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ABSTRACT

The challenges posed by climate variability and change are increasingly affecting global food and
water security. Understanding the dynamics of these changes is essential for optimizing water
resource management and enhancing food production. This study delves into the intricate relationship
between climate drivers and local weather patterns, particularly focusing on the contributions of
precipitation and temperature variability. Through the evaluation of historical datasets and the
analysis of time series data, significant trends in rainfall and temperature patterns are identified.
Additionally, the study highlights the vulnerability of regions like East and Southern Africa to climate
variability, emphasizing the profound impacts on water resources and agriculture. In Ethiopia, for
example, drought occurrences exacerbated by phenomena like the EI-Nino Southern Oscillation
(ENSO) significantly affect agricultural productivity and water resources. In response to these
challenges, the study aims to assess the performance of Regional Climate Models (RCMs) in
simulating rainfall and temperature patterns. By providing valuable insights into the potential impacts
of climate change on water resources management and agricultural production, this research
contributes to the ongoing efforts to mitigate the adverse effects of climate variability.
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INTRODUCTION

The global challenges posed by climate variability and change have increasingly become
focal points in addressing issues of food and water security. Public concern regarding
unpredictable or extreme weather events has intensified, with a particular focus on
understanding the evolving dynamics of these occurrences in the coming decades.
Recognizing the historical shifts in climate patterns becomes imperative for optimizing water
resource management and enhancing food production. Utilizing historical datasets provides
crucial insights into the temporal patterns of rainfall and temperature, essential for various

applications such as hydrological modeling, climate variability assessment, and water



resources planning and management across diverse sectors including agriculture and
engineering designs (Kuczera et al., 2010; Langat, Kumar, and Koech, 2017).

Precipitation and temperature stand out as pivotal variables within climate science and
hydrology, serving as key indicators of climate change and variability. Precipitation, a
fundamental component of the hydrological cycle, directly impacts water resources within a
region. Alterations in rainfall patterns affect stream flows, spatial and temporal distribution of
runoff, soil moisture, and groundwater reserves, necessitating a reevaluation of reservoir
operations and water resource management strategies (Asfaw et al., 2018): Similarly,
temperature, reflecting the energy exchange process over the earth's surface, plays a crucial
role in understanding climate dynamics. Analyzing the temporal variability of rainfall and
temperature enables the prediction and management of extreme events such as droughts and
floods, crucial for sectors like agriculture, hydropower, and domestic water supply (Langat,
Kumar, and Koech, 2017).

Studies examining time series data have identified trends; either decreasing or increasing, in
both temperature and rainfall. For instance, research in various regions such as the North-
Eastern part of Cuttack District, Orissa, and the Tana river basin in Kenya, have observed
significant changes in precipitation patterns over time (Mondal, Kundu, and Mukhopadhyay,
2012; Langat, Kumar, and Koech, 2017). Moreover, the impact of climate variability on
rainfall occurrence is pronounced.in regions like East and Southern Africa, where seasonal
variations affect water resources, agriculture, and the socio-economic well-being of rural
communities heavily reliant on rain-fed systems of production (Langat, Kumar, and Koech,
2017).

In Ethiopia, seasonal rainfall patterns, influenced by phenomena like the EI-Nino Southern
Oscillation (ENSO), significantly impact agricultural productivity and water resources.
Drought..occurrences, often worsened by ENSO episodes and anomalies in sea surface
temperature;, emphasize the complex interplay between climate drivers and local weather
patterns. Understanding these dynamics is essential, particularly considering the substantial
contribution of the main rainy season (kiremt) to agricultural productivity and water reservoir
levels (Dereje Ayalew, 2012; Wagesho, Goel, and Jain, 2013).

In light of the significant implications of climate change on water resources and agricultural
crop yield, this study aims to evaluate how Regional Climate Models (RCMs) perform in
simulating rainfall and temperature patterns. Through this evaluation, valuable insights into
the potential impacts of climate change on water resources management and agricultural

production will be gained.



LITERATUREREVIEW
ClimateChange

Climateisdescribedintermsofthevariabilityofrelevantatmosphericvariablessuchastemperature,p
recipitation,wind,snowfall,humidity,clouds,includingextremeoroccasionalonesover a long
period in a particular region. Basically, the term climate derived from ancient Greek“klima”,
meaning “inclination” is commonly defined as the weather averaged over a long
periodoftime.Differentscholarsexplainedtheconceptofclimateindifferentperspectivesinthisrega
rd(MazurandMilanes2009)definedClimategenerallyas“averageweather”.Itisusuallydescribedi

n terms of the mean and variability of temperature, precipitation and wind over a period of

time. Thesamesourcefurther elucidatedthatglobalobservationsoftemperature increases and



changesinother climatevariablesprovideunequivocalevidencethat the climateiswarming.
(Sensoyetal.2013)conceiveclimateinanarrowsensedefinedasthe"averageweather, "ormorerigor
ously, as the statistical description in terms of the mean and variability of relevant
quantitiesover a period of time ranging from months to thousands or millions of years
whereas climate in
awidersenseisthestate,includingastatisticaldescription,oftheclimatesystem.Consistently,thesa
mestudynotedthat climateisdefined asthe
collectivestateoftheatmosphereforagivenplaceoveraspecifiedintervaloftime.Onthesamesourcei
tisindicatedthattherearethreepartstothisdefinition; the first deals with the™ state of the
atmosphere. The collective state is classified
basedonsomesetofstatistics. Themostcommonstatisticisthemean, oraverage.
Climatedescriptionsare made from observations of the atmosphere.and are described in terms
of averages (or norms)and extremes of a variety of <weather parameters, including
temperature, precipitation, pressureand winds.

