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Spatiotemporal dynamics of climate variability, its impact on major cereal crops and suitability 

projections at Bilate Watershed: Sub Basins of Ethiopian Rift Valley 

Bereket Tesfaye Haile 

Addis Ababa University 2022 

ABSTRACT 

Climate variability and changes are among the hazards affecting rain-fed agriculture. The study was 

undertaken in Bilate Watershed, Southern Ethiopia. It aimed to evaluate the relationships between 

local climate and Sea Surface Temperature, realize patterns of drought, and predict future climate 

suitability for major cereal crops. Data were obtained from the National Meteorology Agency of 

Ethiopia, Statistical Agency, worldclim.org, and National Oceanic and Atmospheric Administration 

(NOAA). Climate data were downscaled using the Statistical Downscaling method. The climate data 

was analyzed using the Mann-Kendal (MK) and Modified Mann Kendal (MMK) test, Pearson 

correlation coefficient, and Standardized Evapotranspiration index. Maxent model was used to analyze 

the climatic suitability for crops. The results show that the watershed has experienced a Coefficient of 

Variation (CV) of 30-58% for rainfall and 0.04 to 0.14% for temperature. The MK and MMK tests 

revealed that significant trends were detected for summer (Z=2.9) and decreasing trends of spring 

rainfall (Z=-1.6). The maximum temperature trend increases for all seasons, spring Z>2.9, summer Z= 

3.6, autumn Z=2.8, and winter Z= 3.23. Minimum temperatures trend were observed in spring Z= 2.7 

and summer Z= 5.9. An increasing trend of minimum temperature was observed in autumn Z=3.6. 

With regards to rainfall and temperature relation with SST, it is positively correlated with ENSO 

(Nino 3.4 and IOD, except for areas in the north). In spring, IOD was positively correlated r = 0.42 

with the south and northeastern parts of the watershed, while summer and winter were negatively 

correlated with IOD in the north. The entire watershed's rainfall is positively correlated with IOD in 

autumn. Positive correlations r=0.3-1 were observed with Nino3.4 regions in all seasons. It was found 

that in the upcoming decades, the southwestern areas of the watershed would experience a change in 

maximum temperature in spring by RCP8.5 scenario -1 to 1°C. The northern parts would have a 

change of 6.4°C in summer maximum temperature. Precipitation of the wettest month is the top-

ranking contributor for Enset 81%, Annual temperature by 48.5% for maize, and precipitation of 

wettest month for wheat by 88.1%. The southern areas were found to be highly suitable for Enset with 

a suitability grade of 0.7 to 1, in both SSP4.5 and 8.5 scenarios. Analysis from Maxent indicates the 

watershed is less suitable for maize with a suitability grade <0.05. Shifting suitability of maize to north 

and south part is detected. The southern areas are more suitable for wheat with a suitability grade of 

0.7 to 1. We conclude that this study contributes to a better understanding of spatial and temporal 

variations in the magnitude of climate variability. Our results provide instrumental evidence of the 

differential impacts of the climate suitability for the major crops grown in the study area. These 

findings can guide informed decision-making and climate-smart agricultural adaptation mechanisms in 

the area.  

  Keywords: Bilate, Bio-climate, Enset, ENSO, SDSM, Maxent, RCP Scenarios, SSP, SST  
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CHAPTER ONE: INTRODUCTION 

1.1. Background 

Climate variability and changes are among the most important environmental hazards affecting the 

ecosystem and human beings in every part of the world with varying magnitude (Milesi et al., 2005). 

Climate encompasses the statistics of temperature, humidity, atmospheric pressure, wind, rainfall, 

aerosol, and other meteorological components (Campbell et al., 2007). The statistical alteration of 

climatic components over a long period is viewed as climate change (Pielke Jr, 2004; Wilson, 2006). 

Temporary changes in climate and the statistics of the events could be considered as climate variability 

(Campbell et al., 2007; Scheffran et al., 2012). The intensity and incidence of climate are increasing 

continuously (Kisaka et al., 2015; Pearce et al., 2014a). Climate models have shown that climate 

impacts will be severe in many areas of the world (Conway and Schipper, 2011a; Donat et al., 2013; 

Sylla et al., 2016). Countries that are heavily dependent on rain-fed agriculture suffer from the impacts 

of climate variability (Berhanu and Beyene, 2015).  

Studies have shown that local climate variability ( rainfall and temperature) is triggered by various 

drivers, however, the effect of  Sea Surface Temperature(SST) is frequently sighted and linked with 

local climatic components (Bony et al., 1997). Among the SST, the El Niño/Southern Oscillation has a 

great influence on the inter-annual climate variability (Le et al., 2020). The SST  in the equatorial east 

pacific is strongly linked with local climate (Bayable et al., 2021; Ratnam et al., 2014). The inter-

annual fluctuation in the equatorial Pacific is among the major drivers of climate variability  (Bayable 

et al., 2021; Dogar et al., 2017). The increase/decrease in SST of the central tropical Pacific enhances 

the risk of heavy rainfall in some parts of the world and drought in others (Boliko and vitaminology, 

2019). The SST of the tropical Pacific shows an inconsistency spatially and temporally variation 

resulting in rainfall distribution (Chen and Georgakakos, 2015; Dubache et al., 2019; Philip et al., 

2018).  

The rainfall distribution over Ethiopia is interrelated with the equatorial east Pacific, the southern 

oscillation index, and the IOD (Seleshi and Zanke, 2004). The country has been affected by ENSO-

induced rainfall deficiency every 3-5 years (Segele et al., 2009). Particularly the farming communities 

were affected by rainfall shortages driven by ENSO and IOD (Fan et al., 2017). In 2015, several parts 
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of Ethiopia were affected by the drier conditions of ENSO (Rifai et al., 2019). Ethiopia faces the 

challenge of rainfall variability, which in turn leads to recurrent drought and food insecurity.  The 

SST-driven rainfall variability results in loss of pasture for animals and failure of crops. 50-90% of 

crops were failed due to 2015 ENSO (Troeger et al., 2018). Research confirmed that declining trends 

of precipitation and increasing trends of dryness were detected in Ethiopia (Degefu and Bewket, 2014; 

Deressa et al., 2011; Kidemu and Rao, 2016). El Nino Southern Oscillation and IOD are responsible 

for seasonal rainfall variability and the occurrence of recurrent drought (Fan et al., 2017; Gissila et al., 

2004). SST‘s of the Pacific and the Indian Ocean, Gulf of Guinea, and the southern Atlantic Ocean are 

known to affect the summer rainfall (Alhamshry et al., 2019; Camberlin et al., 2001).  

Uneven distributions of rainfall affect the productivity of crops in various parts of Ethiopia. The 

rainfall distribution decreases spatially from south to north and east to west. In all parts, the 

fluctuations of SST are major drivers of rainfall variability. ENSO and local rainfall are highly 

correlated and impact the yield of major cereal crops (Silva et al., 2019). Study confirmed that the SST 

affects rainfall at local and regional scales, which is proven through Teleconnections (Gissila, 2001; 

Gutierrez, 2017; Panda et al., 2019). The ENSO-induced rainfall variability leads to crop damage and 

yield reduction with a varying magnitude. It could disrupt agricultural activity through extreme events 

like drought and flood. ENSO-driven rainfall variability affected the yield of crops (Park and An, 

2014). ENSO-induced rainfall variability is the most important climatic parameter in influencing rain-

fed agriculture (Diro et al., 2011a). The agricultural sector of the country has been frequently affected 

by ENSO (Funk et al., 2016). For instance, El Niño events of 1986–2010, 1987, 1991, 1997, 2003, 

2004, 2006, and 2009, the first crop season was affected.  In the 2002 El Niño event, the first and 

second crop seasons were failed (Rojas et al., 2014). The El Niño situation causes drought which 

varies spatially both in magnitude and intensity (Gore et al., 2020). 

 The deficiency of rainfall results in short and long-term drought (Wilhite et al., 2007). Among the 

most frequent hydro-meteorological hazards, drought has a multi-dimensional impact but felt slow 

(Ashraf and Routray, 2013; Mishra et al., 2010; Solomon, 2007; Wmo and Gwp, 2016). Drought could 

be classified as meteorological, hydrological, agricultural, and socioeconomic drought (AghaKouchak 

and Nakhjiri, 2012). Meteorological droughts occur primarily and are succeeded by others‘ (Zhan et 

al., 2016).  The frequency and intensity of drought have been increasing and are expected to continue 

rising (Djalante, 2019).  Studies have indicated that the number of warm spells increases, while,  cold 
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days decrease and result in the risk of drought (Change, 2014a). Drought imposes a substantial 

influence on agriculture, human health, and the economy (Confalonieri et al., 2007; Kisaka et al., 

2015; Lipp et al., 2002). It upsurges greenhouse gas emissions and reduces the sequestration potential 

of the ecosystem  (Thao et al., 2019; Wilhite, 2000). It causes a widespread impact on water, food 

security, and the national economy (Koo et al., 2019) malnutrition (Richman et al., 2016). In the past 

few decades, more than 30 major drought incidents have occurred in Ethiopia, of which 13 covered the 

entire country (Edossa et al., 2010; Ferris-Morris, 2003; Gebrehiwot et al., 2011). Found that 1984/85 

agricultural production was highly affected by drought and could be best explained its devastative 

impact in Ethiopia. It devastated crops and killed millions of people and livestock (Gebrehiwot et al., 

2011; Wagaw et al., 2005). 

 In 2011 drought affected millions of farmers and pastoralists in Ethiopia. The uncertainty of rainfall 

together with recurrent drought remarkably challenged the Ethiopian agriculture contribution to the 

economy and food security (Koo et al., 2019; Viste, 2012).  The effect of drought in Ethiopia is not 

uniform it spatially and temporally varies. North and northwest areas experienced more frequent and 

severe droughts than southern (Zeleke et al., 2017b). Studies confirmed that south and southwestern 

areas are mainly impacted by spring season drought. North, northwest, and central areas of Ethiopia 

were affected by short-term drought. The spatial variations of drought parallel to ENSO variability, 

while the drying trend in the south and southwest is connected to conditions over the Atlantic Ocean, 

the western Pacific, and the Indian Ocean (Viste et al., 2013; Zeleke et al., 2013b). 

