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Abstract 
Climate change is one environmental threat that poses great challenges to 
the future development prospects of Ethiopia. The study used the statistically 
downscaled daily data in 30-years intervals from the second generation of 
the Earth System Model (CanESM2) under two Representative Concentration 
Pathways (RCPs): RCP 4.5 and RCP 8.5 for three future time slices; near- 
term (2010-2039), mid-century (2040-2069) and end-century (2071-2099) were 
generated. The observed data of maximum and minimum temperature and 
precipitation are a good simulation with the modeled data during the calibra-
tion and validation periods using the correlation coefficient (R2), the Nash- 
Sutcliffe efficiency (NSE), and the Root Mean Square Error (RMSE). The 
projected annual minimum and maximum temperatures are expected to in-
crease by 0.091˚C, 0.517˚C, and 0.73˚C and 0.072˚C, 0.245˚C, and 0.358˚C in 
the 2020s, 2050s, and 2080s under the intermediate scenario, respectively. Un-
der RCP8.5, the annual minimum and maximum temperatures are expected 
to increase by 0.192˚C, 0.409˚C, and 0.708˚C, 0.402˚C, 4.352˚C, and 8.750˚C 
in the 2020s, 2050s, and 2080s, respectively. Besides, the precipitation is ex-
pected to increase under intermediate and high emission scenarios by 1.314%, 
7.643%, and 12.239%, and 1.269%, 10.316% and 26.298% in the 2020s, 2050s, 
and 2080s, respectively. Temperature and precipitation are projected to in-
crease in total amounts under all-time slices and emissions pathways. In both 
emission scenarios, the greatest changes in maximum temperature, minimum 
temperature, and precipitation are predicted by the end of the century. This 
implies climate smart actions in development policies and activities need to 
consider locally downscale expected climatic changes. 
 

Keywords 
Statistical Downscaling Model, RCP Scenarios, Climate Change 

How to cite this paper: Abebe, T., Bekele, 
L. and Hessebo, M.T. (2022) Assessment of 
Future Climate Change Scenario in Halaba 
District, Southern Ethiopia. Atmospheric and 
Climate Sciences, 12, 283-296. 
https://doi.org/10.4236/acs.2022.122018 
 
Received: December 20, 2021 
Accepted: January 26, 2022 
Published: March 18, 2022 
 
Copyright © 2022 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/   

  
Open Access

https://www.scirp.org/journal/acs
https://doi.org/10.4236/acs.2022.122018
https://www.scirp.org/
https://doi.org/10.4236/acs.2022.122018
http://creativecommons.org/licenses/by/4.0/


T. Abebe et al. 
 

 

DOI: 10.4236/acs.2022.122018 284 Atmospheric and Climate Sciences 
 

1. Introduction 

The global climate is changing, and projections suggest that the rate of change 
will likely increase [1]. Observed changes in the Earth’s climate over the past 250 
years are now widely considered to have been enhanced by anthropogenic activ-
ity [2] [3]. Climate change is happening due to natural and anthropogenic activ-
ities such as the burning of fossil fuels, industrial pollution, deforestation, vol-
canism, forest fires, and land use changes [4]. 

Climate scenarios from a global climate model (GCM) are supplied on a large 
scale and have a scale discrepancy for climate change effects and adaptation stu-
dies that require detailed local data. The regional outputs from a GCM are 
therefore “downscaled” using one of two methods: dynamic downscaling or sta-
tistical downscaling, which causes trouble [5] The Statically Downscaling Model 
(SDSM 4.2) was introduced by Wilby et al. (2002) and is a Windows-based deci-
sion support tool for the rapid development of single-site, ensemble scenarios of 
daily weather variables under current and future regional climate forcing [6]. It 
is a hybrid model based on multiple linear regressions (MLR) and the stochastic 
weather generator (SWG) [7]. The MLR represents the statistical empirical rele-
vancy between NCEP large-scale climate variables (predictors) and local scale 
weather data (predictands) along with the process of screening predictors and 
the calibration of SDSM, which results in the production of several regression 
parameters. It establishes statistical relationships between the output from GCM 
at a large scale (i.e., predictors) and observed data from meteorological stations 
at a local scale (i.e., predictands) based on multiple linear regression techniques. 
Statistical downscaling methodologies have several practical advantages over dy-
namical downscaling approaches. In situations where a low-cost, rapid assessment 
of highly localized climate change impacts is required, statistical downscaling 
(currently) represents the more promising option. The SDSM yields reliable es-
timates of extreme temperatures, seasonal precipitation totals, and areal and in-
ter-site precipitation behavior [8]. The SDSM calculates statistical relationships 
based on multiple linear regression techniques between large-scale (the predic-
tors) and local climate variables (the predictands). At the three future time hori-
zons of 2010-2039 (2020s), 2040-2069 (2050s) and 2070-2099 (2080s), the emission 
scenarios for precipitation, maximum and minimum temperature outputs are 
generated [9]. 