As drawn from (Gis and Remote Sensing Techniques Application 2014) the second part of
theclimate definition deals with a location. It could be a climate the size of a cave, the Great
Lakesregion,ortheworld. Inweatherandclimatestudieswearemostinterestedinmicro-
scale,regional,andglobalclimates. Theclimateofagivenplaceshouldbedefinedintermsofyourpurp
ose.Timeisthefinalaspectofthedefinitionofclimate. Atimespaniscrucialtothedescriptionofaclima
te.Weatherandclimatebothvarywithtime.Weatherchangesfromdaytoday.Climatechangesover
much longer periods of time. Variations in climate are related to shifts in the energy budget
andresultingchanges in atmosphericcirculation patterns.

Climate change is.the sever problem that the whole world facing today. It is now widely
acceptedthat climate change is already happening and further change is inevitable; over the
last
century(between1906and2005),theaverageglobaltemperaturerosebyabout0.74°C. Thishasoccur
redin two phases, from 1910s to 1940s and more strongly from the 1970s to the present
(Demissie etal.2013).Manyresearchersintothedetectionand
attributionofclimatechangehavereportedthatmost of the increase in average global surface
temperature over the last 50 years is attributable tohuman activities (Sutton et al. 2011).1t is
estimated that, for the 20th Century, the total globalmean sea level has risen 12-22 cm, this
rise has been caused by the melting of snow cover andmountain glaciers (both of which have
decline on average in both hemispheres (Demissie et al.2013). The IPCC also notes that

observations over the past century shows, changes are occurringintheamount,



intensity,frequency andtypes ofprecipitation globally(Demissieetal.2013).

At this point it is worth mentioning the role and remit of the Intergovernmental Panel on
ClimateChange(IPCC).ThelPCCwasestablishedin1988bytheWorldMeteorologicalOrganizatio
nandthe United Nations Environment Programme, and its role is to “assess on a
comprehensive,objective, open and transparent basis the scientific, technical and socio-
economic
informationrelevanttounderstandingthescientificbasisofriskofhumaninducedclimatechange,its
potentialimpacts and options for adaptation and mitigation”. Among the different-assessment
that arecarried out by the IPCC, the most recent which published in 2007, states the projected
globalsurface warming lies within the range 0.6 to 4.00C, whilst the projected see level rise
lies withintherange0.18to 0.59mattheendofnextcentury (Demissieet  al.2013; Suttonet
al.2011).

Today, climate change and its consequences receive much attention in the public debate. It is
themost complex and cross-cutting environmental problem which afflicts every corner of the
worldits impact is diverse and globally witnessed. In relation-with this (NMA 2007) in its
report statedabout the prominence of climate is that it is a key natural resource on which the
others depend. Itinfluences food production, water. management and energy availability. It
also sets the stage forthe establishment of habitats, affects the pace of primary productivity,
and influences speciesdensityand distribution.
Ingeneral,climateistheaveragestateoftheatmosphereandtheunderlyinglandorwater,ontimescale
sofseasonsandlonger.Climateistypicallydescribedbythestatisticsofasetofatmosphericandsurfac
evariables,suchastemperature;precipitation,wind,humidity,cloudiness,soilmoisture, sea
surface temperature, and the concentration and thickness of sea ice. The statisticsmay be in
terms of the long-term average, as well as other measures such as daily minimumtemperature,
length of the growing season, or frequency of floods. Although climate and
climatechangeareusuallypresentedinglobalmeanterms,theremaybelargelocalandregionaldepartu
resfrom these global means. These can either lessen or exaggerate the impact of climate

change indifferent partsofthe world.

Majorattributesofclimatechange

Precipitation

Rainfall variability receives high attention among other climatic elements especially in

relationwith agriculture. As stated by (Huffman et al. 2007) the variability in rainfall can be



explainedeither temporally or specially or both depending on the purpose needed. Africa is
one of the mostvulnerable continents to rainfall variability, a situation aggravated by the
interaction of multiplestress occurring at various levels, and low adaptive capacity. Africa’s
vulnerability to climatevariability and its inability to adopt to these changes may be
devastating to the agriculture sector,themain sourceof livelihood to themajority of
thepopulation.

Precipitationisa keycomponentof thehydrologicalcycle andoneof the
mostimportantparameters for various natural and socio-economic systems: Water resources
management, 2556agriculture and forestry, tourism, flood protection, to name. justa few
(Schmidli  and  Frei  2005).Thestudyofconsequencesofglobal  climate . changeon
thesesystemsrequires scenariosoffutureprecipitation change as input to hydrologic cycle.
Hydrological and meteorological data show norandom behavior. Then they can be analyzing
by some statistical methods based on frequencyanalyses .of precipitation and flood data.
Therefore, statistical distributions can be employed
forthestudiessuchasthedesignofwaterstructure,themanagementofwaterresourceandwatershed,a
ndthe determination ofeffectivefactors about hydrologic cycle.
However,itisnecessarytodeterminethebest-
fitteddistributiontostudieddata.Asreferredfrom(Jajarmizadeh, Harun, and  Salarpour
2012)theprimaryaimoffrequencyanalysisistorelatethemagnitude
ofextremeeventstotheirfrequencyofoccurrenceusingtheprobabilityofdistributions.Rainfall
variability receives high attention among other climatic elements especially in relationwith
agriculture. The variability in rainfall can be explained either temporally or specially or
bothdependingon thepurposeneeded.

The Horn of Africa has for a long time been an area neglected by climatologically
studies.However,repeateddroughtbadlyaffecttheregion,eachtimeclaimingthelivesofseveralhun
dredthousandsofpeople,e.qg.,1973-1974and1982-
1985inEthiopia(BeltrandoandCamberlin1993).The article states that the amount and temporal
distribution of rainfall is the most importantdeterminants of Ethiopia’s crop production from
year to year and rainfall in arid and semi-arid isoften erratic and unreliable. Therefore, its
necessary to study and analyze further in macro andmicroscaleof rainfallvariabilityand

temperature inthecountry,especially upperGibebasin.