Drought is quantified by indices of unpredictable problems (Jenkins and Warren, 2015). Drought 

indices are continuous functions of rainfall and temperature. Rainfall data are usually used to measure 

drought indices because long-term rainfall records are often accessible. One of the measurable indexes 

applied on drought monitoring is the dryness index which describes the relationship between 

temperature and rainfall. Palmer Drought Severity Index, soil moisture algorithm uses rainfall, 

temperature, and locally available water content which is based on the supply-demand of the water 

balance equation (Dai et al., 2009). Standardized Precipitation Index (SPI) is used to quantify the 

rainfall deficit for multiple time scales, reflecting the impact of rainfall shortage on the availability of 

water supplies. Standardized evapotranspiration index (SPEI), which is the most widely used drought 

monitoring indices was used to analyze and evaluate drought events (García-Ruiz et al., 2011; McKee 

et al., 1993; Vicente-Serrano et al., 2010a). SPI could be simpler in highlighting available moisture 
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conditions than other currently available indices (Törnros et al., 2014).  As compared to other indices, 

both SPI/SPEI is appropriate to the index for drought analysis in East African countries. The  SPEI 

incorporates additional parameters which used for hydrological and agricultural purposes than SPI in 

terms of drought characterization of global climate variability and change monitoring because the 

SPEI takes into consideration both temperature and soil moisture content (Spinoni et al., 2013; Tefera 

et al., 2019; Yan-Jun et al., 2012). Most crops‘ growth and development also show a better correlation 

with the SPEI than with the SPI (Labudová et al., 2017). Hence, using only rainfall for drought 

analysis may underestimate the severity of drought, while incorporating PET may enhance the strength 

of the study.  Both Historical and projected studies recommended that major climatic comments like 

rainfall and temperature extremes resulting from drought should be projected to know the patterns of 

dryness events (Shiru et al., 2020).   

To realize the projected climate, downscaling is considered to be the best option. Climate downscaling 

approaches can be dynamical or statistical downscaling. Both the models are vital in climate studies. 

However, all models have merits and demerits. In dynamical downscaling, the Global Circulation 

Model (GCM) outputs are used as boundary conditions to drive a Regional Climate Model and 

produce regional-scale information from coarse resolution approximately 100km. It is computationally 

costly and reliant on GCM, it has a  miss much with the GCM and RCM,  uses too large grid boxes, 

requires multiple servers and supper computing, downscale only 3-4 GCM are supposed to be the 

demerits of dynamical downscaling, while statistical downscaling produces station-scale 

meteorological time series by fitting statistical relationships with predictor variables,  is less costly, 

easily manageable and computationally straightforward, designed for a specific purpose and can 

download more than 20 Models at a time, incorporates historical and future information. It has been 

widely used in climate studies at present. However, the shortcoming of statistical downscaling is 

building statistical relationships needs historical observed data with sufficient length of time, its 

stationary nature is believed to be the demerits of the Statistical-Downscaling Model (SDM). Research 

has shown that at present, the SDM is the most important in presenting climate impact studies (Ayalew 

et al., 2012; Fowler et al., 2007; Wilby and Harris, 2006).  

Climate models are used to make a future climate projection which requires information about future 

concentrations of greenhouse gases and aerosols. The latest development in GCMs, known as earth 

system models, also needs information on land-use changes that are consistent with socio-economic 
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developments through the century. To date, such scenarios have not included information on possible 

future volcanic eruptions or changes in solar radiation; even though it is clear that such fluctuations 

will occur; the timing over the century cannot be specified. Inter-governmental Panel on Climate 

Change(IPCC) Fifth Assessment set a new forcing scenario, known as representative concentration 

pathways/ RCPs (Van Vuuren et al., 2011b) and the latest IPCC Shared Socioeconomic Pathways 

(SSP). These pathways are identified by their approximate total radiative forcing at 21
st
.C relative to 

1750: These RCPs includes mitigation pathway (RCP2.6. which needs the removal of some CO2 

currently in the atmosphere), at present, it is not in use which is out of date, stabilization pathways 

(RCP4.5), and the last RCP8.5 pathway with very high greenhouse gas concentrations by 2100 and 

beyond. Research has shown that countries in Africa are hit by the impacts of climate variability and 

change due to the lesser adaptive capacity and are predicted to be the victim of climate-induced 

disasters (Adger et al., 2003). Particularly the countries in sub-Saharan Africa are more susceptible to 

climate-induced impacts. Several findings from GCM supported that the average rainfall and 

temperature are projected to increase and climate variables have been the main cause of natural 

calamities in the Horn of Africa (Omondi et al., 2014). The warmer conditions are likely to be more 

recurrent in the whole of Kenya, Ethiopia, and Somalia, whereas the event of coldness is expected to 

be declining across seasons in East Africa (Doherty et al., 2010; Funk et al., 2012).  

Ethiopia is highly vulnerable to climate variability in the past and present due to its lesser adaptation 

capacity. Temperature is expected to rise by 0.9  to 1.1   in 2030, 1.7 to 2.1   by 2050, and 2.7 to 

3.4   by 2080 over the country, and mean annual rainfall is also expected to increase in some pocket 

areas (Oumer et al., 2007). The impact of climate variability in the past was well understood; however, 

there is a gap in associating the patterns of future climate and the fate of rain-fed agriculture. Bilate 

watershed is completely dependent on rainfed agriculture and no other alternative means of getting 

precipitation than rainfall. The fluctuations of rainfall associated with SST affect cultivating crops and 

rearing animals. Research addressing climate variability in Bilate watersheds is very scarce. Few 

studies were done on temperature and rainfall in northern parts of Ethiopia assessing the hydrological 

response of Lake Tana Basin (Arsiso et al., 2018; Dile et al., 2013; Feyissa et al., 2018a). Bilate 

watersheds have not been taken part in any of the studies concerning the association between the effect 

of global SST on local climate, future patterns of rainfall and temperature as well as the future 

suitability and distributional pattern of major crops. Therefore this study would try to provide climate 
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evidence on past, present, and future climate under different climate scenarios and the suitability of the 

Bilate watershed for major cereal crops in the coming decades.  

1.2. Statement of the problem  

Numerous studies have exemplified that Ethiopia has a high agricultural potential (Diro et al., 2011c, 

d; Welteji and Security, 2018). However, the ever-rising temperature and erratic rainfall are 

determinant factors for the agriculture, water, and socioeconomic development of Ethiopia (Conway 

and Schipper, 2011b; Nicholson, 2017). Ethiopian agriculture which is the base for the national 

economy, foreign exchange, and support of more than 85% of the population is still characterized by a 

traditional farming system, low productivity, and high sensitivity for climate variability (Diro et al., 

2011c). On top of these, the farmers‘ dependence on rain-fed agriculture and lesser adaptive capacities 

are remarkably observed. The profitability and sustainability of the sector are threatened by rainfall 

uncertainty, recurrent drought, flooding, and environmental degradation (Gamachu, 1988). The 

agricultural sector's contribution to the national economy and food security is directly linked with 

rainfall conditions i.e. normal years are associated with high production and vice versa. However, 

erratic rainfall in its onset, cessations, drought, and flood events are the dominant factors for the 

reduction of agricultural production. 

 In Ethiopia, the spatiotemporal rainfall variability and linked extremes are mainly controlled by 

complex topographic features and SST over the Pacific, Atlantic, and Indian oceans (Korecha and 

Barnston, 2007b; Segele et al., 2009). The impact of hydro-meteorological variables seriously harms 

the water and crop productivity particularly in the time of ENSO. The frequency and magnitude of the 

climate variables and impacts are not uniform throughout the country. It seems vital that in addition to 

macro and Meso-scale rainfall variability (Alhamshry et al., 2020b; Degefu et al., 2016), evidence on 

the micro-scale spatiotemporal variation of rainfall and its impact could help to devise intervention 

measures. It is with this intention this study was designed to examine the seasonal rainfall variability 

and its link to global sea surface temperatures at the Bilate watershed. The watershed comprises 

diverse agro-ecological features and has been used for crop and livestock production for a long time. 

Besides, it is rich in water resources for irrigation, hydroelectric power, and other domestic purposes. 

Bilate watersheds have not been taking part in any of the studies concerning the future patterns of 

rainfall and temperature as well as the future suitability and distributional pattern of major crops. The 
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adverse effects of Sea surface Temperature on local climate variability and associated impacts on the 

present and predicted suitability of major cereal crops are scarcely documented. Hence, this study is 

meant to fill the gap of the climate evidence on past, present, and future climate under different 

scenarios. The studies so far by (Wodaje et al., 2016) mainly stressed temporal trends not addressing 

site-specific conditions. Thus this particular study will try to find out the upcoming climate evidence at 

Bilate watershed. Hence, the target of this investigation is to examine the historical trend and the 

projected climate under recently established climate scenarios, for the timely identification of the 

potential impacts related to the future climate and to explore further coping options for early warning. 
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1.3. General Objectives  

The general objectives of this study were to explore the spatiotemporal dynamics of climate 

variability, its impact on major cereal crops, and suitability projections at Bilate Watershed: Sub 

Basins of Ethiopian Rift Valley. 

1.3.1. Specific Objectives 

1. To analyze the spatiotemporal climate variability,trends, compar observed with CHIRPIS  and 

its link to Global Sea Surface Temperatures at Bilate watershed  

2. To estimate ENSO-induced rainfall variability impact on cereal crops at Bilate watershed. 

3. To quantify the spatiotemporal Drought using Standardized Evapotranspiration and Aridity 

Index at Bilate watershed: Sub Basins of Ethiopian Rift Valley.  

4. To evaluate the projected rainfall and temperature distribution, the associated impacts of 

bioclimatic factors, and suitability for major cereal crops at Bilate Watershed Sub Basins of the 

Ethiopian Rift valley. 

1.3.1. Reseacrch question and  hypothesis  

 What level of  associations were obesrved beteween local climate variables and the 

global  Sea Surface Temperatures(SST) at Bilate watershed ? 

 Is ENSO-induced rainfall variability having an impact on cereal crops at Bilate 

watershed? 

 How are Drought and Aridity Index at Bilate Watershed?  

 What would be projected rainfall and temperature distribution and its  relationship with 

future suitability for major cereal crops at Bilate Watershed Sub Basins of the Ethiopian 

Rift valley. 
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2. CHAPTER TWO: LITERATURE REVIEW 

2.1. Background  

The purpose of this section is to review the scientific literature on which the investigation is based. 

The section gives general information about climate variability, trends in climatic elements, drought 

characteristics, seasonal rainfall and its link to global sea-surface temperature and associated impacts 

on major cereal crops, model projections of precipitation and temperature, the Agro-ecological area 

shift of major cereal crops, and the insights of communities residing at the Bilate -watershed and their 

responsive strategies to climate variability and change. 

One of the main worries with a possible climate change is the occurrence of climate extreme events. 

Research has shown that in many parts of the world, changes in total precipitation are intensified, and 

variations in temperature extremes were observed. Climate Model has shown changes in extreme 

events for past and future climates, like increases in extremely high temperatures, decreases in 

extremely low temperatures, and increases in intense precipitation events. Furthermore, society is 

becoming more sensitive to weather and climate extremes, which might be aggravated by global 

climate change. The intensity of climate extreme events would have an intense influence on both 

human society and the natural environment. Climate-induced extinctions of plants and animals and 

species' range shifts are being documented at an increasing rate. Numerous biological changes are 

linked to responses to extreme climate events (Easterling et al., 2000; Meehl et al., 2000). Climate 

extremes are often placed into two broad categories, those supported by simple climate statistics, 

which include extremes like low or very high temperature, or heavy precipitation amount, that occur 

every year, and more complex event-driven extremes, which include drought and floods.  