Climate change is the major challenging factor in Africa. Rainfall variability is 
a greater challenge on the African continent, which results in variation in water 
availability. Greater spatial variation of precipitation (from a drop of about 25% 
- 50% drop and rise) has been reported in East Africa. For instance, Beck and 
[10] have reported a decline in water availability by the 2050s. In Ethiopia, the 
projected mean annual temperature is found to be in the ranges of 0.9˚C - 1.1˚C, 
1.7˚C - 2.1˚C, and 2.7˚C - 3.4˚C by 2030, 2050, and 2080 time slices, respectively 
(Ethiopian National Meteorological Agency, 2007). The projected mean annual 
maximum and minimum temperatures show a rising trend in the southeastern 
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part of Ethiopia [11]. The increase in large-scale mean surface temperature by 
the end of the twenty-first century is estimated to be between 1.1˚C to 2.6˚C 
(RCP4.5) and 2.6˚C to 4.8˚C (RCP8.5) [12]. The temperatures reveal an increas-
ing trend that tends to influence precipitation, water availability, and extremes of 
floods and droughts [1].  

The current unpredictable conditions of the climate, such as frequent flood 
incidence and widespread drought, influence the country’s agriculture and water 
resources [13]. The Halaba district is part of the main rift valley areas in Ethiopia 
known for their frequent drought and flood incidence. The rise in temperature 
and the change in precipitation affect the agricultural activities and water re-
sources of the area. As a result, the Statistical Downscaling Model is used in this 
study application of a downscaling approach developed in recent years for pre-
cipitation, maximum and minimum temperature based on data from Halaba- 
Kulito stations for the period 1981-2018. The main aim of this study is to statis-
tically downscale and produce future climate scenarios under different repre-
sentative pathways for the future daily maximum temperature, daily minimum 
temperature, and precipitation for the early identification of the possible asso-
ciated impacts and to set adaptation priorities in order to develop climate smart 
actions for development policies and activities. 

2. Materials and Methods 
2.1. Description of the Study Area 

The Halaba district is located between 7˚10'N and 7˚42'N latitude and 38˚00'E 
and 38˚25'E longitude in the south-eastern part of Ethiopia (Figure 1). The total 
area of the district is 994.66 square kilometers, with 70% flat, 27% slope, and 3% 
mountainous. Altitude ranges in the area from 1554 to 2149 m.a.s.l (Ethiopia 
Central Statistical Agency, 2013). The area is located about 315 km south of Ad-
dis Ababa and 85 km southwest of Hawassa, the capital of the Southern Nations 
Nationalities and Peoples Regional State and Sidama region. The administrative 
center is Halaba-Kulito. According to Ethiopia’s central statistics agency’s popu-
lation projection, the total population of Halaba district was 309,658 of which 
151,545 were male and 158,113 females. Of this total figure, the rural inhabitants 
are 244,582 (79%) and the urban population makes up 21%. 

The mean annual rainfall ranges between 544 and 1271 mm, which show large 
spatial variability with maximum rainfall being as large as 2.34 times the mini-
mum rainfall. The rainfall pattern is erratic and irregular in the area. Due to the 
severe and heavy rains, soil erosion and flooding are very common in the low-lying 
areas of the study area. The mean monthly minimum and maximum tempera-
tures are 12.8˚C and 26.8˚C. The district is considered a “woina degas”, or tem-
perate zone, having two major seasons, namely Belg (February, March, April, 
and May) and Kiremt (June, July, August, and September), and irrigation is 
practiced in some parts around the Bilate river. The livelihood strategy of the 
rural people of the area is predominantly mixed agriculture (crop production 
and animal husbandry). 
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Figure 1. Map of the study area. 

