
basins, all regional climate models, including their ensemble mean, underestimated.

In terms of RMSE, all regional climate models captured better, except for a few stations in the upper and lower reaches of the basin, such as Emdibir, Gedo,
and Hossana stations using RCA4 RCM of all families and Sawla, Wolaita-Soda and Keyafer stations of all RCMs. The highest RMSE value of 12.43 was
recorded in Sawla CCLM4-8-17 (HadGEM2) and the lowest RMSE value was recorded in Assendabo CCLM4-8-17 (HadGEM2) with a magnitude of 0.52. A
systematic error occurred at Assendabo station and was followed by Woliso station. A small systematic error occurred when using the ensemble at most
stations other than individual RCMs. In terms of Pearson's correlation coe�cient (r), Baco, Bonga, Wolaita Sodo, all regional climate model simulated annual
mean precipitation is negatively correlated with observational data, except for RACMO22T (EC-EARTH) at Wolaita Sodo station, which is positively correlated
with observed data. The higher positive and negative Pearson correlation coe�cient (r) values were 0.88 at the Limu Genet station and − 0.85 at the Wolaita
Sodo station using the CCLM4-8-17 (CNRM) and CanRCM4 (CanESM2) models, respectively. Table 2 below presents the statistical indices of the basin-wide
mean annual precipitation simulations.

Ẑ (Xo) =
N

∑
i=1

λiZ (Xi) (6)
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Table 2
Statistical indices of RCMs and their mean ensemble in the annual average precipitation simulation

Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

Arjo r 0.32 0.29 0.44 0.28 0.27 0.15 0.27 0.46 0.41 0.34 0.37

RMSE 1.94 1.91 1.78 1.91 1.94 2.19 2.05 2.24 1.78 2.02 1.81

BIAS -0.59 0.13 -0.31 0.04 0.23 -1.01 -0.80 1.42 0.11 -0.86 -0.17

Assendabo r 0.48 0.55 0.72 0.70 0.54 0.59 0.78 0.73 0.71 0.64 0.74

RMSE 0.87 1.09 0.59 0.76 1.22 0.66 0.52 1.70 0.98 0.68 0.65

BIAS -0.51 0.70 0.03 0.42 0.88 -0.06 -0.16 1.60 0.83 0.28 0.40

Baco r -0.27 -0.31 -0.30 -0.38 -0.47 -0.19 -0.45 -0.13 -0.27 -0.32 -0.35

RMSE 2.35 3.33 3.36 3.43 2.55 1.57 1.90 2.77 2.67 1.86 2.43

BIAS 1.45 2.60 2.53 2.67 1.50 -0.02 0.43 2.17 2.01 0.53 1.59

Dedo r 0.33 0.21 0.41 0.50 0.24 0.32 0.50 0.54 0.36 0.39 0.46

RMSE 2.12 1.89 2.13 1.68 2.38 3.09 3.04 1.77 1.98 3.03 2.05

BIAS -1.30 -0.37 -1.38 -0.69 -1.62 -2.61 -2.64 0.99 -1.12 -2.57 -1.33

Emdibir r 0.16 0.25 0.50 0.40 0.40 0.23 0.25 0.72 0.05 0.54 0.39

RMSE 4.86 7.52 5.85 6.16 1.76 1.22 1.23 1.83 1.71 1.62 3.17

BIAS 4.50 7.25 5.59 5.87 1.31 0.27 0.33 1.65 1.20 1.30 2.93

Gedo r 0.47 0.43 0.47 0.55 0.31 0.30 0.53 0.47 0.52 0.51 0.52

RMSE 3.31 4.69 4.37 4.37 2.34 1.05 1.25 2.70 2.02 1.40 2.65

BIAS 3.11 4.53 4.12 4.19 2.04 0.53 0.95 2.55 1.88 1.15 2.50

Gibe Farm r 0.52 0.41 0.58 0.60 0.59 0.55 0.77 0.64 0.68 0.66 0.71

RMSE 1.60 0.94 1.03 0.83 2.76 1.39 1.37 1.94 1.17 1.65 0.73

BIAS -1.50 -0.71 -0.89 -0.65 2.56 1.14 1.23 1.84 1.05 1.50 0.56

Gojeb r 0.22 -0.01 -0.02 -0.03 0.11 0.10 0.20 0.30 0.28 0.14 0.15

RMSE 2.88 3.80 2.96 3.64 3.58 2.45 2.50 6.54 3.09 2.63 3.34

  BIAS 2.50 3.38 2.46 3.20 3.21 1.98 2.02 6.36 2.79 2.18 3.01

Hossana r 0.40 0.11 0.19 0.18 0.14 0.16 0.34 0.14 0.44 0.17 0.26

RMSE 5.75 7.23 5.23 5.86 1.05 1.56 1.43 1.70 0.97 1.58 2.33

BIAS 5.46 6.97 4.84 5.48 -0.21 -1.30 -1.20 1.40 0.59 -1.34 2.07

Jimma r 0.65 0.61 0.75 0.71 0.72 0.19 0.75 0.74 0.79 0.75 0.82

RMSE 0.80 1.11 0.78 0.85 0.90 1.87 1.74 2.10 0.59 1.69 0.62

BIAS -0.30 0.64 -0.38 0.31 -0.62 -1.61 -1.64 1.99 -0.11 -1.57 -0.33

Limu
Genet

r 0.78 0.70 0.73 0.73 0.88 0.41 0.79 0.79 0.78 0.79 0.86

RMSE 1.54 0.91 1.63 1.10 1.20 2.18 2.22 0.98 1.69 2.03 1.33

BIAS -1.38 -0.39 -1.44 -0.79 -1.08 -1.94 -2.11 0.73 -1.52 -1.91 -1.18

Woliso r 0.59 0.46 0.66 0.74 0.67 0.76 0.70 0.73 0.51 0.77 0.80

RMSE 1.81 0.87 0.79 0.68 2.39 0.90 1.19 1.06 0.84 1.78 0.57

BIAS -1.74 -0.39 -0.51 -0.46 2.15 0.57 0.87 0.91 0.58 1.61 0.36

Wolkite r 0.51 0.40 0.54 0.47 0.45 0.35 0.52 0.42 0.54 0.51 0.54

RMSE 1.39 1.12 1.05 1.01 1.12 1.21 1.16 1.47 0.94 0.96 0.91

BIAS -1.05 0.16 -0.51 -0.12 0.34 -0.60 -0.70 1.06 0.29 -0.26 -0.14

Bonga r -0.36 -0.69 -0.64 -0.56 -0.56 -0.53 -0.47 -0.47 -0.38 -0.51 -0.62
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Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

RMSE 1.89 1.66 1.92 1.68 2.00 1.77 1.86 3.73 1.23 1.65 1.49

BIAS -1.37 -0.23 -1.12 -0.47 0.60 -1.11 -0.87 3.30 -0.49 -0.68 -0.24

Morka r 0.51 0.20 0.45 0.54 0.42 0.48 0.45 0.53 0.48 0.46 0.61

RMSE 1.49 1.44 1.82 1.52 0.82 1.96 1.55 1.43 0.70 1.07 1.00

BIAS -1.40 -1.29 -1.74 -1.43 -0.43 -1.89 -1.43 1.29 0.39 -0.89 -0.88

Sawla r 0.55 0.26 0.75 0.57 0.47 0.42 0.44 0.57 0.48 0.69 0.74

RMSE 9.58 9.86 10.79 9.57 10.33 12.43 11.67 8.47 8.60 11.18 10.22

BIAS -9.06 -9.24 -10.36 -9.07 -9.82 -11.95 -11.19 -7.86 -7.93 -10.71 -9.72

Wolaita
Sodo

r -0.43 -0.37 -0.80 -0.62 -0.24 -0.81 -0.65 -0.85 0.35 -0.76 -0.83

RMSE 9.43 9.36 9.43 9.32 9.90 9.80 9.47 9.77 9.08 9.43 9.49

BIAS -9.12 -9.08 -9.05 -8.99 -9.65 -9.46 -9.14 -9.41 -8.85 -9.07 -9.18

Dimeka r 0.06 -0.05 -0.02 -0.12 -0.03 -0.23 0.01 -0.02 0.21 0.10 -0.02

  RMSE 1.56 1.35 1.00 1.66 1.19 1.58 1.25 2.15 1.70 1.34 0.93

BIAS 1.07 0.76 -0.32 1.12 0.02 -1.32 -0.80 1.84 1.47 -1.04 0.28

Jinka r 0.20 -0.07 0.50 0.30 0.02 0.14 0.34 0.29 0.15 0.51 0.37

RMSE 1.37 1.43 2.16 1.20 1.73 3.10 2.48 1.18 1.15 2.57 1.43

BIAS -0.99 -1.06 -2.05 -0.73 -1.20 -3.00 -2.36 0.70 0.76 -2.48 -1.24

Keyafer r 0.46 -0.16 0.19 0.50 0.26 0.02 0.26 0.15 0.07 0.40 0.41

RMSE 9.77 9.93 10.85 9.51 10.02 11.78 11.14 8.21 8.15 11.25 10.04

BIAS -9.49 -9.56 -10.55 -9.24 -9.71 -11.50 -10.86 -7.80 -7.74 -10.98 -9.74

3.2 Average annual air temperature climate

3.2.1. Maximum mean annual air temperature climate
The performance of all models in capturing the air temperature pattern was superior, while the RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2) models poorly
reproduced the pattern of maximum annual mean air temperature in the basin. Almost all RCMs, including the ensemble mean, underestimated the maximum
annual mean air temperature in the basin, except for REMO2009 (MPI), which was overestimated. The RACMO22T (EC-EARTH) and CCLM4-8-17 (CNRM)
models simulated the lowest maximum annual mean air temperature in the study area than the other RCMs considered in this study. The minimum observed
bias was 0.02ºC at Dimeka and Bako stations using CCLM4-8-17 (CNRM) and CCLM4-8-17 (HadGEM2) models, followed by 0.03ºC at Assendabo station
using CCLM4-8-17 (HadGEM2). However, the maximum observed bias was 11.95ºC at Sawla station from CCLM4-8-17 (HadGEM2). All RCMs depicted high
negative bias values   at Sawla, Wolaita Sodo, and Keyafer stations, indicating that the models were highly biased in these areas. In addition, the RMSE value
shows a high magnitude at Sawla, Wolaita Sodo, and Keyafer stations, indicating that the model poorly reproduces the observation. There was a negative
correlation between observed and simulated annual mean maximum temperatures by all RCMs at Bongo, Bako, except for RACMO22T (EC-EARTH) at Wolaita
Sodo stations. At most stations, the RCM showed a positive correlation in the simulation of maximum annual mean air temperature (Table 3).
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Table 3
Statistical indicators in the simulation of the average annual maximum air temperature.

Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

Arjo r 0.32 0.29 0.44 0.28 0.27 0.15 0.27 0.46 0.41 0.34 0.37

RMSE 1.94 1.91 1.78 1.91 1.94 2.19 2.05 2.24 1.78 2.02 1.81

BIAS -0.59 0.13 -0.31 0.04 0.23 -1.01 -0.80 1.42 0.11 -0.86 -0.17

Assendabo r 0.48 0.55 0.72 0.70 0.54 0.59 0.78 0.73 0.71 0.64 0.74

RMSE 0.87 1.09 0.59 0.76 1.22 0.66 0.52 1.70 0.98 0.68 0.65

BIAS -0.51 0.70 0.03 0.42 0.88 -0.06 -0.16 1.60 0.83 0.28 0.40

Baco r -0.27 -0.31 -0.30 -0.38 -0.47 -0.19 -0.45 -0.13 -0.27 -0.32 -0.35

RMSE 2.35 3.33 3.36 3.43 2.55 1.57 1.90 2.77 2.67 1.86 2.43

BIAS 1.45 2.60 2.53 2.67 1.50 -0.02 0.43 2.17 2.01 0.53 1.59

Dedo r 0.33 0.21 0.41 0.50 0.23 0.32 0.50 0.54 0.36 0.39 0.46

RMSE 2.12 1.89 2.13 1.68 2.38 3.09 3.04 1.77 1.98 3.03 2.05

BIAS -1.30 -0.37 -1.38 -0.69 -1.62 -2.61 -2.64 0.99 -1.12 -2.57 -1.33

Emdibir r 0.16 0.25 0.50 0.40 0.40 0.23 0.25 0.72 0.05 0.54 0.39

RMSE 4.86 7.52 5.85 6.16 1.76 1.22 1.23 1.83 1.71 1.62 3.17

BIAS 4.50 7.25 5.59 5.87 1.31 0.27 0.33 1.65 1.20 1.30 2.93

Gedo r 0.47 0.43 0.47 0.55 0.31 0.30 0.53 0.47 0.52 0.51 0.52

RMSE 3.31 4.69 4.37 4.37 2.34 1.05 1.25 2.70 2.02 1.40 2.65

BIAS 3.11 4.53 4.12 4.19 2.04 0.53 0.95 2.55 1.88 1.15 2.50

Gibe Farm r 0.52 0.41 0.58 0.60 0.59 0.55 0.77 0.64 0.67 0.66 0.71

RMSE 1.60 0.94 1.03 0.83 2.76 1.39 1.37 1.94 1.17 1.65 0.73

BIAS -1.50 -0.71 -0.89 -0.65 2.56 1.14 1.23 1.84 1.05 1.50 0.56

Gojeb r 0.22 -0.01 -0.02 -0.03 0.11 0.10 0.20 0.30 0.28 0.14 0.15

RMSE 2.88 3.80 2.96 3.64 3.58 2.45 2.50 6.54 3.09 2.63 3.34

  BIAS 2.50 3.38 2.46 3.20 3.21 1.98 2.02 6.36 2.79 2.18 3.01

Hossana r 0.40 0.11 0.19 0.18 0.14 0.16 0.34 0.14 0.43 0.17 0.26

RMSE 5.75 7.23 5.23 5.86 1.05 1.56 1.43 1.70 0.97 1.58 2.33

BIAS 5.46 6.97 4.84 5.48 -0.21 -1.30 -1.20 1.40 0.59 -1.34 2.07

Jimma r 0.65 0.61 0.75 0.71 0.72 0.19 0.75 0.74 0.79 0.75 0.82

RMSE 0.80 1.11 0.78 0.85 0.90 1.87 1.74 2.10 0.59 1.69 0.62

BIAS -0.30 0.64 -0.38 0.31 -0.62 -1.61 -1.64 1.99 -0.11 -1.57 -0.33

Limu
Genet

r 0.78 0.70 0.73 0.73 0.88 0.41 0.78 0.79 0.78 0.79 0.86

RMSE 1.54 0.91 1.63 1.10 1.20 2.18 2.22 0.98 1.69 2.03 1.33

BIAS -1.38 -0.39 -1.44 -0.79 -1.08 -1.94 -2.11 0.73 -1.52 -1.91 -1.18

Woliso r 0.59 0.46 0.66 0.73 0.67 0.75 0.70 0.73 0.51 0.77 0.80

RMSE 1.81 0.87 0.79 0.68 2.39 0.90 1.19 1.06 0.84 1.78 0.57

BIAS -1.74 -0.39 -0.51 -0.46 2.15 0.57 0.87 0.91 0.58 1.61 0.36

Wolkite r 0.51 0.40 0.54 0.47 0.45 0.35 0.51 0.42 0.54 0.51 0.54

RMSE 1.39 1.12 1.05 1.01 1.12 1.21 1.16 1.47 0.94 0.96 0.91

BIAS -1.05 0.16 -0.51 -0.12 0.34 -0.60 -0.70 1.06 0.29 -0.26 -0.14

Bonga r -0.36 -0.69 -0.64 -0.56 -0.56 -0.53 -0.47 -0.47 -0.38 -0.51 -0.62
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Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