Global climate change stating that climate change is ―a change of climate which is attributed directly 

or indirectly alters the composition of the worldwide atmosphere, which is added to natural climate 

variability observed over comparable periods.‖ Global climate change embraces the observed and 

projected rise in average temperature, and related impacts, including, a rise in severe weather 

incidents; glaciers and sea-level rise, melting of ice, and changes within the timing and amount of 

rainfall (Abdo et al., 2009; Change, 2014b). Climate Variability may be a vital intrinsic characteristic 

of climate varies on timescales. There has been much recent public and scientific interest in climate 

and the possible role of changing climate in space and time (Braganza et al., 2004). Many research has 
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focused on measuring the impacts of changes in climatic averages on different sectors (Rowhani et al., 

2011). Global-scale assessments of global climate change impacts on livelihoods and economic factors 

are commonly supported averages rather than on the analysis of the extremes events (Rivera et al., 

2017). Observations suggest that global climate change and variability impacts on society result 

primarily from extreme events that induce disaster risks. this is often because, additionally to changes 

in climate, climate variability is predicted to extend in some regions within the future, including the 

frequency and intensity of extreme events (IPCC-TGICA, 2007).  

Some researchers have proposed that changes in climate extremes will have a more adverse impact on 

crop production than changes in climate averages alone (Morton, 2007). Climate variability isn't 

uniform in space and time. It is often described as a mixture of some preferred spatial patterns. The 

foremost prominent of those are referred to as modes of climate variability, which affect weather and 

climate on many spatial and temporal scales. The simplest known and truly periodic climate variability 

mode is the seasonal cycle. Others are wide-spectrum temporal variability (Blunden et al., 2011). 

Climate variability could also be due to natural processes within the climate system itself or to 

variations in natural or anthropogenic forcing‘s (Stenni et al., 2017) and the common view about the 

response of the climate system to external forcing will tend to possess a structure that's almost like the 

structure of the system‗s leading intrinsic modes of variability (Branstator and Selten, 2009). 

Atmospheric temperature, rainfall, humidity, radiation, etc., are dominant climatic factors closely 

linked with agricultural production (Mamun et al., 2015). Rainfall is of major importance in water 

resources assessment and thus considerable research has been devoted toward characterizing its spatial 

and temporal variability (Haile et al., 2009). However, accurate estimation of space-time variability of 

precipitation is one among the main challenges in hydrometeorology within the interest of providing 

fine-scale climate information for impact assessment and adaptation planning (Tsidu, 2012). a change 

in global temperatures due to anthropogenic Green House Gas (GHG) is evidenced in many recent 

studies confirming that the amount from 1983 to 2020s was likely the warmest period within the past 

1400 years (Change, 2014b) and it's believed to possess led to a bigger proportion of rainfall derived 

from intense precipitation events (Buonomo et al., 2007). 
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 2.2. Global Sea surface Temperature and its link to the rainfall 

Sea surface temperature is the temperature over the surface of the Ocean, which is an important 

physical attribute of the world‘s oceans. The surface temperature of the world‘s oceans varies mainly 

with latitude, the warmest waters generally near the equator and the coldest waters far away from the 

equator (Pearce et al., 2014b). In the long term, increases in Sea surface temperature could alter the 

circulation patterns precipitation and temperature to the surface of the earth. Because the oceans 

continuously interact with the atmosphere, sea surface temperature can also have profound effects on 

the global climate. Increases in sea surface temperature have led to an increase in the amount of 

atmospheric water vapor over the oceans (IPCC, 2013). This water vapor feeds weather systems that 

produce rainfall, increasing the risk of heavy rain and snow. Changes in SST can also shift storm 

tracks, potentially contributing to droughts (IPCC, 2013). Increases in sea surface temperature are also 

expected to lengthen the growing season and increase the risk of effects (Stone, 2016). 

 This indicator tracks the average global sea surface temperature from 1880 through 2015. Techniques 

for measuring sea surface temperature have evolved since the 18
th

 c. For instance, the earliest data 

were collected by inserting a thermometer into a water sample collected by lowering a bucket from a 

ship. Today, temperature measurements are collected more systematically from ships, as well as at 

stationary and drifting signals. The NOAA has carefully reconstructed and filtered the data for this 

indicator to correct for biases in the different collection techniques and to minimize the effects of 

sampling changes over various locations and times. The long-term average change obtained by this 

method is very similar to those of ―unanalyzed‖ measurements and reconstructions developed by other 

researchers (Rayner et al., 2003). 

Currently, understanding the spatial-seasonal variations of rainfall and its association with Pacific 

Ocean SST is very crucial to producing reliable weather and climate forecasts for users (Degefu et al., 

2017). The El Niño-Southern Oscillations/ENSO/ is one of the most important and longest-studied 

climate events. It is the unexpected hotness or coldness of ocean waters that would occasionally form 

in the East Pacific (Trenberth and Hoar, 1997). This climate event leads to large-scale changes in sea-

level pressures, Sea Surface Temperature/SST/, precipitation, and winds in the tropics; its 

consequences appear in many parts of the world. ENSO is characterized by a varying shift between the 

Neutral, El Niño, and La Niña phases. El Niño occurs when the central and eastern equatorial Pacific 

sea-surface temperatures are warmer than the usual one  (Tolossa et al., 2015) 
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The lead regions of ENSO start at 5
0 

N -5
0 

S, where SST oscillations are observed. The representative 

region is the Niño 3.4 and the commonly used threshold for Sea Surface Temperature departure from 

normal > +0.5°c. This region provides a good measure of important changes in SST gradients that 

result in changes in the pattern of deep tropical convection and atmospheric circulation. The criteria 

that are often used to classify El Niño episodes are five consecutive 3-months mean SST anomalies 

that exceed the threshold. Concerning the monthly and spatially SSTA and the index values of each 

month has been considered over the tropical Pacific region at 5°S -5°N and 150°W - 90°W. The sea 

surface index values -0.5 is El Niño, -0.5 to +0.5 Neutral between and La Niña + 0.5 for five 

consecutive months over the Ocean. El Niño repeatedly takes place every 2 to 7 years and can last for 

months for a period of up to two years (Dilley et al., 2005). 

El Niño and La Niño play a vital role in causing variation to SST, which result in large-scale weather 

disruptions both on the sea and on the interior parts of the continents. Findings showed that ENSO and 

local rainfall are highly correlated. Conditions at sea directly affect precipitation at the local and 

regional levels, which is evidenced by ―Teleconnection‖ that affects local rainfall patterns across the 

globe (Glantz et al., 1991). It is believed that ENSO is related to devastating droughts in many parts of 

the world, including Africa (Glantz, 1994). Ethiopia, for being reliant on rain-fed agriculture is highly 

affected by ENSO. Little disruption on the rainfall bearing system is highly disturbing its substantial 

agriculture since  Agriculture is the backbone of the country's economy ( Korecha, D., and Barnston, 

2014). The principal cause of drought in Ethiopia is confirmed with the occurrence of ENSO resulting 

from the fluctuation of global atmospheric circulation, which is triggered by SSTA occurring in the 

ocean. For instance, 1982, 1997, 1998, 2015/16 were ENSO induced drought years in Ethiopia with 

very strong El-Nino event and the years 1988, 1989, 1999, 2000, 2007, 2008, and 2011 were strong La 

Niña events.  

ENSO episodes have an impact on seasonal rainfall performance and rainfall variability over Ethiopia 

through remote teleconnections (Gissila et al., 2004; Korecha and Barnston, 2007a). Most of the 

drought years were recorded during major rainy seasons locally called kiremt seasons, which is the 

main cropping season due to El Niño episodes. Since agriculture is heavily dependent on rainfall, 

productivity and production are strongly influenced by climatic and hydrological variability due to 

ENSO phases. Research has shown ENSO-based seasonal climate reduces crop yield, the degree of 

crop yield variability over time is determined by the amount, pattern, and frequency of rainfall 
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(Tolossa et al., 2015).  El Niño/Southern Oscillation has a great influence on the inter-annual rainfall 

variability in Ethiopia. In 2015, the northern and central parts of Ethiopia were extremely affected by 

El Niño and the worst drought has occurred. During El Niño (La Niña), precipitation in equatorial east 

Africa might be positively or negatively affected by easterly (westerly) wind anomalies (Ratnam et al., 

2014). The SST of the tropical Pacific shows a discrepancy both spatially and temporally (Phillips et 

al., 2018)  and a very high correlation exists between precipitation and SST (Wu et al., 2014; Wu et 

al., 2008). Some authors classify the El Niño‘ as hot tong located at region Niño 3 and a warm pool El 

Niño at region Niño 4 (Kug et al., 2009). An anomaly occurs when the SST is ± 0.5 for five 

consecutive 3-month running means over a region (positive in an El Niño event, and negative in a La 

Niña). This measurement is also known as ONI. The most commonly used region for drought 

monitoring is the Niño 3 (Lyon, 2004) used Niño 3.4 to measure the strength of the El Niño (Figure 1).  

 

Figure 1:‖ Climate Data Guide: Nino SST Indices" 

https://climatedataguide.ucar.edu/climate-data/nino-sst-indices-nino-12-3-34-4-oni-and-tni.4(Nino-

4rgions,3.4(Nino3.4regions,3(Nino3 regions, 1+2(Nino 1 and 2 regions SST of equatorial pacific). 

2.3. Drought types and their characteristics 

Drought is a stochastic natural phenomenon that arises from a considerable deficiency in precipitation. 

Among natural hazards, drought is known to cause extensive damage and affects a significant number 

of people (Wilhite, 1993). Drought can generally be defined as the extreme persistence of a 

precipitation deficit (González and Valdés, 2006). Drought is a natural but temporary imbalance of 

water availability, consisting of persistent lower-than-average precipitation, of uncertain frequency, 

duration, and severity, whose occurrence is difficult to predict. Drought usually causes diminished 

water resource availability and reduced carrying capacity of the ecosystems below average or less than 

usual availability of water.  

https://climatedataguide.ucar.edu/climate-data/nino-sst-indices-nino-12-3-34-4-oni-and-tni.4(Nino-4rgions,3.4(Nino3.4regions,3(Nino
https://climatedataguide.ucar.edu/climate-data/nino-sst-indices-nino-12-3-34-4-oni-and-tni.4(Nino-4rgions,3.4(Nino3.4regions,3(Nino
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By implementing an operational definition of drought, three main physical drought types were 

established: meteorological, agricultural, and hydrological droughts. In a broad definition, these 

droughts occur in a particular order (Figure 2) precipitation deficiency instigates meteorological 

drought, which subsequently impacts soil moisture content (i.e., agricultural drought). Low recharge 

from the soil to water features such as streams and lakes causes a delayed hydrological drought.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Drought type and classification and the associated inter-relationship (Wilhite, 1993) 

Along with precipitation deficit, additional variables such as evapotranspiration and stream flow are 

also used to characterize drought. Using different models (water balance/hydrological models), such 

variables or indicators are used in combination to derive a drought index. Such indicators can be 

meteorological, hydrological, or water supply-and-demand in nature. Meteorological indicators 

include rainfall and cloud cover; hydrological indicators include stream flow and groundwater level; 

water supply and demand indicators include reservoir storage. In practice, however, some indicators 
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such as precipitation, potential evapotranspiration, and soil- and vegetation-cover characteristics have 

had wider applications and influence (Tsakiris and Vangelis, 2005). 