Temperature



Temperature is also considered a good indication of the state of climate because of its ability
torepresenttheenergyexchangeprocessovertheearth’ssurfacewithreasonableaccuracy(JainandS
aharia2013).Temperature is also considered a good indication of the state of climate because
of its ability
torepresenttheenergyexchangeprocessovertheearth’ssurfacewithreasonableaccuracy(JainandS
aharia 2013). The temporal variability analysis of rainfall and temperature at timescales help
indetermining the likelihood of extreme (drought or flood) event occurrences and
management ofwater resources particularly for major consuming sectors; namely.agriculture,

hydropower anddomesticwatersupply within basins (Langat, Kumar, and Koech2017).

Trend

Changes in hydrological series can take place in many different ways. A change may
occurabruptly(stepchange)orgradually(trend)ormaytakemorecomplexforms.Changescanbesee
ninmeanvalues,invariability(variance,extremes, persistence)orwithin-
yeardistribution.Abruptchanges can be expected. because of a sudden alteration within the
catchment. They can
alsoinadvertentlyarisefromchangestogaugingstructures,ortoratingcurves(stage-to-
flowrelationships), or to observation methods. Gradual hydrological changes typically
accompanygradualcausativechangessuchasurbanization,deforestation,climatevariability,andot
herchange. Although climate change is often thought of in terms of progressive trend, it is
alsopossible for it to result in.a step-like change because of complex dependencies on non-
lineardynamicprocesses that feature cumulativeeffectsand thresholds.
Thereisahugevarietyofhydrologicaldatathatitispossibletoanalysesfortrendandstepchange.Thes
e may be collected at a range of temporal intervals: continuous, hourly, daily,
monthly,annually, or sampled irregularly. Data records contain either instantaneous values or
totals for-atime interval. Data may also pertain to different spatial scales, from point or
experimental plot tolargeareas.

Studies of hydrological change are typically complicated by factors such as missing
values,seasonal and other short-term fluctuations (climate variability) and by lack of
homogeneity. Insome cases, there are further problems because of censored data and data
series that are notsufficientlylong. Thehydrological trends canbesecular,periodic,

andcyclicaltrend.



Parametricandnon-parametrictrendtestmethods

Many tests for trend detection have been used in studies of long time series of hydrological
data.Yet,everytestrequiresanumberofassumptionstobesatisfied.Whenunderlyingtestassumptio
nsarenotfulfilled,acceptanceandrejectionregionsoftheteststatisticcannotberigorouslydetermine
d. Therefore, such tests should be treated as methods of exploratory data analysis
ratherthanasrigoroustestingtechniques.Manyapproachescanbeusedtodetecttrendsandotherform
sofnon-stationerydatainhydrology. Indecidingwhichapproachtotakeitis necessarytobeawareof
which test procedures are valid (the data meets the required test assumptions) and
whichproceduresaremost useful (likelyto correctly find changewhen it is present).
Parametrictestisatestthatinvolvesestimationofparametersanditisnotrankbased.Parametrictestin
g procedures are widely used in classical statistics. In parametric testing, it is necessary
toassume an underlying distribution for the data (often the. normal distribution), and to
makeassumptions that data observations are independent. of- one another. For many
hydrological
series,theseassumptionsarenotappropriate.Firstly,hydrologicalseriesrarelyhaveanormaldistribu
tion.Secondly,thereisoftentemporaldependenceinhydrologicalseriesparticularlyifthetime
series interval is short. If parametric techniques are to be used, it may be necessary to
(a)transformdatasothatitsdistributionisnearlynormaland(b)restrictanalysestoannualseries, forw
hich independence assumptions are acceptable, rather than using the more detailed
monthly,dailyor hourly flow series.

As stated by (Elhakeem“and Papanicolaou 2012) a parametric test is based on theory or
conceptsthat require:specific conditions about the underlying population and/or its parameters
from whichsampleinformationwillbeobtained.Non-parametrictestisatestthatdoes
notinvolveestimationof parameters and it is rank-based tests. In non-parametric and
distribution-free methods, fewerassumptions about the data need to be made. With such
methods,-it is.not necessary to assume adistribution. However, many of these methods still
rely on assumptions of independence.
Moreadvancedapproachesmustthereforebeusedfordailyorhourlyseries.Averyusefulclassofnon-
parametric tests is permutation tests. They are based on changing the order (shuffling) of
datapoints,calculating statistics, andcomparing these withtheobserved teststatistics.
(ElhakeemandPapanicolaou2012)statedthat,anon-parametrictestishasedontheoryorconceptsthat
have not required the sample data to be drawn from a certain population or have

conditionsplaced on the parameters of the population. Even within the basic categories above



it is necessaryto choose tests that are appropriate for the situation. Some tests are very good at
detecting a
veryspecifictypeofchange;othertestsmaybegoodatpickingupanyoneofabroadrangeofpossiblech
anges.Sinceonedoesnotknowthepatternofvariabilitybeforehand,using
anumberoftestsissensible.

The primary difference between the assumptions made for the two classes of tests is that
thosemade for non-parametric tests are not as restrictive as those made for parametric tests,
such
ascompletespecificationoftheunderlyingpopulation((MohdDenietal.2008)). Theassumptionofn
ormality, needed in the case of parametric tests, may be an unacceptably simplifying one in
thecontextofstronglypositivelyskewedhydrologicaldata. Inthecaseofnon-
parametric,robusttests,onedoesnotneedtoassumeadistribution.Hirsch(Hirsch,Alexander,and
Smith1991)foundthatnon-parametric procedures offer large advantages when the data are
strongly non-normal, andsuffer only small disadvantages(in terms of efficiency of power) for
normally distributed data.Eventhough nodistribution needsbeassumed,non-parametrictestsstill
makeassumptions.