RMSE 1.89 1.66 1.92 1.68 2.00 1.77 1.86 3.73 1.23 1.65 1.49

BIAS -1.37 -0.23 -1.12 -0.47 0.60 -1.11 -0.87 3.30 -0.49 -0.68 -0.24

Morka r 0.51 0.20 0.45 0.54 0.42 0.48 0.45 0.53 0.48 0.46 0.61

RMSE 1.49 1.44 1.82 1.52 0.82 1.96 1.55 1.43 0.70 1.07 1.00

BIAS -1.40 -1.29 -1.74 -1.43 -0.43 -1.89 -1.43 1.29 0.39 -0.89 -0.88

Sawla r 0.55 0.26 0.75 0.56 0.47 0.42 0.44 0.58 0.48 0.69 0.74

RMSE 9.58 9.86 10.79 9.57 10.33 12.43 11.67 8.47 8.60 11.18 10.22

BIAS -9.06 -9.24 -10.36 -9.07 -9.82 -11.95 -11.19 -7.86 -7.93 -10.71 -9.72

Wolaita
Sodo

r -0.43 -0.37 -0.80 -0.62 -0.24 -0.81 -0.65 -0.85 0.35 -0.76 -0.83

RMSE 9.43 9.36 9.43 9.32 9.90 9.80 9.47 9.77 9.08 9.43 9.49

BIAS -9.12 -9.08 -9.05 -8.99 -9.65 -9.46 -9.14 -9.41 -8.85 -9.07 -9.18

Dimeka r 0.06 -0.05 -0.02 -0.12 -0.03 -0.23 0.01 -0.02 0.21 0.10 -0.02

  RMSE 1.56 1.35 1.00 1.66 1.19 1.58 1.25 2.15 1.70 1.34 0.93

BIAS 1.07 0.76 -0.32 1.12 0.02 -1.32 -0.80 1.84 1.47 -1.04 0.28

Jinka r 0.20 -0.07 0.50 0.30 0.02 0.15 0.34 0.29 0.15 0.50 0.37

RMSE 0.103 0.104 0.14 0.109 0.067 0.171 0.116 0.085 0.065 0.245 0.106

BIAS -0.99 -1.06 -2.05 -0.73 -1.20 -3.00 -2.36 0.70 0.76 -2.48 -1.24

Keyafer r 0.46 -0.16 0.19 0.50 0.26 0.02 0.26 0.15 0.07 0.40 0.41

RMSE 9.77 9.93 10.85 9.51 10.02 11.78 11.14 8.21 8.15 11.25 10.04

BIAS -9.49 -9.56 -10.55 -9.24 -9.71 -11.50 -10.86 -7.80 -7.74 -10.98 -9.74

3.2.2. Minimum average annual air temperature climate
The performance of almost all models was quite good in simulating the minimum annual mean air temperature at Emdibir, Asendabo, Jimma, Bako, Dedo,
Jinka, Sawla, Gedo, and Wolkite stations, but was highly biased around Wolaita-Soda, Gojeb, Woliso, Arjo, Dimeka and Gibe Farm stations. The RMSE values   
also con�rm the same observation with different magnitudes. RCA4 (MPI) and CCLM4-8-17 (MPI) performed better than all individual RCMs at most stations.
The largest observed bias was 18.44ºC and 18.24ºC using RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2), and the RMSE values   were 18.45 and 18.25 using
RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2) respectively at Wolaita Sodo station. Almost all models overestimated the minimum annual average air
temperature compared to observational data. Moreover, the simulation results of the CCLM4-8-17 (HadGEM2) and CCLM4-8-17 (MPI) models signi�cantly
overestimated the minimum annual mean air temperature compared to other models. Mostly, the simulation results had a positive correlation with the
observational data, but at Wolaita Sodo station, the simulation results showed a negative correlation with the observed data (Table 4).
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Table 4
Statistical indicators in reproducing the average annual minimum air temperature.

Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

Arjo r -0.32 0.15 -0.59 -0.32 -0.37 -0.55 0.40 -0.47 -0.22 0.26 -0.37

RMSE 9.93 10.85 11.04 10.68 11.42 12.65 12.26 9.24 8.77 10.28 10.67

BIAS 7.90 9.18 9.11 8.76 9.75 11.12 10.86 6.85 6.47 8.54 8.85

Assendabo r 0.02 0.05 -0.36 -0.25 -0.24 -0.24 0.20 -0.31 0.12 0.29 -0.19

RMSE 3.83 3.13 3.43 3.40 3.21 2.97 2.80 5.19 5.48 2.89 3.46

BIAS -2.63 -1.39 -1.49 -1.70 -1.49 -0.41 -0.71 -4.20 -4.75 -1.14 -1.99

Baco r -0.05 -0.34 -0.17 -0.29 -0.38 -0.21 0.31 -0.26 -0.16 0.12 -0.25

RMSE 5.63 5.51 5.45 5.57 5.44 5.43 5.19 6.19 6.66 5.52 5.49

BIAS -1.83 -0.45 -0.57 -0.86 -0.51 0.64 0.43 -2.94 -3.97 -1.70 -1.18

Dedo r 0.26 0.10 0.13 0.00 0.37 0.30 0.25 -0.15 0.22 0.24 0.28

RMSE 4.64 5.12 5.03 4.98 5.13 5.96 5.68 4.84 4.74 4.61 4.85

BIAS 0.81 2.18 1.99 1.68 2.36 3.83 3.40 -0.08 -1.14 0.78 1.58

Emdibir r 0.02 0.01 -0.38 0.09 -0.14 -0.38 0.36 0.02 0.33 0.29 -0.02

RMSE 5.97 5.44 5.72 5.51 5.45 5.39 5.10 6.60 7.03 5.92 5.68

BIAS -3.05 -1.72 -1.85 -2.07 -1.71 -0.63 -1.00 -4.13 -4.90 -3.14 -2.42

Gedo r -0.17 0.38 -0.55 -0.40 -0.26 -0.66 0.43 -0.21 -0.04 -0.26 -0.35

RMSE 2.15 2.59 2.89 2.66 2.97 3.82 3.34 2.33 2.47 2.24 2.38

BIAS 0.33 1.77 1.49 1.27 2.06 2.95 2.75 -0.75 -1.35 -0.28 1.02

Gibe Farm r -0.02 -0.20 -0.20 0.10 0.00 -0.24 0.10 -0.13 -0.18 0.03 -0.16

RMSE 11.41 12.08 11.96 11.75 11.31 12.05 11.76 10.41 10.14 12.06 11.42

BIAS 6.22 7.20 7.06 6.89 6.05 7.17 6.91 3.91 3.23 7.36 6.20

Gojeb r -0.12 0.13 -0.02 -0.19 -0.09 0.10 -0.04 -0.08 -0.20 -0.18 -0.12

RMSE 12.24 13.65 13.46 13.12 13.52 14.94 14.54 12.19 9.97 12.83 13.04

  BIAS 12.19 13.59 13.39 13.06 13.47 14.90 14.49 12.11 9.90 12.77 12.99

Hossana r 0.07 0.11 -0.01 0.43 0.38 0.02 0.47 0.10 0.59 0.61 0.44

RMSE 5.05 5.40 5.44 5.13 6.12 7.13 6.60 4.98 4.86 4.74 5.28

BIAS 0.77 2.11 2.03 1.80 3.67 5.07 4.51 0.12 -0.42 0.04 1.97

Jimma r 0.14 0.65 -0.55 -0.47 0.23 -0.14 0.63 -0.63 0.12 0.39 -0.03

RMSE 3.05 1.72 2.49 2.52 1.77 1.47 1.11 4.13 4.88 3.04 2.40

BIAS -2.74 -1.38 -1.56 -1.87 -1.19 0.28 -0.15 -3.63 -4.69 -2.77 -1.97

Limu
Genet

r 0.55 0.23 -0.22 0.28 0.17 -0.10 0.82 -0.33 0.48 0.79 0.31

RMSE 8.29 8.93 9.13 8.67 8.88 9.69 9.17 8.56 7.93 8.32 8.66

BIAS 2.85 4.27 3.99 3.73 3.99 5.39 5.09 1.70 1.12 3.43 3.56

Woliso r -0.04 0.49 -0.70 -0.34 -0.53 -0.77 0.11 -0.24 -0.15 0.40 -0.31

RMSE 11.93 13.09 12.89 12.73 11.75 12.77 12.42 10.21 8.94 14.11 12.08

BIAS 11.92 13.07 12.88 12.72 11.75 12.75 12.41 10.20 8.93 14.10 12.07

Wolkite r -0.11 0.04 -0.48 -0.04 -0.10 -0.50 0.31 -0.37 0.28 0.46 -0.18

RMSE 3.90 4.15 4.44 4.07 4.12 4.82 4.32 4.36 4.21 4.02 4.00

BIAS 0.23 1.48 1.37 1.17 1.37 2.46 2.16 -1.33 -1.88 1.73 0.88

Bonga r -0.12 0.32 -0.77 -0.43 -0.58 -0.29 0.40 -0.74 -0.55 0.48 -0.46



Page 12/24

Station
Name

Statistical
indices

RCA4 CCLM4-8-17        

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble

RMSE 4.00 2.78 3.39 3.48 3.20 2.33 2.38 3.29 6.05 2.34 3.25

BIAS -3.51 -2.16 -2.33 -2.66 -2.47 -1.29 -1.64 -2.40 -5.69 -1.64 -2.58

Morka r -0.51 0.54 -0.35 -0.53 0.16 0.32 -0.14 -0.23 -0.06 -0.01 -0.17

RMSE 6.71 5.09 5.74 6.01 4.54 3.32 3.90 6.99 7.51 4.47 5.33

BIAS -5.87 -4.35 -4.70 -4.94 -3.45 -1.63 -2.38 -6.21 -6.87 -3.27 -4.37

Sawla r 0.05 0.31 -0.35 0.14 0.17 -0.01 0.46 -0.38 -0.14 0.35 0.10

RMSE 1.16 0.88 0.92 0.67 0.64 2.45 1.65 2.45 3.46 0.71 0.47

BIAS -1.05 0.36 0.08 -0.18 0.47 2.38 1.61 -2.33 -3.43 -0.57 -0.26

Wolaita
Sodo

r -0.16 -0.41 -0.22 -0.12 -0.16 -0.11 -0.13 -0.27 -0.25 -0.10 -0.20

RMSE 17.38 18.12 18.45 17.80 17.20 18.25 17.43 17.80 16.91 17.66 17.70

BIAS 17.35 18.08 18.44 17.76 17.16 18.24 17.37 17.77 16.89 17.62 17.67

Dimeka r 0.06 0.33 -0.24 -0.04 0.07 0.12 0.16 -0.13 -0.33 0.14 0.05

  RMSE 11.05 11.98 12.17 11.72 12.01 13.09 12.92 10.02 9.62 11.20 11.49

BIAS 7.28 8.83 8.72 8.20 8.66 10.12 9.92 5.42 4.51 7.54 7.92

Jinka r 0.17 0.59 -0.20 -0.05 0.44 0.48 0.42 -0.37 -0.13 0.34 0.34

RMSE 1.57 2.29 2.56 2.14 2.28 3.92 3.42 2.38 2.95 1.51 1.79

BIAS 0.58 1.96 1.92 1.43 1.85 3.70 3.14 -1.59 -2.50 0.62 1.11

Keyafer r 0.19 0.12 -0.03 0.30 0.47 0.48 0.50 -0.19 0.34 0.44 0.45

RMSE 3.21 4.61 4.56 4.03 4.42 6.25 5.69 1.49 0.86 3.22 3.70

BIAS 3.08 4.46 4.42 3.93 4.35 6.19 5.63 0.91 -0.01 3.12 3.61

3.3. Mean monthly climatic variables cycle

3.3.1. Mean monthly precipitation cycle
In terms of rainfall regime, in OGRB, the main rainy months fall on JJAS with a monomodal rainfall pattern (Fig. 2). The basin receives rainfall in two main
seasons, the small rainy season (March-May) locally known as 'Belg', and the main rainy season (June-September) locally known as 'Kiremt', and the dry
season (November-February), locally known as 'Bega'. In the upper reaches of the basin, most RCMs reproduce the main rainy months in JJAS, similar to the
observed, peak rainfall in July. Although the REMO2009 (MPI) recorded the main rainy months in JJAS, the peak was shifted to June. On the other hand, in the
upper reaches, the common error in the model simulation outputs of CCLM4-8-17 (CNRM), RCA4 (MIROC5), and RACMO22T (EC-EARTH) was simulated with a
double peak in different months from April to September, however, the observed rainfall at the station re�ected only one peak in July. The RCA4 (HadGEM2)
and CCLM4-8-17 (HadGEM2) overestimated precipitation in dry months and underestimated it in wet months, while the lowest value of precipitation was