2.2. Data Description 

The station merged grid data for rainfall and temperature for Halaba-Kulito 
(latitude: 7.31˚S, longitude: 38.09˚N) was obtained from the Ethiopian National 
Meteorological Agency (NMA) for the period of Jan/01/1981 to Dec/31/2018 
and was used for model calibration and validation in SDSM. The baseline scena-
rios downscaled for base period for Halaba-kulito station using 37 years’ daily 
data were selected to represent baseline. Thus, the CanESM2 was downscaled for 
the baseline period for the two RCPs scenarios and the statistical properties of 
the downscaled data were compared with observed data. Second Generation of 
Earth System Model (CanESM2): Developed at the Canadian Centre for Climate 
Modeling and Analysis (CCCma), this model consists of the physical coupled 
atmosphere-ocean model CanCM4 coupled to a terrestrial carbon model (CTEM) 
and an ocean carbon model (CMOC) [14]. CanESM2 provided CCCma’s long- 
term climate simulations for Phase 5 of the Coupled Model Inter-comparison 
Project, which in turn informed the Fifth Assessment Report (AR5) of the In-
tergovernmental Panel on Climate Change [15]. 

2.3. Description of Statistical Downscaling Model (SDSM) 

The Statistical Downscaling Model (SDSM), the well-recognized statistical down-
scaling tool which is applied widely in climate impact studies, was employed to 
transform the global circulation [16]. It is computationally inexpensive, able to 
directly incorporate the observational record of the region, etc. This software 
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manages tasks like data quality control and transformation, screening variables, 
model calibration, frequency analyses, statistical analysis, scenario generation, 
and graphing of climate data. The mathematical details of this model are pro-
vided in the study by [17]. The SDSM model contains two separate sub-models 
to determine the occurrence and amount of conditional meteorological variables 
(discrete variables), such as precipitation, and the number of unconditional va-
riables (continuous variables), such as temperature or evaporation. Therefore, 
the SDSM can be classified as a conditional weather generator in which regres-
sion equations are used to estimate the parameters of daily precipitation occur-
rence and amount separately, making it slightly more sophisticated than a 
straightforward regression model [17]. The SDSM yields reliable estimates of ex-
treme temperatures, seasonal precipitation totals, and areal and inter-site preci-
pitation behavior. This freely available software enables the production of cli-
mate change time series at sites for which there are sufficient daily data for mod-
el calibration, as well as archived General Circulation Model (GCM) output to 
generate scenarios for the 21st century. The SDSM can also be used as a sto-
chastic weather generator or to fill in gaps in meteorological data [16]. SDSM as 
the downscaling approach which required a proper selection of predictors estab-
lished a relationship between predictors and predictand based on partial correla-
tion coefficients. It is an important step in the downscaling process [16]. The 
predictors of the model were screened and selected based on the R2 and p-values. 
In order to have better prediction results, all the correlations with a p-value less 
than 0.05 were selected (Table 1). 

The delta method is a simple, widely used method to create scenario time se-
ries from GCM output. The method uses the delta method of the SDSM for fu-
ture projections [5] [18]. The standard approach for the delta method is that the 
GCM-simulated difference for each calendar month (absolute difference for tem-
perature and relative difference for precipitation) between a future period and 
the baseline period is determined and then this is superimposed on the historical 
daily temperature and precipitation series [19]. 

In the SDSM, a change in precipitation is obtained by: 

( )2020s base 100
2020s

base
− ∗

∆ =
 



                  (1) 

The same is true for changes in 2050s and 2080s. 
 

Table 1. List of predictors chosen for each climate variable. 

Precipitation (mm) Maximum temperature (˚C) Minimum temperature (˚C) 

Surface zonal velocity 
850 hPa wind direction 
850 hPa geopotential height 
Surface-specific humidity 
 
 

500 hPa meridional velocity 
500 hPa wind direction 
850 hPa airflow strength 
850 hPa relative humidity 
Mean temperature at 2 m height 
 

Surface zonal velocity 
500 hPa relative humidity 
850 hPa meridional velocity 
850 hPa wind direction 
Surface-specific humidity 
Mean temperature at 2 m height 
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For the absolute value calculation (temperature in this case) 

2020s 2020s base∆ = −                      (2) 

The value at 2050s and 2080s is also obtained by the same formula explained in 
Equation (2). 
  base is the mean of all ensembles (or a specific ensemble if selected) for each 

statistic for the baseline period. Likewise, 2020s  is the mean of all ensembles 
(a specific ensemble) for each statistic for period 2020s , and so on for 2050s

and 2080s  [6]. 