Drought indices are quantitative measures that characterize drought levels by assimilating data from 

one or several variables (indicators) such as precipitation and evapotranspiration into a single 

numerical value. Such an index is more readily useable than raw indicator data. The nature of drought 

indices reflects different events and conditions; they can reflect the climate dryness anomalies (mainly 

based on precipitation) or correspond to delayed agricultural and hydrological impacts such as soil 

moisture loss or lowered reservoir levels. In addition, the categorization of drought indices can also be 

based on the data and technology used. For example, a considerable number of indices use remote-

sensing imagery to detect vegetation health as an indicator of drought. 

Palmer's Drought Severity Index (PDSI) was first proposed in 1965 by Wayne Palmer to ―measure the 

departure of the moisture supply‖ (Palmer, 1965). It was based on the supply and demand concept of 

the water balance equation, taking into account more than just the rainfall deficit at specific locations. 

The (PDSI) uses temperature and rainfall in a formula to determine the degree of dryness. The PDSI 

was developed following two decades of severe drought episodes in the United States (the 1930s and 

the 1950s). Using historical data, Palmer was able to devise an index based on only temperature, 

precipitation, the available water content of the soil, and Thornthwaite‘s method for calculating 

potential evapotranspiration. The PDSI is most effective in determining long-term drought over a 

matter of several months, but it is not good with short-term forecasts over a matter of weeks. The 

dispassionate of the PDSI was to provide a measurement of moisture conditions that were 

―standardized‖ so that comparisons using the index could be made between locations and between 

months (Palmer, 1965).  

Palmer developed the PDSI to include the duration of a drought (wet spell). His motivation was an 

abnormally wet month in the middle of a long-term drought should not have a major impact on the 

index, and a series of months with near-normal rainfall following a serious drought does not mean that 

the drought is over. Therefore, Palmer developed criteria for determining when a drought or a wet 

spell begins and ends, which adjust the PDSI accordingly. The PDSI is a ―meteorological‖ drought 

index and responds to weather conditions that have been abnormally dry or abnormally wet. When 

conditions change from dry to normal or wet, for example, the drought measured by the PDSI ends 
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without taking into a reasonable stream flow, lake and reservoir levels, and other longer-term 

hydrologic impacts (Karl and Knight, 1985).  

The PDSI is calculated based on precipitation and temperature data, as well as the locally available 

water content (AWC) of the soil. From the inputs, all the basic terms of the water balance equation can 

be determined, including evapotranspiration, soil recharge, runoff, and moisture loss from the surface 

layer. The PDSI varies between less than -4.0 and greater than +4.0. Palmer arbitrarily selected the 

classification scale of moisture conditions (Palmer, 1965). The PDSI has typically been calculated 

every month and a long-term archive of the monthly PDSI values and modified by (Heim Jr, 2005). 

SPI is a widely adopted indicator for drought intensity assessment because of its simplicity; its 

application is strongly limited by its inherent nature of dependence on the mean. The SPI expresses the 

actual rainfall as a standardized departure from rainfall probability distribution function and, hence, 

this index has gained importance in recent years as a potential drought indicator permitting 

comparisons across space and time (Naresh Kumar et al., 2009). Computation of SPI involved fitting a 

gamma probability density function to a given frequency distribution of precipitation totals. The alpha 

and beta, shape, and scale parameters of the gamma distribution were estimated for a suitable 

timescale for each year. Alpha and beta parameters were then used to find the cumulative probability 

of an observed precipitation amount, which was then transformed into the standardized normal 

distribution. Thus, SPI could be said to be normalized in space and time scales. SPI as a drought index 

is very versatile as it can be calculated on any timescale, so it is suitable for agricultural and 

hydrological applications. This versatility is also critical for monitoring the temporal dynamics of 

drought, including its development and decline. These aspects of drought have always been difficult to 

track with other indices; further, as SPI values are normally distributed, the frequencies of extreme and 

severe drought events for any location and timescale are consistent. 

The standardized precipitation evapotranspiration index (SPEI) may be a multi-component drought 

analysis index that's supported by precipitation and potential evapotranspiration and is sensitive to 

heating. It describes the degree of dry and wet conditions using standardized potential 

evapotranspiration and precipitation. Since SPEI can capture the drought characteristics of various 

time scales (1, 3, 6, 12, and 24 months, etc.), it's broadly utilized in drought evaluation. SPEI is 

provided by (Vicente-Serrano et al., 2010b). 
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The SPEI is a recent drought monitoring index proposed by(Vicente-Serrano et al., 2010a). It is an 

enhanced drought index that's specially fitted to investigate the effect of worldwide warming on 

drought severity. The SPEI considers the effect of reference evapotranspiration on drought severity, 

but the multi-scalar nature of the SPEI enables identification of varied drought types and drought 

impacts on diverse systems. Complete descriptions of the impression behind the SPEI provided by 

(Vicente-Serrano et al., 2013). The SPEI practices ―climatic water balance‖, the difference between 

precipitation and reference evapotranspiration, rather than only precipitation as an input to that of SPI. 

The climatic water balance compares the available water with the atmospheric evaporative demand 

and thus provides a more reliable measure of drought severity than only considering precipitation. The 

climatic water balance is calculated at various time scales (over one month, two months, three months, 

etc.), and thus the resulting values are fit to a log-logistic probability distribution to transform the 

primary values into standardized units that are comparable in space and time at different SPIE scales.  

Even though the SPEI was newly established, it has been utilized in varied investigations that have 

studied drought variability and global climate change, reconstruction, drought atmospheric 

mechanisms, identification of drought impacts on hydrological, agricultural, and ecological systems 

(Abiodun et al., 2013; Allen et al., 2011; Barbeta et al., 2015; Potop et al., 2012; Wei et al., 2021) 

Additionally  (Fuchs et al., 2014) and also the SPEI has been utilized in drought monitoring systems. 

2.4. Climate Models   

Climate models are the primary tools available for investigating the response of the climate system to 

various forces, for making climate predictions on seasonal to decadal time scales, and for making 

projections of future climate over the coming century and beyond. For the projections of future global 

climate up to 2100 various Models were developed by (IPCC
3, 4, 5,6th

) various scenarios for various 

future periods and with various base periods, emission scenario for all projections IPCC SRES, RCPs 

and SSPs future greenhouse gas emissions as projected in different emissions scenarios.  

Climate models, class of computer-driven models, are defined as a mathematical representation of the 

climate system based on physical, biological, and chemical principles (Goosse et al., 2010), and they 

are the primary tools available for investigating the response of the climate system to various forces 

(Flato et al., 2014). Many climate models have been developed to understand the level of climate 

change in response to the emission of greenhouse gases (GHG). The population size and lifestyle 
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including energy and land use are the main drivers of anthropogenic GHG emissions and the 

representative concentration pathways (RCPs) are projections of GHG concentrations based on these 

factors. The RCP2.6 is for the strict mitigation scenario, RCP4.5 and RCP6.0 are for two intermediate 

mitigation scenarios and RCP8.5 is for very high GHG emissions and SSP (shared socioeconomic path 

ways (Change, 2014a). 

Knowing how temperature and precipitation are projected to change in the future on average is not 

very useful to decision-makers planning for specific types of impact studies of climate change on 

agriculture or water supply (Groves et al., 2012). But climate models that can be used to create more 

useful climate metrics and impact modeling results are needed, which in turn will be used directly to 

inform the development of climate adaptation responses for weather forecasting, understanding 

climate, and projecting climate change. There are wide ranges of climate models identified by IPCC 

for impact assessment studies (IPCC, 2013). There is no single model which is appropriate for all 

purposes. Models used in climate research vary from simple energy balance models to complex earth 

systems (Groves et al., 2012). Some of the climate models evaluated in the IPCC‗s Fifth Assessment 

Report (AR5) were examined as follows.  

2.4.1. Atmosphere-Ocean General Circulation Models  

Atmosphere-Ocean General Circulation Models are established to simulate the current climate and 

used as a tool for projections of future global climate change using different emission scenarios. The 

Outputs from many GCMs are available, mainly within the Coupled Model Inter-comparison Project 

phase multi-model dataset of the planet Climate Research Programs. It is supposed to supply a 

framework for coordinated global climate change and beyond. It promotes a typical set of model 

simulations to supply projections of future climate change on two-time scales, near term and future in 

the 21
st
 c or beyond (Siew et al., 2014).  

For appropriately forecast effects of climate change and variability it requirements information on a 

spatial scale within the order of 10km, but global climate models (GCMs) rarely have a spatial 

resolution finer than the order of 100km. This mismatch in spatial resolution creates the gap between 

the knowledge available from GCMs which is needed to tell global climate change adaptation 

strategies. This is often mainly true for models which will enjoy higher spatial resolutions than global 
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models provide. The simplest example is hydrological simulations, which are sensitive to elevation, 

local soil properties, topography, and slope orientation (Pierce et al., 2015). 

2.4.5. Downscaling models 

Global climate change and its impacts are the main goals of the research. However, understanding the 

character and potential consequences of global climate change at regional levels remains a challenge 

to work out the longer-term climate changes,  climate change research must focus on the 

characteristics of future on how it alters the world (Grose et al., 2015). Observed changes within the 

earth's climate over the past ∼250 years are now widely considered to be enhanced by anthropogenic 

activities  (IPCC-TGICA, 2007) and global climate models are the standard tools used to simulate the 

changes in climate as a result of increases within the concentrations of GHGs (Ekström et al., 2015). 

Various worldwide Climate Models are developed to simulate global climatology including 

precipitation. Multiple GCMs are used to simulate historic climate and project future climate-

supported different emissions scenarios (Swain et al., 2014). IPCC Fifth Assessment Report (AR5) 

describes emissions scenarios as plausible trajectories of various aspects of the longer term that are 

constructed to research the potential consequences of anthropogenic climate change. Scenarios 

represent many of the main driving forces - including processes, impacts (physical, ecological, and 

socioeconomic), and potential responses (Pearce et al., 2014a). 