simulated by this model in wet months than all other models considered. The RCA4 family of all driving models, except RCA4 (HadGEM2), showed high
interannual variation, estimating relatively very high precipitation in wet months and low precipitation in dry months, mainly RCA4 (MPI). All the RCMs’
simulated rainfall was reasonably better in the dry months than the wet months except RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2). The two models were
found to be unable to capture and reproduce both the magnitude and climate pattern of basin-wide precipitation. Figure 2 exhibited the mean monthly
precipitation cycles for most of the observed stations, the ten RCMs, the multi-model ensemble, and the basin-wide mean monthly precipitation cycle. However,
in the middle and lower reaches of the basins, two rainfall peaks betweenMarch–May (MAM) and August–November (ASON) were observed. In this reach,
most models repeat the peak of precipitation between (March-June) in May, while CanRCM4 (CanESM2), RCA4 (MIROC5), and observations show in April.
Likewise, between (August–November) REMO2009 (MPI) and RCA4 (MIROC5) show a peak in September, unlike the other models observed in October.

Overall, in the OGRB, all RCMs performed better in simulating precipitation in dry months than in wet months, but RCA4 (HadGEM2) and CCLM4-8-17
(HadGEM2) performed poorly in the basin. During the wet months, most models simulated overestimated precipitation, except for RCA4 (HadGEM2), CCLM4-
8-17 (CNRM), CCLM4-8-17 (HadGEM2), and CCLM4-8-17 (MPI), which showed underestimated precipitation.

3.3.2. Mean monthly maximum and minimum air temperature cycles
a. Mean monthly maximum air temperature cycle

All RCMs except REMO2009 (MPI) underestimated the mean maximum air temperature for all months. RACMO22T (EC-EARTH) and CCLM4-8-17 (CNRM) were
weak in simulating the maximum air temperature, while REMO2009 (MPI) modeled it quite reasonably and captured the cycle better throughout the river basin
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(Fig. 3). All models simulated maximum monthly air temperatures from January to April and from August to December, but RCA4 (HadGEM2) and CCLM4-8-
17 (HadGEM2) reproduced a minimum during this month. The maximum air temperatures of all models, including their ensemble mean and observed,
decreased between May and September, and the minimums fell in July, while RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2) replicated the increase, with a
maximum in July and it was not possible to reproduce the average monthly cycle of maximum air temperature throughout the basin. Figure 3 depicts the
selected station's mean monthly and mean annual cycle of maximum air temperature over the entire river basin.

b. Mean monthly minimum air temperature cycle

All RCMs overestimated the average monthly minimum air temperature for several months; however, an underestimation was detected between February and
March with varying magnitudes of air temperature. CCLM4-8-17 (HadGEM2) and CCLM4-8-17 (MPI) replicated the minimum air temperature poorly, while
RACMO22T (EC-EARTH) and CanRCM4 (CanESM2) simulated better than the other models. All models captured the cycle better throughout the river basin,
except RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2). The models estimated high values   between January and April and August to October, with minimum
air temperatures progressively increasing from January to May but decreasing from September to October (Fig. 4). Figure 4 portrays some of the stations'
mean monthly and mean annual cycles of minimum air temperature over the entire river basin.

3.4. Annual and seasonal climate variability

3.4.1. Annual and seasonal rainfall variability
The variability in the annual and June to September (JJAS) seasonal rainfall was detected less than 20% except for the RCA4 (HadGEM2) and CCLM4-8-17
(HadGEM2) model simulation outputs (Table 4). The CV values of MAM seasonal precipitation varied in the range of 20–30 moderate categories, except for
the RCA4 and CCLM4-8-17 model family from all deriving models considered in this study. RCMs of all RCA4 families except RCA4 (MPI) and the CCLM4-8-17
family of all GCMs considered, the ensemble mean and observed overestimated interannual variability of precipitation compared to other models. RCA4
(HadGEM2) and CCLM4-8-17 (HadGEM2) performed poorly in capturing the seasonal variability of JJAS precipitation. In addition, during the MAM seasons,
all RCM simulation outputs except RACMO22T (EC-EARTH), REMO2009 (MPI), CanRCM4 (CanESM2), and the ensemble mean overestimated the seasonal
variability of precipitation in the basin. The interannual variability of the seasonal precipitation anomalies was considered over the entire basin and presented
in Fig. 5 for the observed precipitation, the ten RCMs, and their ensemble mean.

Overall, the replicated model precipitation exhibited more variability in the MAM season (Belg) than in the JJAS season (Kiremt), implying that the variability of
the summer season precipitation was reasonably low. The variability in the mean ensemble of JJAS and MAM was found to be smaller compared to the CV
value of the corresponding observation. Multimodel ensemble means data were found to be moderately consistent with observational data for the years
considered and consistent with studies of other scientists in different locations (Demissie & Sime, 2021; Dibaba et al., 2019; Gadissa et al., 2018).