2.4. The Representative Concentration Pathway (RCPs) 

RCPs are time and space-dependent trajectories of future greenhouse gas con-
centrations and pollutants caused by human activities [20] [21]. It is the most 
recent set of time-dependent scenarios, build on this two decades development 
process. On the other hand, RCPs differ from earlier sets of standard situations 
by the radiative forcing projections, they are not emissions scenarios. The change 
in radiative forcing at the tropopause is connected to one value in each scenario 
[22] [23]. Each scenario is based on a single number: the difference in radiative 
forcing at the tropopause by 2100 compared to pre-industrial levels. The four 
RCPs are numbered 2.6, 4.5, 6.0, and 8.5 watts per square meter (W/m2), respec-
tively, based on the change in radiative forcing by 2100 [20] [23]. This study fo-
cuses used the RCPs 4.5 (intermediate) and 8.5 (higher) scenarios. RCP4.5 is in-
cludes the option of using policies to achieve net negative carbon dioxide emis-
sions before the end of the century [24]. The RCP8.5 is in the absence of climate 
change policies, combines high population and relatively sluggish income growth 
with modest rates of technical advance and energy intensity gains, resulting in 
high long-term energy consumption and GHG emissions [20] [22]. 

2.5. Evaluation Criteria 

Due to examining the efficiency of the proposed downscale techniques, three 
evaluation criteria exist: correlation coefficient, Nash-Sutcliffe efficiency, and root 
mean square error. 

2.5.1. Correlation Coefficient  
The most familiar measure of dependence between two quantities is the Pearson 
product-moment correlation coefficient (R2), or “Pearson’s correlation coefficient,” 
commonly called simply “the correlation coefficient.” The correlation coefficient 
is a statistical measure of the strength of the relationship between the relative 
movements of your two variables. The values range between 1.0 and 1. A calcu-
lated number less than −1 or greater than 1 means an error in the measurement. 
A correlation of −1 shows a perfect correlation but is negative, while a correla-
tion of 1 shows a perfect correlation in the positive. A correlation with 0.0 values 
shows no relationship between the movements of your two variables. The corre-
lation coefficient is widely used in all categories of science. 
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( ) ( )( )
( ) ( )
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2 22 2

n xy x y
R

n x x n y y

Σ − Σ Σ
=

 Σ − Σ Σ − Σ 
 
 

              (3) 

R2 = Correlation coefficient, n = number in the given dataset, x = first variable in 
the context, y = second variable. 

2.5.2. Nash-Sutcliffe Efficiency  
Nash-Sutcliffe efficiency (NSE) is a normalized statistic that determines the rela-
tive magnitude of the residual variance compared to the measured data variance. 
The Nash-Sutcliffe efficiency indicates how well the plot of observed versus si-
mulated data fits the 1:1 line. NSE = 1 corresponds to a perfect match of the 
model to the observed data. NSE = 0, indicates that the model predictions are as 
accurate as the mean of the observed data. Inf < NSE < 0, indicates that the ob-
served mean is a better predictor than the model. 

( )

( )

2
1

2

1

OBS SIM
NSE 1

OBS OBS

n
i ii

n
ii

=

=

−
= −

−

∑
∑

                 (4) 

OBSi = observation value, SIMi = forecast value, OBS bar = average of observa-
tion values. 

2.5.3. Root Mean Square Error  
The Root Mean Square Error (RMSE) (also called the root mean square devia-
tion, RMSD) is a frequently used measure of the difference between values pre-
dicted by a model and the values actually observed in the environment that is 
being modeled. These individual differences are also called residuals, and the 
Root Mean Square Error serves to aggregate them into a single measure of pre-
dictive power. Root Mean Square Error (RMSE) measures how much error there 
is between two data sets. In other words, the Root Mean Square Error compares 
a predicted value with an observed or known value. 

( )2
, model,1RMSE

n
obs i ii X X

N
==

−∑                   (5) 

X(Obs,i) = observation value; 
X(model,i) = forecast value; 
N = number of the given dataset. 