Usually,anassumptionoftemporalindependencemustbemade.
Whenanalyzingatimeseriesofriver flows, this assumption may be adequate for annual flow
records. However, for shorter
timeintervals,suchasmonthsordays,itisnotlikelytohold. Therearemanyparametricandnon-
parametric tests for change detection.These are, Mann’s test (non-parametric), Normal
scoreslinearregression(non-parametric),Spearman’srankcorrelation(non-
parametric),Linearregression (parametric), Jump fitting to normal scores (non-parametric),
Jump fit to ranks (non-parametric) and Jump fit (parametric). Some parametric tests can be
applied in a non-parametricwaybytestingeithertheranksortheso-
called“normalscores”,i.e.theseriestransformedinsucha way that the marginal distribution
becomes normal, while the relative ranks of the values arepreserved(Radziejewski, Bardossy,
and Kundzewicz2000).

Twocommontypesofnon-
parametrictestsusedfordetectingmonotonictrendinatimeseriesareMann-
Kendall(MK)andSpearman'srho(SR)test.BothMKandSRmethodsarerankbasednon-parametric
tests. However, the MK test has been popularly to applied assess the significance
oftrendsinhydrometer-

logicaltimeseries(Yue,Pilon,andCavadias2002). Thesimulationexperiments they made have



demonstrated that SR test provided results almost identical to thoseobtained by the MK test.

However, the SR test is seldom used in hydro meteorological trendanalysis.

Non-parametric Mann-Kendalltrendtest

Mann-Kendall’s test is a non-parametric method, which is less sensitive to outliers and test
for atrendinatimeserieswithoutspecifyingwhetherthetrendislinearornon-
linear(Yenigiin, Giimiis,andBulut2008).Thenon-parametricMann-
Kendalltestonthesamplevariablewasfirstsuggestedby (Yue, Pilon, and Cavadias 2002)using
the test for significance of Kendall's tau. The Mann-Kendall test is based ‘on.the null
hypothesis that a sample of data is independent and
identicallydistributed,whichmeansthatthereisno serialcorrelationor trendamong thedata points.
According to (Elhakeem and Papanicolaou 2012) this test is .designed to detect a
monotonicallyincreasingordecreasingtrendinthedataratherthananepisodicorabruptevent. TheKe
ndalltestmay detect watershed changes due to either gradual" trends or abrupt events.
However, it is moresensitive to changes that result from gradually changing trends. This test
is non-parametric
test,andhasbeenwidelyusedtotestforrandomnessagainsttrendinhydrologyandclimatology(Yang
etal. 2002).

The problem in using Mann-Kendall test is that the result would be affected by serial
correlationof the time series. If there is a positive serial correlation (persistence) in the time
series, the
testwillsuggestasignificanttrendinatimeseries,whichisactuallyrandommoreoftenthanspecifiedb
y the significance devel. ((Kulkarni and Storch 1995)). To remove the effects of serial
correlation (Yue-and Wang-2004)) suggest that the series be “pre-whitened” before applying
the Mann-Kendall test. Here assumption of normality is not needed, but there must be no
serial correlationforthe resulting p-valuesto be correct.

The Mann-Kendall test possesses the useful property of other nonparametric tests in that it
isinvariant'to (monotonic) power transformations such as those of the ladder of powers. Since
onlythedataoranypowertransformationofthedataneedbedistributedsimilarlyovertimeexceptfort
heir central location in order to use the Mann-Kendall test, it is applicable in many
situations(Libisellerand Grimvall2002).

Regionalclimatemodel(RCM)

RegionalClimateModels(RCMs)aredevelopedbasedonthesamerepresentationsofatmosphericd



ynamical and physical processes as GCMs. They have higher spatial resolution in the order
0f10-50km that can cover a sub-global domain. As a result of the higher spatial domain,
RCMsprovide a better description of orographic effects, land-sea surface contrast and land-
surfacecharacteristics(Resetal.2014).Moreover,theyenhancethesimulationofatmosphericcircul
ations and climatic variables at fine spatial scales which shows their improved ability
toreproduce present day climate (Ying and Yan 2009). However, there is still some
limitations
(Resetal.2014)suchas:(i)theinheritanceofsystematicerrorsinthedrivingfieldsprovidedbyglobal
models, (ii) lackoftwo-wayinteractionsbetweenregional and
globalclimate(iii)thealgorithmiclimitations of the lateral boundary. interface (iv)
computationally demanding, and (v) furtherdownscalingrequirementforimpact studies.

There are many different RCMs currently available, for various regions, developed at
differentmodelingcentersoftheworld.However,theuncertaintyissuesremainanotherdrawbackin
useofRCM. Due to this fact, several international efforts have-been taken to quantify
uncertaintiesthrough model inter-comparison. More recently, a new project called CORDEX
(CoordinatedRegional Climate Downscaling Experiment) ‘has been initiated by the world
climate researchprogramsimulations at 50km resolution formultipleregions.

Due to the availability of numerous-numbers of such RCMs a number of studies have
beenconductedinthepast.(TeutschbeinandSeibert2012)providedarecentreviewontheuseofRCMs
forhydrologicalmodels. Theyrecommendthatabiascorrectionisnecessaryforusingtheoutputsin
any hydrological models ass RCMs  are susceptible to systematic model errors caused
byimperfect conceptualization, discretization and spatial averaging within grid cells. These
biasesare typically due to the occurrence of too many wet days with low-intensity rain or

incorrectestimationof extreme temperaturein RCM simulations.