3.4.2. Mean annual and seasonal air temperature variability
The average annual maximum and minimum of air temperature variability were within the range of low variability. In addition, the seasonal maximum and
minimum variability of air temperature was less than 20%. The variability of minimum and maximum air temperatures in MAM was found to be high
compared to the JJAS season. The variability of the maximum air temperature of the RCMs was slightly higher compared to the minimum air temperature.
The interannual variability of minimum and maximum temperature was found to be smaller compared to the seasonal variability of the JJAS and MAM
seasons in the basin (Table 5).

Table 5
Coe�cient of variation (CV) for the seasonal and annual precipitation and temperature.

Parameters Seasons RCA4 CCLM4-8-17          

CNRM MIROC5 MOHC-
Had

MPI CNRM MOHC-
Had

MPI CanRCM4 RACMO22T REMO2009 Ensemble Ob

Rainfall JJAS 7.92 17.19 81.00 9.04 12.48 54.90 16.29 8.22 10.02 14.17 8.09 14

MAM 33.90 30.58 116.9 38.14 30.13 104.66 33.77 27.11 23.89 28.69 22.96 24

Annual 10.18 11.21 24.34 7.90 11.79 20.61 14.07 6.49 7.13 8.20 18.02 9.2

MaxTMP JJAS 7.83 6.79 8.09 8.17 7.07 9.07 7.40 7.12 7.18 7.61 7.31 7.2

MAM 15.97 15.20 15.90 15.92 15.37 16.65 15.04 15.04 17.25 15.91 15.50 15

Annual 2.55 3.36 1.78 2.99 4.09 2.00 4.41 3.74 1.93 3.04 2.50 2.2

Mini TMP JJAS 7.44 6.45 7.35 7.95 7.05 7.60 7.45 6.67 7.27 7.68 6.96 11

MAM 16.42 16.00 18.18 16.47 15.75 16.24 15.96 16.98 16.51 15.72 16.10 15

Annual 2.41 3.96 4.21 3.82 1.76 2.12 2.09 4.63 2.37 2.91 1.74 13

The climate parameters indicated in Table 4, Max TMP designates Maximum Temperature and Mini TMP designates Minimum Temperature.

In addition, seasonal anomalies from June to September (JJAS) and March to May (MAM) based on interannual variability were used to analyze minimum
and maximum air temperatures over time. Anomaly calculations are made relative to the minimum and maximum average air temperatures obtained over the
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full 20-year period 1986–2005. The data were expressed as standardized anomalies to account for the seasonal variation that exists in the data set. The area-
averaged minimum and maximum air temperature anomalies were standardized by the standard deviation obtained over 20 years.

Most models and the observed annual maximum air temperature produced a negative anomaly between 1986 to 1990 and 1996 to 1998. Also, in between
1991 and 1995 in most RCMs negative anomalies were replicated, but the observed was shown a positive anomaly except for the year 1993, which showed a
negative anomaly and agreed with all model simulations except RCA4 (MIROC5). Observations show considerable variation, but most models replicated
positive anomalies between 1999 and 2005 in maximum air temperature. The JJAS and MAM seasonal maximum air temperature anomalies showed an
increase in air temperature between 1986 and 2005, except for a few models, but in 2004, observed and all models showed negative anomalies. The RCA4
(MIROC5) showed signi�cant variability compared to other RCMs in replicating JJAS and CanRCM4 (CanESM2) MAM seasonal annual maximum air
temperature anomalies.

Annual minimum air temperature in 1986 and the period from 1992 to 1997, most of the simulated models produced negative anomalies, while in the period
from 1989 to 1990 and from 2000 to 2002 and 2004, positive anomalies were observed. Model-based variations in minimum air temperature differed slightly
from observed values in 1986, 1994–1988, and 2003 for the JJAS and MAM seasons mutually and between 1987–1988, 1998–1999, and 2003 annually. In
JJAS, all RCMs simulate the minimum air temperature better. Seasonal variation of minimum air temperature increased continuously from 1987 to 1992 and
from 1999 to 2002 in spring and summer. The JJAS and MAM season produced negative anomalies between 2004 and 2005 in all models and observed.
Figure 6 portrays the interannual variability of seasonal minimum and maximum air temperature anomalies over the entire basin for observed minimum and
maximum air temperatures, ten RCMs, and their mean ensemble.

3.5. Observed and RCMs event characteristics
To analyze the characteristics of extreme precipitation, the areal precipitation over the entire basin for the period from 1986 to 2005 was used. The distribution
of observed precipitation and RCMs simulation by different boundary conditions for the period from 1986 to 2005 showed a clear difference between the
models. The cumulative distribution of maximum extreme value type I was used. RCA4 (MIROC5) simulated the distribution of extreme precipitation
reasonably associated with other models (Fig. 7). The probability of heavy precipitation was high in all models, while in the observational data there was no
probability of very extreme precipitation greater than 21.5 mm/day. All RCMs overestimated the return period, including their ensemble mean (Fig. 8). The skill
of the multi-model ensemble RACMO22T (EC-EARTH) and RCA4 (CNRM) replicated the return period much more reasonable than the other models, with a
smaller error in magnitude. The model simulations of RCA4 (MIROC5), CCLM4-8-17 (HadGEM2), and CCLM4-8-17 (CNRM) signi�cantly overestimated the
return period with the largest error, respectively (Fig. 8). The �ndings of the study were in agreement by (Demissie & Sime, 2021).