3. Results and Discussion 
3.1. Performance of the SDSM Model Calibration and Validation 

The future scenario construction, the observed data of maximum and minimum 
temperature and precipitation are correlated with the modeled data during the 
calibration and validation periods using the R2, NSE, and RMSE. The calibration 
and validation periods for Halaba-Kulito station are 1981-2002 and 2003-2018. 
In the unconditional process, the calibration and validation period’s coefficient 
of determination are similar. The correlation coefficient (R2) of determination is 
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0.89 for maximum temperature during calibration and validation. The mini-
mum temperature R2 is 0.91 during the calibration and validation period for 
models. The correlation coefficient of determination for precipitation is 0.85 
during calibration and 0.78 during validation. The R2 for precipitation is the 
lowest due to it being a conditional process and having a less regular distribution 
than the temperature distribution. Unconditional models assume a direct link 
between the regional-scale predictors and the local predictand. Conditional 
models, such as for daily precipitation amounts, depend on an intermediate va-
riable such as the probability of precipitation occurrence [5]. The R2, NSE, and 
RMSE of the calibration and validation period are summarized in Table 2. 

3.1.1. Maximum Temperature 
The result of downscaling maximum temperature indicates that there is very 
good agreement between observed and simulated maximum temperature. Dur-
ing calibrated the observed and simulated data, for Halaba-Kilito climate station 
R2, NSE and RMSE to be 0.89, 0.89 and 0.36 respectively. Each regression models 
have a value very close to 1 for nine months. However, as shown in Figure 2(A), 
the model overestimates the maximum temperature during the months of Janu-
ary, April and May. In validation process, also R2, NSE and RMSE model com-
puted to be 0.89, 0.91 and 0.33 respectively. This implies, as indicated on Figure 
2(B), for few months (January, April and May) the model overestimates while 
for the other months the model showed good validation efficiency Table 2.  
 
Table 2. Result of model calibration and validation. 

  Calibration Validation 

Station Climate elements R2 NSE RMSE R2 NSE RMSE 

Halaba 
Kulito 

Maximum Temperature 0.89 0.89 0.36 0.89 0.91 0.33 

Minimum Temperature 0.91 0.81 0.42 0.91 0.79 0.46 

Precipitation 0.85 0.71 0.77 0.78 0.74 0.85 

 

 
Figure 2. Calibration (A) and validation (B) results of simulated and observed mean daily 
maximum temperature. 

3.1.2. Minimum Temperature 
The result of downscaling minimum temperature indicates that there is very 
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good agreement between observed and simulated maximum temperature. Dur-
ing calibrated the observed and simulated data, for Halaba-Kilito climate station 
R2, NSE and RMSE to be 0.91, 0.81 and 0.42 respectively. Each regression models 
have a value very close to 1 for nine months except RMSE. However, as shown in 
Figure 3(A), the model overestimates the minimum temperature during the 
months of April, November and December. In validation process, also R2, NSE 
and RMSE model computed to be 0.91, 0.79 and 0.46 respectively. This implies, 
as indicated on Figure 3(B), during the months of February, July and December 
the model overestimates while for the other months of the model showed good 
validation efficiency Table 2. 
 

 
Figure 3. Calibration (A) and validation (B) results of simulated and observed mean daily 
minimum temperature. 

3.1.3. Precipitation 
Relative to the minimum and maximum temperatures, the precipitation could 
not be replicated to replicate the historical (observed) data. This is due to the 
complicated nature of precipitation processes and their distribution in space and 
time. Climate model simulation of precipitation has improved over time, but is 
still problematic. It also stated that rainfall forecasts are more uncertain than 
temperature forecasts. This is because rainfall is highly variable in space, and so 
the relatively coarse spatial resolution of the current generation of climate mod-
els is not adequate to fully capture that variability. During the calibration period 
observed and simulated data, for Halaba-kulito climate station R2, NSE and 
RMSE model computed to be 0.85, 0.71 and 0.77 respectively, on monthly preci-
pitation level. While the validation period for climate station R2, NSE and RMSE 
model computed to be 0.78, 0.74 and 0.85 respectively (Table 1 & Figure 4). 

 

 
Figure 4. Calibration (A) and validation (B) results of simulated and observed mean daily 
precipitation. 
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3.2. Future Maximum and Minimum Temperature Change  
Scenarios 

The generated future scenarios of average annual minimum and maximum 
temperatures generally showed an increasing trend from the base period values. 
The average annual minimum temperature will increase by 0.091˚C in the 2020s, 
0.52˚C in the 2050s and 0.74˚C in the 2080s using RCP 4.5. In the high emis-
sions scenario RCP 8.5, the average annual minimum temperatures increase by 
0.08˚C in the 2020s, 0.84˚C in the 2050s and 1.77˚C in the 2080s. The down-
scaled average annual maximum temperature scenario also indicates that it will 
rise by 0.07 ˚C in the 2020s, 0.24 in the 2050s and 0.34 ˚C in the 2080s using the 
RCP 4.5. Maximum temperatures increased by 0.4 ˚C in the 2020s, 4.35˚C in the 
2050s, and 8.75˚C in the 2080s under the high emissions scenario RCP 8.5. 