COSMO-CLM Model

An ensemble of climate change projections has been created by downscaling the results of
fourGCMs from the CMIP5 climate projections, namely: The Max Plank Institute MPI-ESM-
LR,HadleycentersHadGEM2-ESandtheNationalCentreforMeteorologicalResearchCNRM-

CMb5and EC-Earth, i.e., the Earth System Model of the EC-Earth Consortium
(http://ecearth.knmi.nl/)indicatedonTable.1.Thehistoricalruns,forcedbyobservednaturalandant
hropogenicatmospheric composition, cover from the period 1950 until 2005, whereas the

projections (2006-2100) are forced by two Representative Concentration Pathways



(RCPs),(Vuuren and Carter2014), namely, RCP4.5 and RCP8.5. The numerical domain
common to all groups participatingto the CORDEX Africa initiatives covers the entire Africa
continent at a special horizontalresolution of 0.440 and the model grid uses 194 points from
West to East and 201 points fromSouthto North. CORDEX-

Africadomains(source:http://cordex.dmi.dk/)

InthisworkweanalyzetheclimatechangeprojectionsassimulatedbytheregionalclimatemodelCOS
MO-CLM(CCLM).
Table.1ListofRegionalClimateModelandDrivingGCMs

GCMs Name  |Institution acronym, [(GCMs Horizontal |RCM Ins titutions and Country of Origin
country Resolution
MPL-ESM-LR |MPI-M, Germany 1.9% g% COSMO-CLM |Max plank institute, Germany
CNEM-CM5 |CNRM-CERFACS, COSMO-CLM |National Center for Meteorological
France 1.4%%1 4% Research, France
EC- EARTH |EC-EARTH, European || 125% 12° COSMO-CLM |Earth System Model of the Furopean
CONSOm Consortinm
COSMO-CLM |the Hadley center, MOHC (Met O ffice
Hadley Center and Instinution{ Nacional de
HadGEM2-ES |Hadley Ceneter, UK 1.875"*1.25" Pesquisas Espaciais), UK
CORDEX PROJECT

In 2009, World climate Research program: (WCRP) has initiated Global Coordinated
RegionalDownscaling Experiment (CORDEX: http://wcrp-cordex.ipsl.jussieu.fr/) with the
intention ofproducing an ensemble of high-resolution climate change projections by
downscaling GCMsimulationsfromCoupledModellnter-comparisonProject
Phase5(CMIP5)dataarchive(Tayloret al., 2012) on 25Km and 50Km grid spacing for
14regions of the Globe. Africa was selected asthe first target region for the World Climate
Researchprogrammes (WCRPs) in CORDEX(Coordinated regional downscaling
Experiment). CORDEX consists of two phases: in the firstphase downscaling centers are
asked to-downscale a reference /verification period using InterimEuropean Center for
Medium-Range Weather Forecasts (ECMWEF) Re-Analysis (ERA-
Interim)data(Deeetal.,2011)andinthesecondphasetheyusedatafromtheCoupledmodellntercomp
arisonProjectphase5(CMIP5)GCMs from the period195-2100.
(Hernandezetal.2017)evaluatestheabilityoftenRCMsoverAfricaandconcludesthatalIRCMssim
ulatetheseasonalmeanandannualcyclequiteaccurately.Likewise, itisverifiedthatthemeanof
multi-model outputs do better than individual simulation. They successfully reproduce
theoverall features of geographicaland seasonal distribution over most Africa.In their

report, CORDEXsimulationssucceedinreproducingtheaveragedistributionofprecipitationanditsl



argegeographicaldifferences.

HistoricalDevelopmentofFutureEmissionsScenario

RepresentativeConcentrationpathway(RCP’s)

Thepotentialfutureevolutionofanthropogenicemissionofgreenhousegasesandotherradioactive
forcing substances are depicted according to a set of scenarios spanning alternativefuture
development. Past generation of climate projections, in particular experiments issued fromthe
CMIP3 and integrated in the IPCC Fourth Assessment Report (AR4, IPCC 2007), were
basedonthe family of green gas emissionstorylines (Sutton.et al. 2011).

In particular, medium to high range emissions according to-the' SRES A1B scenarios were
thefocus of the discussions and climate impact research. Deferent types of emission scenarios
areusedinclimateresearchtoassessthelong-
termimpactofatmosphericgreenhousegasesandpollutants based on the assumptions of
population growth, economic development level, etc.Scenariospreviously approved by the
IPCC included in Table .2.

Table.2ListofemissionscenariosusedinlPCCreports

Year |Name Use in
1990] S A S0 First assessment Report
1992|1592 Second Assessment report
SRES- special Report on
2000 Emission and Scenarios Third and Fourth Assessment Report
RCP- Representative
2009| Concentration Pathwavys Fifth Assessment Report

AnewgenerationofscenarioswasdevelopedandlaterusedwithinCMIP5oftheintergovernmental
Panel on climate change (IPCC) Fifth assessment Report (RR5) published on2013-2014. The
new scenarios are called Representative concentrations pathways (RCPs) havebeen defined as
a basis for long term and near-term climate modeling experiments in the
climatemodelingcommunity (Vuuren and Carter 2014).

TherearefourRCPsasinTable.3definedbytheirlevelofthetotalradiativeforcingpathwayinthe year



2100, and are representative for the existing literature about emission scenarios.
Thedefinitions of the RCPs allows for a parallel development of new socioeconomic,
technical, andpolicy scenarios that provide insights into the impact of policy decisions on the
future climate(Vuurenand Carter 2014).

Table3DescriptionofthefourRepresentativeconcentrationpathways(RCPs)

Description Publication-1A Model
Rising radiative forcing pathway leading to
RCP8.5 | 8.5 W/m’ (~1370ppm CO; eq) by 2100. (Riah et al. 2007)-MESSAGE
Stabilization without overshoot pathway to 6
Wim™ (~850ppm CO- eq) at stabilization (Fujino et al. 2006; Hijioka et al.
RCP6 | after 2100 2008)-AlIM

Stabilization without overshoot pathway to
4.5 W/m® (~650ppm CO; eq) at stabilization | (Clarke et al. 2007; Smith and Wgley
RCP4.5 | after 2100 2006; Wise et al. 2009)- GCAM

Peak in radiative forcing at ~3W/m"
(~490ppm COs eq) before 2100 and the
decline (the selected pathway declines to 2.6 | (Van Vuurent et al., 2007a; Van
RCP2.6 | W/im® by 2100). Vuurent et al. 2006)-IMAGE

Note;IAModel=IntegratedAssessmentmodel; MEASSAGE=ModelforEnergySupplystrategyAlt
ernativesandtheirGeneralEnvironmentallmpact; InternationallnstitutesforappliedSystems,Aust
ria; AIM = Asia-pacific Integrated~ Model,, National Institute for Environmental
studies,Japan; GCAM= Global change Assessment Model, Pacific North West National
Laboratory,USA(Previously referred to as MiniCAM); IMAGE= Integrated Model to Assess

the GlobalEnvironment;Netherlands Environmental assessment Agency, TheNetherlands.