GCMs are the only tools to estimate future global climate changes resulting from greenhouse gas 

concentrations with different emissions scenarios within the atmosphere (Cheng et al., 2012). 

However, because of their coarse spatial resolution, the outputs from these models won't be used 

directly in impact studies. Hydrological models, as an example, affect small or sub-catchment scale 

processes whereas GCMs simulate planetary-scale and parameterize many regional and smaller-scale 

processes. Therefore, there is a scale mismatch between GCMs and other models, and these needs 

downscaling of GCMs to watershed level or small scale (Chen et al., 2013).  

Several downscaling methodologies are developed to transfer the GCM simulated information to a 

local scale. Generally, the local scale is defined on the idea of geographical or physiographic 

considerations (Bhattacharjee and Zaitchik, 2015). Statistical downscaling (SD) involves developing a 

relationship between the massive and native scales using historical data then applying this relationship 

to regulate independent large-scale data right down to the local scale (Tian et al., 2014). It‘s supported 
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by the utilization of statistical tools and rules to develop local scale hydro-meteorological data using 

the GCM outputs. SD approaches are classified into three broad categories, weather typing, weather 

generators, and regression-based downscaling. although they are available resolved to various 

categories, fundamentally in their operation, they represent the assumptions of selected predictor 

variables that are relevant to the study and therefore the host GCM is in a position to simulate them 

realistically, empirical relationships developed under this climate conditions also are valid for future 

global climate change and selected predictor variables are ready to capture the climate change signal. 

Statistical downscaling methods are typically more effective than dynamical downscaling and 

particularly useful for temporal downscaling (Brown, 2008). 

The Statistical Downscaling Model (SDSM) is a freely available tool that facilitates the rapid 

development of multiple, low-cost, single climate scenarios of daily surface weather variables under 

present and future climate forcing. SDSM is the most common statistical downscaling software 

utilized in scientific work. The Statistical Downscaling Model (SDSM) uses a hybrid of stochastic 

weather generators and multiple rectilinear regression techniques in downscaling climate variables. 

This system permits spatial downscaling through daily predictor-predict and relationships using 

multiple linear regressions and generates predict that represent the local weather. This statistical 

downscaling model may be a combination of a stochastic weather generator technique and a transfer 

function model (Wilby et al., 2002b) requires daily data for the local predictands of interest ( 

temperature and precipitation) and the large-scale predictors (NCEP and GCM) of a grid box closest to 

the study area is that the second sort of data sets  (Wilby et al., 2002b).  

The SDSM has seven major steps for developing the simplest execution of the multiple rectilinear 

regression equation for the downscaling process, including internal control and data transformation; 

screening of predictor variables; model calibration weather generation (using observed predictors); 

statistical analyses graphing model output and eventually scenario generation (using climate model 

predictors). Unlike the straightforward multiple rectilinear regression, the temperature and 

precipitation variables are modeled as an unconditional and conditional process, respectively. Within 

the conditional method, the large-scale circulation behavior, also as atmospheric moisture parameter, 

is employed to linearly condition local-scale weather generator variables like precipitation occurrence 

and also the intensity  (Wilby et al., 2002b). Then, the generated daily period was adjusted for its mean 
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and variance by using bias correction and variance inflation factors, respectively, to reach a far better 

agreement with observed data (Hessami et al., 2008). 

To obtain a statistically expressive and continuous relationship, a reasonable length of time would be 

needed as proposed by SDSM. At present, there are numerous SD models were accessible; however, 

the Statistical-Downscaling Model (SDSM) is a promising one. It‘s the first tool that presented climate 

change impacts in the community and is easily accessible. Many investigations have revealed that 

SDSM is simple to manage and widely applied in several climate studies (Ayalew et al., 2012; Fowler 

et al., 2007; Wilby and Harris, 2006).  

The Earth‘s climate is not static; it changes in response to both natural and anthropogenic drivers. The 

emission of GHG gases now overcoming the influence of natural drivers on the external forcing of 

Earth‘s climate (Solomon, 2007). IPCC developed a Special Report for Emission Scenarios (SPRES) 

(Oumer et al.), on climate change projections starting from the 1990s. These scenarios are due to 

emissions of greenhouse gases, aerosol precursor which produces global warming. The emission 

scenarios were developed based on population, economy, technology, energy, and land use as driving 

forces. According to IPCC SPRES emission scenarios are categorized into four families (A1, A2, and 

B1and B2) based on their unique characteristics for the twenty-first century. The SRES emission 

scenarios are still functional and can be used in climate change investigations, even though the newly 

established next-generation RCPs (Representative Concentration Pathways)  and SSPs(shared Socio-

economic pathways)scenarios are on the way to replace the SRES (Kriegler et al., 2017). 

Climate models are used to make a future climate change projection which requires information about 

future concentrations of greenhouse gases and aerosols. The latest development in GCMs, known as 

earth system models (ESMs), also needs information on land-use changes that are consistent with 

socio-economic developments through the century. To date, such scenarios have not included 

information on possible future volcanic eruptions or changes in solar radiation; even though it is clear 

that such fluctuations will occur, the timing over the century cannot be specified. IPCC Fifth 

Assessment set a new forcing scenario, known as representative concentration pathways/ RCPs  (Van 

Vuuren et al., 2011b) and the latest IPCC Shared Socioeconomic Pathways. These pathways are 

identified by their approximate total radiative forcing at 2100 century relative to 1750: These RCPs 

includes mitigation pathway (RCP2.6, which needs the removal of some of the CO2 currently in the 
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atmosphere) at present it is not in use which is out of date by now, stabilization pathways (RCP4.5), 

and the last RCP8.5 pathway with very high greenhouse gas concentrations by 2100 and beyond.  

Research has shown that countries in Africa are seriously hit by the impacts of climate variability and 

change due to the lesser adaptive capacity and are predicted to be the victim of climate-induced 

disasters (Adger et al., 2003). Particularly the countries in the horn of Africa and East Africa are more 

susceptible to climate-induced impacts. Several findings from GCM advocated that the average 

rainfall and Temperature are projected to increase and climate extremes have been the main cause of 

natural calamities in the Horn of Africa (Omondi et al., 2014). The warmer conditions are likely to be 

more recurrent in the whole of Kenya, Ethiopia, and Somalia, whereas the event of coldness is 

expected to be declining (Funk et al., 2012). In the coming three decades A2 emissions display the rise 

in temperature across all seasons in all regions of East Africa (Doherty et al., 2010).  

Ethiopia is among the countries which are highly vulnerable to the climatic extremes in the past and 

present due to its lesser coping capacity. Mean annual temperature is expected to rise by 0.9 -1.1   in 

2030, 1.7- 2.1   by 2050, and 2.7-3.4   by 2080 over the country, and mean annual rainfall is also 

expected to increase extremely over Ethiopia (Oumer et al., 2007). The impact of climate variability 

and change in Ethiopia in the past was well understood; however none of the studies attempted to 

show the patterns and characteristics of future climate and the fate of rain-fed agriculture in the 

coming years. Very fewer studies were done on future characteristics concerning Temperature and 

Rainfall in northern parts of Ethiopia assessing the hydrological response of Lake Tana Basin in 

Northern Ethiopia and Addis Ababa (Arsiso et al., 2018; Dile et al., 2013; Feyissa et al., 2018a). 

2.4.6. MaxEnt Model 

The most common strategy for estimating the actual or potential geographic distribution of a species is 

to characterize the environmental conditions that are suitable for the species and to identify where 

suitable environments are distributed in space and time. Species distribution models are models that 

associate species concurrence at known locations with information on the environmental 

characteristics of those locations (Elith et al., 2009). The environmental situations that are suitable for 

a species may be characterized using either a correlative or mechanistic approach, which aims to 

incorporate physiologically limiting mechanisms in a species tolerance to environmental conditions 

(Pearson, 2007). 
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The maximum entropy method for modeling species distribution involves using a collection of known 

localities of the species as sample data along with relevant environmental factors to model the 

distribution of that species within a known geographic extent. Maximum entropy or MaxEnt (Phillips 

et al., 2006), is a machine-learning method, has been very effective in Spices Distribution Model 

(SDM) studies with presence-only data, particularly with small sample sizes, however, its performance 

degrades when used for extrapolation (Franklin, 2010). Presence-only are most appropriate for 

predicting potential distribution (Jiménez et al., 2008).  

The maximum entropy (MaxEnt) model was used to analyze and predict species distribution to 

confirm the suitability of the model for predicting the future situations of a species in a certain 

location. The results show that the MaxEnt model can be used to study the climatic suitability for 

various species including maize cultivation. The existence probability is determined using the MaxEnt 

model. Furthermore, climatic thresholds for a potential species cultivation zone were determined based 

on the relationship between the dominant climatic factors and the potential cultivation area. The study 

indicated that the importance and thresholds of main climate controls differ for different species and 

maturities, and their specific climatic suitability should be studied further to identify the best 

cultivation (He et al., 2016). 

Many studies were undertaken using MaxEnt modeling in different geographical locations. For 

instance (Syfert et al., 2013) used MaxEnt to model the distribution of endemics. Stepwise Maximum 

Entropy model was generated per endemic to achieve the most careful result at an area under the curve 

0.8AUC and MaxEnt confirmed its strengths also at fine resolutions and, in addition, showed to be 

robust across predictor layers at both resolutions. MaxEnt model is also used to identify local scale 

tree species richness (Pollock, 2015). Species richness predictions met the 0.7 AUC benchmark and 

their test data closely mirrored the ROC. Current and projected suitable habitats for tree-of-heaven 

along the Appalachian Trail using MaxEnt modeling and incorporating NASA- GIS data and modeling 

capacities from the Terrestrial Observation and Prediction System (Clark et al., 2014).  
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3. CHAPTER THREE: DATA AND METHODOLOGY 

3. 1. Descriptions of the study area 

Bilate Watershed is geographically located at the sub-basins of Central Rift valley regions of Ethiopia. 

The area extends from 6° to 8° N and 37° to 39° E and covers a land area of 5,754 km
2
. It has varied 

topography from undulating plain-land to a steep slope at mount Hambaricho (3028) in Kembata and 

drains to the lowest point where the River joins the largest rift valley Lake Abaya at elevations of 

1,149 M.A.S.L. The district has three major significant agro-ecological zones with two dominant rainy 

seasons locally called Belg (spring) and Kermit (summer). FAO, 2008 described that the area has eight 

major types of soil. The watershed is suitable for the cultivations of Maize, Wheat, Barley, Teff, 

Sorghum Enset, and several vegetables; however ―ENSET‖ is the staple food for the community and 

crops continuously cultivated every Belg and Kermit. Most of the people living in the highland zone 

depend on   Enset production (Figure 3). 