3.6. Spatial analysis of mean annual precipitation
In the basin, the amount of precipitation varies both in quantity and space due to the complex topography of the regions. The RCMs and observed
precipitation data from 1986 to 2005 were used to examine the spatial variation of precipitation across the basin (Fig. 9). The annual mean minimum
modeled value was 0.27 mm and 0.49 mm at Dimeka and Jinka stations using CCLM4-8-17 (HadGEM2). The RCMs of the RCA4 family simulated the
maximum mean annual precipitation ranging from 7.5 mm to 10.4 mm at the Emdibir and Hosana stations. The multi-model ensemble reproduced the
maximum annual mean precipitation values of 5.74 mm at the Emdibir station and the minimum of 1.47 mm at the Wolaita Sodo stations. The CCLM4-8-17
of all families used and REMO2009 (MPI) reproduce the maximum annual mean rainfall at Woliso station and the minimum at Dimeka station, except
CCLM4-8-17 (CNRM) which simulates the minimum at Wolaita Sodo station. On the other hand, CanRCM4 (CanESM2) and RACMO22T (EC-EARTH) reproduce
a maximum at Bonga and Bako stations and a minimum at Wolaita Sodo station. However, the observed actual station data yielded high mean annual
precipitation values at Dedo station with 5.27 mm, followed by 4.89 mm at Limu-Genet station and minimum values of 0.94 mm and 1.65 mm at Gojeb and
Dimeka stations respectively (Fig. 9). The average annual maximum precipitation was simulated in the upper reaches of the basin as compared to the lower
reaches. Almost all models, including their mean ensemble, simulated minimal precipitation in the lower reaches of the basin and moderate precipitation in the
middle reaches. Multi-model ensemble and RACMO22T (EC-EARTH) replicated reasonably the mean annual precipitation distribution than other models.
Figure 9 illustrates the spatial mean annual precipitation distribution from 1986 to 2005 for observed, ten RCMs and their mean ensemble over the entire
basin. Overall, the results of the investigation con�rm the difference between RCMs in capturing climate conditions at both spatial and temporal scales. The
result is consistent with other �ndings in different regions of Ethiopia (Demissie & Sime, 2021; Dibaba et al., 2019; Girma et al., 2022).

4. Conclusions
In this study, the performance of the CORDEX Africa RCM in reproducing precipitation and air temperature was evaluated using observed data as a reference
for the baseline period from 1986 to 2005. The performance of the RCM was found variable at both spatial and temporal scales. All RCMs performed better in
simulating precipitation in dry months than in wet months, but RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2) performed poorly in capturing both the
magnitude and climatological cycle of precipitation over the basin. In the wet months, most models replicated overestimated precipitation, except for RCA4
(HadGEM2), CCLM4-8-17 (CNRM), CCLM4-8-17 (HadGEM2), and CCLM4-8-17 (MPI), which exhibited underestimated precipitation. In both the precipitation
and air temperature model simulations, the multi-model ensemble data agree reasonably better with the observations compared to the individual RCMs.
Interannual and seasonal variability of both precipitation and air temperature occurred in the lowest categories over the basin. All RCMs, including their
ensemble mean, overestimated areal precipitation extremes and return periods. RCMs are superior at simulating maximum air temperatures than minimums.
Almost all RCMs simulation output overestimated the annual mean minimum air temperature at most stations, except for May to February, and
underestimated the annual mean maximum temperature, except for REMO2009 (MPI), which was overestimated compared to the basin-wide observational
data. The simulation results of the CCLM4-8-17 (HadGEM2) and CCLM4-8-17 (MPI) models signi�cantly overestimated the minimum annual average air
temperature compared to other models. The RACMO22T (EC-EARTH) model was found superior in capturing the minimum air temperature, while it was found
to be weak and followed by CCLM4-8-17 (CNRM) in determining the magnitude of the maximum annual mean air temperature in the study area than the
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others. In general, the RCMs performing better in replicating observed climate conditions were RACMO22T (EC-EARTH), CCLM4-8-17 (CNRM), RCA4 (CNRM),
CCLM4-8-17 (MPI), REMO2009 (MPI), and RCA4 (MPI), while the RCA4 (HadGEM2) and CCLM4-8-17 (HadGEM2) models performed the worst in replicating the
OGRB climatology.

Overall, the results of this performance evaluation exhibited that the use of the CORDEX-Africa regional climate models simulation outputs at the locale and
�ner scale, is important for analyzing the effects of climate change in the individual regions of East Africa, particularly in the OGRB, Ethiopia. In addition, the
investigation detected systematic deviations in model performance, and thus it is indispensable to be alert to these boundaries before using RCM simulation
results to investigate climate change impacts on groundwater and surface water resources, agricultural production, soil loss estimation, reservoir operation,
and hydropower production. The differences in the RCM performance robustly portrayed the signi�cance of bias adjustments in RCMs simulation results
before employing them for climate change impact and adaptation studies.
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Figure 1

Map of the study area with the gauge stations of climate variables
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Figure 2

Mean monthly cycle of precipitation for the 10RCMs, multi-model ensemble (a-s), and observed for each station and across the entire OGRB(t).
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Figure 3

Mean monthly cycle of maximum air temperature for the 10RCMs, multi-model ensemble (a-g), and observed for the selected stations and across the entire
OGRB (h).
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Figure 4

Mean monthly cycle of minimum air temperature for the 10RCMs, multi-model ensemble (a-g), and observed for the selected station and across the entire
OGRB (h).

Figure 5

The interannual variability of the annual precipitation anomalies for the observed, the ten RCMs, and their ensemble mean.
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Figure 6

The interannual variability of seasonal minimum and maximum air temperature anomalies.
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Figure 7

Cumulative distribution of areal rainfall over the entire OGRB

Figure 8

Annual extreme areal rainfall and return periods for RCMs and observed in the OGRB
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Figure 9

The spatial distribution of mean annual rainfall of ten RCMS and ensemble (a-k) and observed (i) from 1986 up to 2005 in the OGRB.