RCPsprimarycharacteristicsandtheirdevelopment

RCP 8.5(High. Emission) was developed using the MESSAGE model and the HASA
Integrated Assessment Framework by the International Institute for Applied Systems Analysis
(NASA),Austria. ThisRCPischaracterizedbyincreasinggreenhousegasemissionsovertime,repre
sentative of ‘scenarios in the literature that lead to high greenhouse gas concentration
levels(Lamarqueet al. 2011)

RCP6 was developed by the AIM modeling team at the National Institute for
EnvironmentalStudies (NIES) in Japan. It is a stabilization scenario in which total radiative
forcing is stabilizedshortly after 2100, without overshoot, by the application of a range of
technologies and strategiesforreducing greenhousegas emissions (Sayad and Hussieny n.d.)
RCP4.5wasdevelopedbytheGCAMmodelingteamatthePacificNorthwestNationalLaboratory <
sJointGlobalChangeResearchinstitute(JGCRI)intheUnitedStates. Itisascenarioin - which total



radiative forcing is stabilized shortly after 2100, without overshooting the long-
runradiativeforcing target level(Majhi and Pattnayak2016)

RCP2.6 was developed by the IMAGE modeling team of the PBL Netherlands
Environmental AssessmentAgency.Theemissionpathwayisrepresentativeofscenariosinthelitera
turethatleadtoverylowgreenhousegasconcentrationlevels.Itisa—peak-and-
declinelscenario;itsradiativeforcing level first reaches a value of around 3.1 W/m2 by mid-
century, and returns to 2.6 W/m2by 2100. In order to reach such radiative forcing levels,
greenhouse gas emissions (and indirectlyemissionsofair  pollutants)arereduced

substantially,overtime(Vuurenand Carter2014).

Bias-Correction Methods

Often, outputs of regional climate models cannot be directly used for.impact assessment as
thecomputedvariablesmaydiffersystematicallyfromtheobservedones.Biascorrectionistherefore
appliedtocompensateforanytendencytooverestimateorunderestimatethemeanofdownscaledvari
ables. Bias correction factors are computed. from the statistics of observed and
simulatedvariables. Bias correction methods_.are assumed to be stationary, i.e. the correction
algorithm anditsparameterizationforcurrentclimateconditionsareassumedto
bevalidforfutureconditionsaswell. However, a good performance during the evaluation period
does not guarantee a goodperformance under changed future conditions. (Teutschbein and
Seibert 2012) provide a detaileddiscussion and state that a method that performs well for
current conditions is likely to performbetter for changed conditions than a method that
already performs poorly for current conditions.The correction method used in the study was
the power transformation. The method uses
theexponentialformXbthatisusedtoadjustthestatisticalvariancestandarddeviationandcoefficient
of variation of precipitation time series. The temperature was bias corrected by variance

scalingmethod:

PreviousRelatedStudiesinAnalysisofRainfallandTemperatureTrendsatWat

ershed Level

Study of different time series data have proved that trend is either decreasing or increasing,
bothin case of temperature and rainfall. (Mondal, Kundu, and Mukhopadhyay 2012)

investigated inrainfall trend analysis by Mann-Kendall test in North-Eastern part of Cuttack



District, Orissaobserved that there is evidence of some change in the trend of precipitation of
the region in these40 years in different month. In Kenya, (Langat, Kumar, and Koech 2017)
studied temporalvariability and trends of rainfall and streamflow in Tana river basin and
reported Annual rainfalltrend analysis showed negative monotonic trend in seven rainfall
stations and positive trends
inthreestations,indicatinganincreasingrainfallinhighelevationareas,andmoredryingconditionsf
orlow areas within thebasin.

In Maharashtra, (Mahajan and Dodamani 2015) investigate in trend analysis of drought
eventsover upper Krishna and detected that there is negative trend of pre-monsoen rainfall at
over

63percentofthearea.Villani(LongobardiandVillani2010)studied Trendanalysisofannualandseas
onal rainfall time series in the Mediterranean area using 81 .years’ datasets from 221
gaugestationsand detected overall significant changes inthearea.

Also, from the review of literature, it is evident that several studies have been undertaken
tocharacterizetrendsin rainfall
andtemperatureatvariouslocationsacrossthecountry,Ethiopia: Astudy by (Asfaw et al. 2018) in
Northcentral of Ethiopia pointed out that there is declining trendfor annual and kiremt rainfall
was found to be statistically significant while that of belg was notsignificant and the rate of
change of temperature was found. to:be 0.046, 0.067 and 0.026 C perdecadeformean,
minimum and maximum respectively.

InBlueNile(TayeandWillems2012)had
reportedthatthereisneitherconsistentincreasingnordecreasingtrendinrainfallandflowextremesof
recentyears.InTekezeriver(Fentaw,Hailu,andNigussie 2017) revealed that Trend in mean
monthly rainfall data shows increasing trends in theEastern part of the Basin whereas
decreasing trend for-Western part of the basin. In Omo-Giberiver (Degefu and Bewket 2014)
reported, that the results show complex spatial patterns on thefrequency and magnitude of
drought events across the study area for all timescales and intensityclasses. Therefore,in-
depth knowledge andanalysis of rainfall andtemperature regimes
ondifferenttimescalesareincreasinglybecomingnecessaryforenhancingthemanagementofwaterr
esources, planning and designing of hydraulic structures, agriculture production and to

mitigatethenegativeeffects of floods and droughts.