 

Figure 3: Study site map indicating major river basins of Ethiopia at top right corner, central rift valley basins of 

Ethiopia, Bilate watershed at left side. 

https://tools.wmflabs.org/geohack/geohack.php?pagename=Bilate_River&params=6_37_54_N_37_59_6_E_region:ET-SN_type:river
https://tools.wmflabs.org/geohack/geohack.php?pagename=Bilate_River&params=6_37_54_N_37_59_6_E_region:ET-SN_type:river
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3.2. Methodologies (Specific Objective: I) 

3.2.1. Data sets 

In this subsection, the analysis of seasonal rainfall and its link to Global seas Surface Temperature 

(SST) was done. The rainfall and temperature data were obtained from the National Meteorological 

Agency of Ethiopia. Merged gridded data were used for the analysis.  To make a comparison with the 

NMAs data Satellite rainfall data from Climate Hazards Group Infrared Precipitation (CHIRPS) were 

obtained from http://chg.geo.uscb.edu/data. CHIRPS is vital to the areas where meteorological stations 

are inadequate, sparsely distributed, and known by the incompleteness as recommended by(Dinku et 

al., 2014). The (SST) was accessed from ttp://www.esrl.noaa.gov/psd/data/climateindices/list. 

3.3.2. Coefficient of variability   

Historical rainfall data for Belg/spring, Kiremt/summer, and Bega/ winter and Annual rainfall and 

Temperature data of 36 years were used for Coefficient of Variation (CV) analysis.  Therefore the 

climatic data, which are believed to be representative of the study watershed, were used for the 

analysis, and the CV of seasonal and inter-seasonal rainfall was analyzed. The coefficient of variation 

(CV) and standardized anomaly index (SAI) was calculated to investigate the  spatiotemporal 

variability of annual and seasonal rainfall and temperature (Muthoni et al., 2019); CV was calculated 

as: 

*100                                                                                                                     Eq1 

Where CV: Coefficient of variation  is the standard deviation and  is the long-term mean of rainfall. 

Generally, CV is used to classify the degree of variability of rainfall events into three: low (CV <20), 

moderate (20 <CV <30), and high (CV >30) (Hare, 2003).  

3.3.2. Standardized Anomaly Index (SAI) 

 Standardized anomaly index describes rainfall variability and indicates the number of standard 

deviations that a rainfall event deviates from the average (Funk et al., 2015). It shows the departure 

from the mean with negative values expressing below-normal while positive values reflect above 

normal rains (Muthoni et al., 2019). SAI was calculated using the following equation: 

                                                                                                                                             Eq2 

http://chg.geo.uscb.edu/data
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Where SAI: standardized anomaly index in a year i, Xi: the rainfall value in a year i, : the long-term 

mean of rainfall and  : the standard deviation of rainfall. 

     Table 1: Categorizations of rainfall Anomaly index (RAI) 

 RAI range Classification 

Rainfall Anomaly 

Index (RAI) 

 

> 4   Extremely humid 

2 to 4 Very humid 

0 to 2 Humid 

-2 to 0  Dry 

-4 to -2  Very dry 

< -4  Extremely dry 

Adapted from (Araújo et al., 2011; Funk et al., 2015) 

3.1.4. Trend Analysis 

To show the features of rainfall and temperature at the watershed Mann-Kendall (MK) trend analysis 

was used (Rahman et al.). MK is a nonparametric test used to identify a trend in a time series. MK is a 

statistical test commonly used for the study of trends in time series (Mavromatis and Stathis, 2011). 

The important aspect of the MK test is it does not need the data to be normally distributed and it least 

sensitivity to inhomogeneous data (Tabari and Talaee, 2011). Any data reported as non-detects are 

included by assigning them a common value smaller than the smallest measured value in the data set 

(Karmeshu, 2012). In this test, the null hypothesis H0 accepts that there is no trend and this is tested 

against the alternative hypothesis H1, which assumes that there is a trend (Önöz and Bayazit, 2003).  

The Mann-Kendall S Statistic is calculated as  

                         

                                                                                                             Eq3                                                                                                              

                                                                                                           Eq4 

,   where:    Tj and Ti are the annual values in years j and i, j > i, respectively, if n < 10, the value of |S| 

is compared directly to the theoretical distribution of S derived by Mann and Kendall. At a certain 

probability level, H0 is rejected in favor of H1 if the absolute value of S equals or exceeds the result of 

Sα/2, where Sα/2 is the smallest S which has the probability less than α/2 to appear in case of no trend. 

A positive (negative) value of S indicates an increasing or decreasing trend upward (downward) trend 
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(Drápela and Drápelová, 2011).  For n ≥ 10, the statistic S is approximately normally distributed with 

the mean and variance as follows:  

                                                                                                                                                      Eq5 

The variance (σ2) for the S-statistic is defined by: 

 

                                                               Eq6 

Where ti, represents the number of ties to the extent i, the sum sign in the numerator is used only if the 

data series contains tied values. The standard test statistic Zs is calculated as: 

                                                                                                                    Eq7 

The test Zs has used a measure of the significance of trend; this test is used to test the null hypothesis, 

H0. If | Zs| is greater than Zα/2, where α represents the chosen significance level (5% with Z 0.025 = 

1.96) then the null hypothesis is invalid implying that the trend is significant (Motiee and McBean, 

2009). The MK test neglects the effects of serial correlation, which are significant for statistical 

examination (Hu et al., 2019; Kumar et al., 2009). Hence, to overcome this difficulty the Modified 

Man Kendal test (MMK) test is used. Because the MMK sighted a complete autocorrelation structure 

(Hamed and Rao, 1998). It is important to study trends in hydrological variables. As compared with 

the MK test, the MMK test uses a function V(S) to replace Var(S): 

 

                  Eq8 

           

                                                                                                  Eq9 
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3. 2. Methodologies (Specific Objective II) 

3.2.1. Analysis of relationships between crop yield and ENSO driven rainfall 

This section of the study tries to illustrate the correlation between the ENSO-induced rainfall and the 

yield of major crops at the upper part of the Bilate watershed. The upper part is chosen due to the 

presence of complete crop data.  To do the analysis the cropping season rainfall (Meher) data from the 

National Meteorology Agency of Ethiopia and Major crop yield data were collected from the Central 

Statistical Authority (CSA) of Ethiopia. The Sea Surface Temperature data over Nino regions were 

accessed from http: //www.esrl.noaa.gov/psd/data/climateindices/list/.   

To understand the relationships between the yield of major crops and the crop yields in Kiremt (major 

growing season) and rainfall data for the period were classified into three ENSO episodes, namely, El 

Niño, La Niña, and Neutral, based on the Oceanic Nino region index value. If ENSO phase 

classifications are 0.5 or greater, between -0.5 and 0.5, and -0.5 or less for consecutive five months 

over central, eastern and the Pacific Ocean during the crop growing season is considered for the 

analysis. 

To investigate the relationship between crop yield variations as a result of ENSO induced rainfall 

variability Pearson correlation coefficient was used. Pearson r correlation was used to measure the 

degree of relationship between the two variables; in our case, the ENSO induced rainfall and the yield 

of major crops. Correlation in its widest sense is a measure of an association between variables. The 

change in the magnitude of one variable is linked with a change in the magnitude of another variable, 

either in the same (positive) or in the reverse (negative) correlation. Researchers agree that a 

coefficient of <0.1 indicates insignificant and >0.9 a very strong relationship, values in-between are 

arguable (Schober et al., 2018). The Pearson r correlation used to show the degree of the relationship 

between the yield of the crop and Global SST induced rainfall anomaly and the associations between 

the various global Sea Surface Temperature and the local climate as a whole is explained as follow 

                                                Eq10 

                                                

After-Defense/Last/PH.D/F.DD/1-last/External/Ready-for%20-pre-defense/Final%20PhD/New---2/AppData/Local/Microsoft/Windows/INetCache/IE/WBU3BY7O/.%20The%20Sea%20Surface%20Temperature%20data%20over%20Nino%20regions%20were%20accessed%20from%20%20(
After-Defense/Last/PH.D/F.DD/1-last/External/Ready-for%20-pre-defense/Final%20PhD/New---2/AppData/Local/Microsoft/Windows/INetCache/IE/WBU3BY7O/.%20The%20Sea%20Surface%20Temperature%20data%20over%20Nino%20regions%20were%20accessed%20from%20%20(
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rxy :  Pearson r correlation coefficient between the two variables(x and y) in our case the yield of major 

crops and locally observed average cropping season rainfall,  n = number of observations, Xi = value 

of x (for i
th

 observation), yi= value of y (for i
th

 observation) 

3.3. Methodologies (Specific Objective III) 

3.3.1. Drought Analysis  

Drought analysis is essential to recognize the magnitudes and to offer an early warning system that 

tracks, assesses, and delivers relevant information on climatic, hydrology, and water supply conditions 

and trends in a certain geographic area (Frank et al., 2017). Gridded climate data of 35 years was 

obtained from the National Meteorology Agency of Ethiopia, Gridded datasets offer valuable 

information on spatial and temporal distribution of climatic data in certain Geographical areas, the 

need of using gridded data is due to incompleteness of the already existing observed climate data 

record and less spatial coverage. Observed data had limitations and needs to be solved by the use of 

satellite hybrid with gauge data products to fill spatial and temporal gaps.  

3.3.2. Drought indices 

Different meteorological indices have been used to analyze drought characteristics in different areas 

(Morid et al. 2006) including the standard precipitation index (SPI) (McKee et al. 1993), the Palmer 

drought severity index (PDSI) (Palmer 1965), and the standardized precipitation and 

evapotranspiration index (SPEI) (Vicente-Serrano et al. 2010). Like  SPI, SPEI is multi-scalar and 

besides precipitation, it includes temperature data to evaluate the potential evapotranspiration (PET) 

and to calculate climate water balance (CWB) (Hänsel et al. 2019). Moreover, the SPEI also combines 

the sensitivity of PDSI to changes in evaporation demand with the simplicity of calculation and the 

multi-temporal nature of the SPI (Vicente-Serrano et al. 2010). The SPI and SPEI are useful to assess 

drought events in East Africa regions (Ntale and Gan 2003). In addition, using different drought 

indices provides a more complete picture of the spatiotemporal distribution of the drought  (Temam et 

al. 2019; Alsafadi et al. 2020). 

3.3.2.1. Standardized precipitation index (SPI)  

The SPI is used to evaluate drought in terms of precipitation deficit, which has an impact on 

groundwater availability, soil moisture, stream flow, and reservoir storage (WMO 2012).To calculate 
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the SPI, a long-term precipitation record is needed. First, an appropriate probability density 

distribution is fitted to the frequency distribution of cumulated precipitation and then it has been 

subsequently converted to a standard normal distribution. The gamma distribution (two parametric) 

which generally fits better to precipitation data is used (Wang et al., 2014). A detailed description of 

the complete computations of the SPI is found in the paper of  (Zeleke et al. 2017). 