In all the scenarios, the projected average annual minimum and maximum tem-
peratures in the 2080s are the highest. For the 2080s period, the average annual 
maximum temperature will increase by 8.75˚C. The average annual minimum 
temperature in the 2080s also increased by 1.77˚C. These results agree with the 
study by Kenneth et al. (2020) [25]. The increment in minimum temperature is less 
than the maximum temperature in the 2080s. This results coincides with the study 
of Asfaw et al. (2017) [26] [27]. In general, the two scenarios show an increasing 
pattern of average annual minimum and maximum temperatures (Figure 5). 

 

 
Figure 5. Projected changes in mean annual maximum temperature (A) and minimum temper-
ature (B) in the 2020s, 2050s, and 2080s under RCP4.5 and 8.5 scenarios. 

3.3. Future Precipitation Change Scenarios 

The average annual precipitation will increase until the end of this century. In 
the model under the intermediate emissions (RCP4.5), the future average annual 
precipitation will be expected to increase by 1.3% in the 2020s and by 1.3% and 
12.24% in the 2080s, respectively. Under the worst-case scenario RCP 8.5 scena-
rio, the average annual precipitation is projected to increase by 1.27% in the 
2020s, 10.32% in the 2050s, and 26.3% in the 2080s, respectively, compared to 
the baseline period. 

Though the changes in the average annual precipitation value by the 2020s are 
not significant, as concluded from the results of future scenarios, the prediction 
of precipitation will increase in the 2050s and 2080s. In the 2080s, under the in-
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termediate emissions and worst-case scenarios, precipitation will increase by 
12.24% and 26.3% compared to the baseline period. This results which coincides 
with the study of Feyissa et al. (2018) [5] [27]. Overall, the two scenarios show 
an increasing trend in the average annual precipitation (Figure 6). 

 

 
Figure 6. Projected changes in mean annual-precipitation in the 2020s, 2050s and 2080s under 
scenarios RCP4.5 and 8.5. 

4. Conclusions 

The scenarios developed for the years 2010-2099 indicate that both the mini-
mum and maximum temperatures show an increasing trend. The predictors of 
the model were screened and selected based on the R2 and p-values. During the 
calibration and validation periods, the SDSM model shows a good correlation 
between the simulated and observed results for temperature and precipitation. It 
also compares the results of the modeled data against the observed values for the 
base periods of 1981-2018 at Halaba-Kulito station. However, the results of SDSM 
show a slight difference between simulated and observed data for the average 
daily temperature and precipitation. The model results of future average annual 
temperature and precipitation were shown by comparing them to the baseline 
period (1981-2018) and three future periods (2020s, 2050s, and 2080s) under the 
RCP 4.5 and 8.5 scenarios. 

As a result, future scenarios predict that the expected average annual temper-
ature and precipitation will increase up to the end of the century. The changes in 
climatic elements up to the 2020s are not significant. However, in the 2050s and 
2080s, the predictions were higher. In the worst-case scenarios, the expected av-
erage annual maximum temperature increase by 8.7˚C in the 2080s. Similarly, 
the increase in the average annual minimum temperature reaches 1.77˚C in the 
2080s. All the downscaled projections under the two RCP scenarios show an in-
crease in temperature with time, especially for RCP8.5. All the periods also pre-
dict an increase in average annual precipitation, especially in the worst-case sce-
narios, the volume of total average annual precipitation will also increase by 
26.3% in the 2080s. Generally, the study area will experience an increase in av-
erage annual temperature and precipitation, which will gradually modify the ex-

https://doi.org/10.4236/acs.2022.122018


T. Abebe et al. 
 

 

DOI: 10.4236/acs.2022.122018 294 Atmospheric and Climate Sciences 
 

isting temperature and precipitation conditions resulting from urbanization and 
climate change. The Halaba district will continue to experience drought and 
flooding vulnerability. Hence, it is recommended that government planning in-
tegrate the findings of this research into its planning process, which will be in-
formative and supportive of further investigations and practical better adapta-
tion mechanisms in the context of a climate emergency. Further studies also 
need to be undertaken by adding various model ensembles in order to avoid 
prediction inconsistency. 
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