CONCLUSION

In conclusion, this study underscores the critical importance of understanding climate
variability and its impacts on water resources and agriculture. Through the analysis of
historical datasets and the evaluation of Regional Climate Models (RCMs), significant trends
in rainfall and temperature patterns have been identified. The vulnerability of regions like
East and Southern Africa to climate variability, particularly drought events exacerbated by
phenomena like ENSO, emphasizes the urgent need for adaptive measures in water resource
management and agriculture. Through providing insights into the potential impacts of climate
change, this research contributes to the development of strategies aimed at mitigating the
adverse effects of climate variability on food and water security. Future studies should
continue to assess the performance of RCMs and refine predictive models to better anticipate

and adapt to changing climate conditions.



REFERENCES
Abdullah, Firdaus et al. 2010. “A Study of Service Quality Determinants of Private

UniversitiesinBangladeshUsingSERVQUAL.”InternationalEducationStudies6(4):86—
95.http://www.jstor.org/stable/1251929%origin=crossref%5Cnhttp://www.tandfonline.c
om/doi/abs/10.1080/0954412988352%5Cn10.3846/bme.2014.09%5Cnhttp://search.ebs
cohost.com/login.aspx?direct=true&db=buh&AN=97064856 &site=eds-
live&authtype=ip,uid%5Cnhttp://search.

Aden,MohammedHosh.2015.“AssessmentofTemporalVariabilityofRainfallandldentificationo
fParentDistribution inDireDawa,Eastern Ethiopia.”

Asfaw, Amogne, Belay Simane, Ali Hassen, and Amare Bantider. 2018. “Variability and
TimeSeries Trend Analysis of Rainfall and Temperature in Northcentral Ethiopia: A
Case  StudyinWolekaSub-Basin.”WeatherandClimateExtremes19(March2018):29—
41.https://doi.org/10.1016/j.wace.2017.12.002.

Beltrando,Gérard,andPierreCamberlin.1993.“InterannualVariabilityofRainfallintheEasternHo
rnofAfricaandIndicatorsofAtmosphericCirculation.” InternationalJournalofClimatolog
y.

Degefu, Mekonnen Adnew, and WoldeamlakBewket. 2014. “Variability and Trends in
RainfalAmount and Extreme Event Indices in the Omo-Ghibe River Basin,
Ethiopia.” RegionalEnvironmentalChange.

Demissie, T A, F Saathoff, Y Sileshi, and A Gebissa. 2013. “Climate Change Impacts on
theStreamflowandSimulatedSedimentFluxtoGilgelGibelHydropowerReservoir—
Ethiopia.”European International Journal of Scienceand Technology2(2): 63-77.

DerejeAyalew.2012.“VariabilityofRainfallandItsCurrentTrendinAmharaRegion,Ethiopia.” Afr
icanJournalofAgriculturalReseearch7(10).
Elhakeem,Mohamed,and AthanasiosNPapanicolaou.2012.“RunoffCurveNumberandSaturated

Hydraulic ~ Conductivity  Estimation  via  Direct  Rainfall ~ Simulator

Measurements.”Journalof Water Management Modeling.



Fekadu,Geremew,BoruZelalem,BiruGonfa,andGirmaMamo.2019.“ImpactsofClimate
Change on Stream Flow and Water Availability in Anger Sub [] Basin , Nile Basin

ofEthiopia.”SustainableWaterResourcesManagement5(4):1755—
64.https://doi.org/10.1007/s40899-019-00327-0.

Fentaw, Fikru, Dereje Hailu, and Agizew Nigussie. 2017. “Trend and Variability Analysis
ofRainfall & Stream Flow Series at Tekeze River Basin, Ethiopia.” International
Journal ofScientific& Engineering Research8(11): 665-80.

“GisandRemoteSensingTechniquesApplication.”2014.

Hernandez,Leticia,DiazRené, LaprissOumarou,
andNikiémaKatja.2017.“3[]StepDynamicalDownscaling with Empirical Correction of
Sea 0 Surface Conditions : Application to
aCORDEXATfricaSimulation.”ClimateDynamics48(7): 2215-33.

Hirsch,RobertM.,RichardB.Alexander,andRichard A.Smith.1991. SelectionofMethodsfortheD
etectionandEstimationofTrendsinWater Quality.”-Water ResourcesResearch.

Huffman, George J. et al. 2007. “The TRMM Multisatellite Precipitation Analysis
(TMPA):Quasi-Global, Multiyear, Combined-Sensor Precipitation Estimates at Fine
Scales.” Journalof Hydrometeorology8(1): 838-55.

Jain,SK,andMSaharia.2013.AnalysisofRainfalland Temperature TrendsinNortheastindia.”978
(April 2012): 968-78.

Jajarmizadeh, Milad, Sobri Harun, and Mohsen Salarpour. 2012. “A Review on
TheoreticalConsideration and Types of Models in Hydrology.” Journal of
Environmental Science andTechnology5(5):249-61.

Kuczera,Georgeetal.2010.“ThereAreNoHydrologicalMonsters,JustModelsandObservationswi
th Large Uncertainties ! LargeUncertainties!”6667.

Kulkarni,A,andHVonStorch.1995.“MonteCarloExperimentsontheEffectofSerialCorrelationon
theMann-KendallTestof Trend.”MeteorologischeZeitschrift.

Lamarque,Jean-frangoisetal.2011.“Globaland  RegionalEvolutionofShort-LivedRadiatively-
ActiveGasesand Aerosolsinthe Representative ConcentrationPathways.”:191-212.

Langat, Philip Kibet, Lalit Kumar, and Richard Koech. 2017. “Temporal Variability and
TrendsofRainfallandStreamflowinTanaRiverBasin,Kenya.”Sustainability(Switzerland
)9(11):1-18.

Libiseller, Claudia, and Anders Grimvall. 2002. “Performance of Partial Mann-Kendall Tests
forTrendDetection in thePresenceof Covariates.”Environmetrics.