3.3.2.2. Standardized precipitation evapotranspiration index (SPEI)  

The SPEI is one of the most widely used drought indices to understand meteorological, agricultural, 

and hydrological drought impacts (Wang et al. 2014; Labudová et al. 2017; Yang et al. 2019). The 

SPEI is computed using precipitation (P) and PET as input variables resulting in the climate water 

balance (P‐PET) outputs (Vicente-Serrano et al. 2010). Including the widely used Penman-Monteith 

(PM) method, several methods have been introduced to calculate (PET)(Allen et al. 1998). However, 

the PM method requires full meteorological data which is difficult to get it. Thus, the PET can be 

estimated using Hargraves (Hargreaves and Samani 1985) method which has a very similar output as 

PM (Beguería et al. 2014). Hargraves's method needs only precipitation, minimum, maximum 

temperature, and is the extraterrestrial radiation  (Senay et al. 2011). Therefore, in this study, the 

Hargraves technique was used to calculate the PET.  

 

                                                      11 

Where:  is potential evapotranspiration of Hargreaves method ( ),  is the 

extraterrestrial radiation (mm/day), calculated theoretically as a function of latitude, is the 

average temperature ),  and are the maximum and minimum temperature ), 

respectively. Once PET was estimated, calculated using the difference between precipitation and 

PET(Dessu et al.) 

                                                                                                                                12 

Where:  is climatic water balance (CWB) in a given period ,  is monthly precipitation in a 

given period ,  and is the monthly potential evapotranspiration . The accumulated 

difference between P and PET in different time scales can be calculated as 
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                                                                                                              13                                                                      

Where n is a different time scale and n is the number of calculations. The function of log-

logistic distributions gives better results than other distributions for obtaining SPEI series in 

standardized with a mean of zero and standard deviation of one (Vicente-Serrano et al. 2010; Potop 

and Možný 2011). 

                                                            14 

Where: α, β, and γ are scale, shape, and location parameters, respectively, for  values in the range (γ 

<  <∞). Therefore, the probability distribution function can be expressed as follows 

                                                                                   15 

The SPIE can easily be obtained as the standardized F (x) with an approximation of 

                                                          16 

 For                                                                17 

Where: p is the probability of exceeding a determined  value, p=1-F (x). If p>0.5, then p is replaced 

by 1- p and the sign of the resultant SPEI is reversed, the constants are C0 = 2.515517, C1 = 

0.8022853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. Detailed computing of 

SPEI has been described in (Vicente-Serrano et al. 2010). 

 

Table 2: Categorization of drought and its corresponding index (SPEI). 

SP

E 

I 

Extremely 

wet 

Severely 

wet 

Moderately 

   wet 

Near  

Normal 

Moderately 

dry 

Severely 

dry 

Extremely  

dry 

≥ 2.0 1.50-.99 1.49– 1.00 0.99- .99 -1.00 –-1 .49 -1.5– 1.99 ≤ - 2.00 

(Man et al., 2015) 

3.3.3. Trend detection in time series of SPEI  

Drought trends were calculated using a non-parametric-based MK test, which is used for trend 

detection in hydrological and meteorological time series (Kundzewicz, 2004; Somorowska, 2016). 
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Significance levels of 95% confidence interval and at test statistics of Z value 1.96. The hypothesis 

that there is a trend is accepted when the value of the test statistic is greater in absolute value than the 

critical values at a chosen level of significance. Negative values of the test statistic indicate decreasing 

trends in the SPEI. Statistically significant changes were defined here as those with significance levels 

equal to/greater than 95%. The change over time (i.e. slope) was used to calculate the magnitude of the 

trends in the SPEI time series data. The slope estimated by the regression model indicated the mean 

temporal change in the SPEI, with negative and positive slopes indicating increasing and decreasing 

trends of the SPEI values, respectively. The slopes of short and long-term drought trends were also 

computed for analysis. The overall variation of drought trends in each pixel and time length was 

estimated during 1981–2016. The equation below is used to detect the changing pattern of droughts in 

each gird. 

                                                                                          Eqn18 

Where i, is the series number of the year, n is the length of the time and SPEIi represents the drought 

in the i
th

 year. Moreover, when the time series SPEI data lacked a significantly increasing/decreasing 

trend,  segment-wise turning point analysis was conducted and this technique was used to detect the 

turning points in the SPEI (Chen and Sun, 2015). 

3.3.8. Aridity  

An aridity index (AI) is a numerical indicator of the degree of dryness of the climate. Several 

aridity indices have been anticipated, these indicators help to identify, delimit geographic regions that 

suffer from a deficit of moisture, a circumstance that can severely affect the effective use of the land 

for agriculture and adversely impact the survival of the communities. 

Table 3: Aridity classifications 

Aridity Index  Hyper arid Arid Semi-arid Dry sub-humid 

AI < 0.05 0.05 < AI < 0.20    0.20 < AI < 0.50  0.50 < AI < 0.65 

Source: (Thomas, 1997)  
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3.3.9. Aridity Index (AI) 

An index combining rainfall with temperature to measure the stress is named the Aridity Index (Pejić 

et al., 2011). Stress occurs under arid situations. Information on the drought severity is useful to 

determine the extent of the stress. 

AI= T'- P'                                                                                                                                  Eq19 

                                                                                                                       Eq20 

                                                                                                                        Eq21 

The index is defined by comparing monthly averages for maximum temperature and rainfall to their 

average values. The T' and P‘ are normalized by the monthly standard deviation calculation. The 

normalization indicates how different from the average month is compared to know how variable the 

month can be, when temperatures are above average and Rainfall is below average, the aridity index is 

positive, negative Index indicates the opposite according to AI classification. 

3.4. Methodologies (Specific Objective IV)  

3.4.1. Projections  

This section of the study aims to point out the characteristics of future climate conditions and the agro-

climatic movement of the main crops at Bilate watershed within the upcoming decades. To do so both 

the base period and future climate data and species distribution was collected from various sources and 

Geographical coordinates from the study site. Rainfall and temperature data from 1981-2016 were 

obtained from Ethiopian National Meteorological Agency, large-scale climate variables (predictors) 

for the present and future climate scenarios under the RCPs and SSPs were obtained from different 

global climate data sources.  

For the RCPs the Canadian Climate Data second-generation model/CanESM2 (Scenarios 

https://climate-scenarios.canada.ca/canesm2), with a resolution of 2 .79 latitudes and a 2 .81 

longitudes was used. Climatic data consisting of 19 bioclimatic variables coded as Biol-1-Biol-19 

were obtained from the WorldClim http://www.worldclim.org/. The dataset comprises global gridded 

information with 1 km spatial resolution on past, current, and future scenarios. Future climate data is 
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predicated on the Fifth and Sixth Assessment Report of the IPCC on greenhouse emission 

concentration trajectories(Fick and Hijmans, 2017; Stocker et al., 2013). The current speciation 

distribution data were obtained from 172 to Ground Control Points (GCP) where the species are 

currently present. Stations with complete and representative climate data were used (Table1).  

Both the table 4 indicating the meteorological stations mainly used for the model projections and 

comparisons were made with merged girded data from the local context. The table is demonstrating 

each station with their Latitudinal and longitudinal location, and the data periods used for the study.  

Table 4: Location evidences of the Meteorological stations at Bilate Watershed 

Stations Latitude  Longitude  Altitude Dataperiod’s 

Alaba 7.19 38.06 1726 1981-2016 

Angacha 7.21 37.55 2188 1981-2016 

Durame 7.12 37.57 2101 1981-2016 

Wulberag 7.77 38.17 2001 1981-2016 

Hossana 7.53 37.85 2177 1981-2016 

WelayitaSodo 6.81 37.73 1600  1981-2016 

Bilate Tena 6.92 38.08 1400  1981-2016 

 

3.4.2. Statistical Downscaling 

Downscaling of climate scenarios is a process of taking global climate evidence in response to 

changing atmospheric composition and translating it to a finer spatial scale to form more significant a 

local setting(Ekström et al., 2015). Currently, climate downscaling models were accessed from GCM. 

SDSM derives large scale climatic variables/predictors) to local variables /predictands (Wilby and 

Dawson, 2013). SDSM applied to downscale the daily, monthly and annual rainfall, maximum and 

minimum temperatures for the baseline period and future scenarios(Mahmood et al., 2013). The 

SDSM is chosen because it can provide local scale climatic variables from GCM output, which is 

required in global climate change impact studies (Teutschbein et al., 2011). SDSM uses rectilinear 

regression techniques between predictor and predictands to supply multiple realizations (ensembles) of 

synthetic daily weather sequences to see predicted climate changes (Wilby et al., 2004b). The longer-

term simulation was divided into three periods namely the 2020s (2020-2049), 2050s (2050-2079), and 

2080s (2080-2099) supported the mean of 20 ensembles (models) which was then used for analysis 

purposes. The mean of the downscaling data was compared with observed and Historical data. a user-
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friendly software SDSM, implement statistical downscaling to supply high-resolution climate evidence 

from GCM(Wilby and Dettinger, 2000). 

3.4.3. Parameter Setting in SDSM 

The advanced settings are retrieved from the settings from the SDSM window. The settings allow the  

user to change and save further downscaling model preference. Model Transformation is the fourth 

root transformation used for downscaling precipitation while the default (none) was used for 

temperature(Teutschbein et al., 2011). Concerning the event threshold, the parameter was set at 0.3 

mm/day during the calibration of daily rainfall to trace rainy and dry days. For temperature, it was set 

at zero. Variance Inflation in the downscaled variable with large increasing values of downscaled 

properties was set 12 for rainfall and temperature. Bias Correction is used to compensate for any 

tendency to overestimate the mean of the downscaling model, different values of bias correction and 

variance inflation adjustment were applied and the best combination parameters were calibrated. The 

coefficient of determination (R
2
) is used to determine the variability in observed data that the model 

could capture(Krause et al., 2005). 

                                                                                              Eq22                                                                     

𝑋𝑖 is measured value,   is an average measured,   is simulated and 𝑌𝑎𝑣 is the average simulated value. 

Nash–Sutcliffe Coefficient (NSE): is a dimensionless model evaluation statistic where the relative 

magnitude of the residual variance is determined in comparison to the observed variance(Moriasi et 

al., 2007)  and is defined as following (Nash and Sutcliffe, 1970). 

 

                                                                                                          Eq23 

Root Mean Square Error (RMSE) is an error-index type of model evaluation statistics. The closer value to 

zero, the better the model performance (Deo et al., 2017). 

                                                                                                             Eq24   

Where n is the number of values. 
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3.4.5. Model Calibration and Validation:  

The SDSM model was calibrated for each month for precipitation, minimum and maximum 

temperature using the set of selected National Centre for Environmental Prediction (Suarez et al.) 