Longobardi, Antonia, and Paolo Villani. 2010. “Trend Analysis of Annual and Seasonal



RainfallTimeSeriesintheMediterraneanArea.”InternationalJournalofClimatology30(1
0):1538-46.

Mahajan, D.R., and B.M. Dodamani. 2015. “Trend Analysis of Drought Events Over
UpperKrishnaBasininMaharashtra.” AquaticProcedia4(lcwrcoe):1250-
57.http://dx.doi.org/10.1016/j.aqpro.2015.02.163.

Majhi,Sagnika,andRashmitaPattnayak.2016.“ProjectionsofRainfalland
SurfaceTemperatureoverNabarangpur DistrictUsing MultipleCMIP5 Models In.”2(3):
399-405.

Mazur,Linda,andCarmenMilanes.2009.“IndicatorsofClimateChangeinCalifornia.”
IndicatorsofClimateChangeinCalifornia(August):258.

Mohd Deni, Sayang, Suhaila Jamaludin, Wan Zawiah Wan Zin, and Abdul Aziz Jemain.
2008.“Tracing Trends in the Sequences of Dry and Wet Days over Peninsular
Malaysia.” JournalofEnvironmental Scienceand Technology.

Mondal, Arun, Sananda Kundu, and Anirban Mukhopadhyay. 2012. “Case Study rainfall
trendanalysis by mann-kendalltest : a case study of-north-eastern part of cuttack
district , orissaSchool of Oceanographic Studies , Jadavpur University , Kolkata-
700032 * Author forCorrespondenceCaseStudy Trend Analysis.”2(1): 70-78.

Nile, Blue, and Yared Bayissa. 2017. “Evaluation of Satellite-Based Rainfall Estimates
andApplicationto Monitor MeteorologicalDroughtFor.”:1-17.

NMA.2007.“NationalMeteriologyAgencyAnnualReport2007.”(October):1-10.

Radziejewski, M., A. Bardossy, and Z. W. Kundzewicz. 2000. “Détection de Changements
DansLesSeriesdeDébitsUtilisantLaRandonisationdePhase.”
HydrologicalSciencesJournal.

Res,Climetal.2014.
“ClimateProjectionsforVietnamBasedonRegionalClimateModels.”60:199-213.
Sayad, Tarek, and Fathy El Hussieny. “robust statistical procedure to determine suitable

scenarioofsomecmip5 models for four locations inegypt.”(6): 1009-19.

Schmidli,Jirg,andChristophFrei.2005.  “TrendsofHeavyPrecipitationandWetandDrySpellsin
Switzerland during the 20th Century.” International Journal of Climatology 25(6):
753-71.

Sensoy,Serhatetal.2013.“TrendsinTurkeyClimateIndicesFrom1960T02010.”

Meteoroloji.Gov.Tr(1):1-8.

Sutton, Mark A. et al. 2011. “Summary for Policy Makers.” The European Nitrogen



Assessment: XXiv—XxxXiv.

Tadege,Abebe.2007.“ClimateChangeTechnologyNeedsAssessmentReportofEthiopiaClimate
ChangeTechnology Needs.”(June): 73pp.

Tamiru,Alemseged,and TomRientjes.2015.“EvaluationofRegional ClimateModelSimulationso
fRainfallovertheUpperBlueNileBasin.” AtmosphericResearch161-162:57—
64.http://dx.doi.org/10.1016/j.atmosres.2015.03.013.

Taxak, Arun Kumar, A. R. Murumkar, and D. S. Arya. 2014. “Long Term Spatial and
TemporalRainfallTrendsandHomogeneityAnalysisinWaingangaBasin,CentralIndia.”
WeatherandClimateExtremes 4: 50-61. http://dx.doi.org/10.1016/j.wace.2014.04.005.

Taye,MeronTeferi,andPatrickWillems.2012.“TemporalVariabilityofHydroclimaticExtremesin
theBlue NileBasin.” Water Resources Research48(3):1-13.

Teutschbein,Claudia,andJanSeibert.2012.“BiasCorrectionofRegionalClimateModelSimulatio
ns for Hydrological Climate-Change Impact Studies.: Review and Evaluation
ofDifferentMethods.”JournalofHydrology456-457:12—
29.http://dx.doi.org/10.1016/j.jhydrol.2012.05.052:

Vuuren, Detlef P Van, and Timothy R Carter. 2014. “Climate and Socio-Economic Scenarios
forClimateChangeResearchand Assessment:ReconcilingtheNewwiththe Old.”:415-
29.

Wagesho, Negash, N. K. Goel,. and M. K. Jain. 2013. “VariabilitétTemporelle et
SpatialeDesPrécipitationsAnnuelles et Saisonniéres Sur I’Ethiopie.” Hydrological
Sciences Journal58(2):354-73.

Ward, M Neil. 2000. “precipitation over sardinia( italy ) during the 1946 — 1993 rainy
seasonsandassociated large-scaleclimatevariations.”541: 519-41.

Yang,Dagingetal.2002."“SiberianLenaRiverHydrologicRegimeandRecentChange.”JournalofG
eophysical ResearchAtmospheres.

Yenigiin, Kasim, Veysel Giimiis, and Hiisamettin Bulut. 2008. “Trends in Streamflow of
theEuphratesBasin, Turkey.”ProceedingsofthelnstitutionofCivilEngineers: WaterMana
gement.

Ying,XU,andShenYan.2009.“ADailyTemperatureDatasetoverChinaandltsApplicationinValid
atingaqRCMSimulation.”26(4): 763-72.

Yue,Sheng,PaulPilon,andGeorgeCavadias.2002.“PoweroftheMann-
KendallandSpearman’sRhoTestsforDetectingMonotonicTrendsinHydrologicalSeries.”
JournalofHydrology.

Yue,Sheng,andChunYuanWang.2004.“TheMann-



KendallTestModifiedbyEffectiveSampleSizetoDetectTrendinSeriallyCorrelatedHydro

logicalSeries.”WaterResourcesManagement.