Predictors and observed data. The goodness of calibration is measured by values of the percentage of 

explained (R
2
) and Standard Error (SE)(Amirabadizadeh et al., 2016). 

3.4.6. Predictors and Predictands 

The SDSM is a multiple regression-based tools for generating future climate scenarios to predict the 

climate change impact in the future. The model requires observed data ‗Predictand‘ and larger-scale 

different atmospherics variables (‗Predictors‘). SDSM practices statistical relation between predictor 

and predictand. In downscaling, fitting the predictor‘s choice is one of the most important steps. The 

suitable predictor variable is selected through correlation, partial correlation, significance analysis, and 

scatter plots. NCEP reanalysis data for overlapping period was1961-2005 used to identify the most 

important predictor (Wilby et al., 2004a).  

 Table 5: Large-scale climate predictors with this significant correlation 

3.4.7. Delta Statistics: 

 The delta method is commonly used to create scenario time series from GCM  (Schoof and Pryor, 

2003). The method uses the delta of the SDSM for projections and changes in extreme indices. The 

standard approach for the delta method is that the GCM-simulated difference for each month (absolute 

difference for temperature and rainfall) between an upcoming period and the baseline period is 

No  Index  Long name  No  Index Long name 

1 mslp  Mean sea level pressure 14 p5zh  500 hPa divergence 

2 p1_f  Surface airflow strength 15 p8_f  850 hPa airflow strength 

3 p1_u  Surface zonal velocity 16 p8_u  850 hPa zonal velocity 

4 p1_v  Surface meridional velocity 17 p8_v  850 hPa meridional velocity 

5 p1_z  Surface vorticity 18 p8_z  850 hPa vorticity 

6 p1th Surface Wind Direction 19 p850  850 hPa geopotential height 

7 p1zh  Surface divergence 20 p8th  850 hPa Wind Direction 

8 p5_f  500 hPa airflow strength 21 p8zh  850 hPa divergence 

9 p5_u  500 hPa zonal velocity 22 prcp  precipitation 

10 p5_v  500 hPa meridional velocity 23 s500  Specific humidity at 500 hPa 

11 p5_z  500 hPa vorticity 24 s850  Specific humidity at 850 hPa 

12 p500  500 hPa geopotential height 25 shum  Surface specific humidity 

13 p5th 500  hPa Wind Direction 26 temp  Mean temperature at 2 m 
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determined and then this is superimposed on the historical daily temperature and precipitation 

series(Choi et al., 2009). In the SDSM, a change in precipitation is obtained by 

 ,            Eq25 

For the absolute value calculation (temperature) would be:- 

                 Eq26 

Vbase is the mean of all ensembles for each statistic for the baseline period. Similarly, V2020s is the mean of 

all ensembles for each statistic for period RCPs(Wilby et al., 2002a). 

 

 

 

 

 

 

   

 

      
 

          

 

 

 

 

 

 

 

 

 

Figure 4: Overview of statistical Downscaling, illustrating station data, predictors, model structure, and model 

calibration and validation periods, weather generator, GCM output, scenario generation, summary statistics, 

frequency analysis and result comparison. Adopted from (Wilby et al., 2002a; Wilby and Harris, 2006) 

3.4.1.5. Modeling suitability for agriculture (Species distribution model) 

Maxent is taken into account the simplest currently available techniques of niche modeling (Elith* et 

al., 2006). The predictive ability of the model was evaluated by fitting to a random selection of 75 to 

look after records while using the remaining 25 regarded as independent 'test data'. The present climate 

was estimated using historical climate data from www.worldclim.org, which incorporates 19 

bioclimatic variables that are derived from monthly temperature and rainfall values to get more 

biologically meaningful variables. To quantitatively relate the presence of agriculture to environmental 
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conditions and to estimate the probability of occurrence of agriculture for every raster cell(Phillips and 

Dudík, 2008). The change detection was undertaken through QGIs, to see the spatial shifts (moving 

climate) inland from current to projected suitability under the varied climate scenarios at the various 

periods of the 21st c. The spatial shifts within suitability classes are described as Unsuitable; 

Marginally suitable ;( 3) moderately suitable ;(4) highly suitable(Sys et al., 1993). 

Table 6: Environmental variables/Bio climates (19) used in the study 

Codes and descriptions of Bio climates                                               

Code Bio-climate                                  Unit 

Bio1  Annual Mean Temperature Degrees Celsius 

Bio2 Mean Diurnal Range ″ 

Bio3 Isothermality                                       ″ 

Bio4 Temperature Seasonality ″ 

Bio5 Max Temperature of Warmest Month ″ 

Bio6 Min Temperature of Coldest Month ″ 

Bio 7 Temperature Annual Range ″ 

Bio 8 Mean Temperature of Wettest Quarter ″ 

Bio 9 Mean Temperature of Driest Quarter ″ 

Bio1 0 Mean Temperature of Warmest Quarter ″ 

Bio1 1 Mean Temperature of Coldest Quarter ″ 

Bio1 2 Annual Precipitation Millimeters 

Bio1 3 Precipitation of Wettest Month ″ 

Bio1 4 Precipitation of Driest Month ″ 

Bio1 5 Precipitation Seasonality ″ 

Bio1 6 Precipitation of Wettest Quarter ″ 

Bio1 7 Precipitation of Driest Quarter ″ 

Bio1 8 Precipitation of Warmest Quarter ″ 

Bio1 9 Precipitation of Coldest Quarter ″ 

The Maxent model was trained to predict future land suitability for Enset, Maize, and wheat 

cultivation for the near-term at both Scenarios of SSP4.5 and SSP8.5 (2011-2040), mid-term (2041-
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2060), and long-term (2061-2080), and 2081-2100 periods under different future climate scenarios. 

The crops were chosen because of their economic relevance to the communities at the watershed. 

According to (Feng et al., 2021; Zhao et al., 2016)  suitability grades(Table:7).  

Table 7: Suitability grades for species distributions 

No Area Suitability Suitability Grade 

1 Unsuitable 0-0.05 

2 Marginally Suitable  0.05-0.33 

3 Moderately suitable 0.33-066 

4 Highly suitable  0.66-1 

 

 

 

 

 

 

 

 

 

 

 

 

4. CHAPTER FOUR: RESULT 

4.1. Seasonal Rainfall characteristics  

Ethiopia‘s rainfall is highly variable both in amount and distribution across regions and seasons. Some 

regions experience the bimodal type of rainfall, while others practice Mono-modal. The study area is 

known for its bimodal patterns of rainfall, benefiting from both spring and summer seasons. The area 
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receives maximum precipitations during the summer season. The second main rainy season is spring. 

The mean seasonal rainfall contributions of spring are about 37.02%, summer about 49.05% and 

autumn and winter contribute about 13.93% of the total rainfall distribution. During the study period, a 

maximum of 795 mm/season and a minimum of 93mm/season rainfall were observed. As the spatial 

map portrays, the areas with deep shade portrayed a higher concentration of rainfall distribution at the 

watershed and vice versa. Figure 5 a-f displays the comparison of both CHIRPS and NMA data 

analysis results. As it is clearly explained the result obtained from both data sets are more or less 

similar with slight variations. The North and western parts of the watershed received a higher amount 

of rainfall than other parts. Figure 5‘g‘ illustrates the monthly rainfall distribution at Bilate watershed 

during the study periods.  

 

Figure 5: Comparison of spatial seasonal rainfall distribution at Bilate at river watershed since 1981: a) summer 

from national meteorology agency) summer rainfall from Chirps) spring rainfall from NMA, d) spring rainfall 

from CHIRPS, e) Bega rainfall f) Bega rainfall CHIRPS, g) temporal comparison of NMA and CHIRPS data.   

4.2. Seasonal Temperature characteristics 

Both maximum and minimum temperatures were analyzed to explore whether there's temperature 

trends were found or not. As it is depicted in (Figure 6) the typical temperature distribution has shown 

the highest contrast with its counterpart. A minimum of 7  and a maximum of 30  were observed. 

The typical maximum temperature for three decades period revolves around 22.1 , 25  spring, and 
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30  for the summer, spring, and winter respectively. Spatially the marginally shaded areas, slightly 

shaded and deeply shaded part in (Figure 6) are demonstrating the entire average patterns of maximum 

temperature at Bilate watershed (Figure 6d, e, f) and therefore the characteristics of average minimum 

temperature within the past three decades demonstrate the inverse of the utmost temperature, it's 

reduced by nearly half the highest temperature (7 , 11  15  for Summer, Spring, and winter. 

 

Figure 6: spatial and temporal distribution of Minimum and maximum temperature a) summer mean 

temperature) b) spring mean temperature) c) Bega mean temperature, d) summer maximum temperature, e) 

spring maximum temperature,  f) Bega maximum temperature  g) summer minimum temperature, h)spring 

minimum temperature,  i) bega minimum temperature. 

4.3. Spatiotemporal trends of Rainfall distributions at Bilate Watershed 

As it is explained in (Figure 7) it was found that there was a sharp decline in the characteristics of 

rainfall in the Belg (spring) and Kiremit (summer) seasons. The conditions of rainfall in the last 

decade are indicating rapid decline as compared to the previous two decades (19998881-1990), 

impacting the crop (rainfed agriculture) and livelihoods. The annual mean precipitation of the study 
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region's in the initial phase shows an increasing pattern or better distributions, however the average of 

precipitation in the entire  study period (1981–2016) was found to be less than 90 mm. The average 

minimum and maximum records of rainfall were 795mm with higher contrast. The seasonal 

characteristics of rainfall have shown a sharp decline for all seasons with high spring variability 

(Figure 7). 

In the early years of the study period 1981-1985, summer, spring, and winter rainfall distribution have 

shown a sharp decline in the watershed. However, the winter seasons of the years 1982 and 1997 were 

exceptional years with surplus precipitation, usually, winter is a dry season and no more precipitation 

is expected and experienced in the watershed. Similarly, the summer seasons of the years 1988 and 

2007 and the spring seasons of the year 1987 and 2010 excesses precipitation were observed, but the 

variability of spring is higher in many of the years with negative anomalies (1984, 2009, 2007, 

2008,2013,2014,2015 and 2016), at the last decades of the study periods the spring rainfall begin to 

raise in some pocket areas of the watershed (Figure 7). 

 Concerning spatial distribution, the precipitation concentration is not evenly distributed across the 

watershed. Figure 7b shows the majority of the areas in the watershed are not getting spring rainfall at 

the eastern escarpment. It‘s the season with high seasonal rainfall variability as compared to others 

(Figure 7a-c). It is renowned that rainfall anomalies are persistent over time and differ by season and 

station. Consequently, detected that most rainfall patterns are (0.5) anomalies which is the indicator of 

the presence of climate variability. 

 

 

 

 

                                a) summer               b) spring                   c) winter  
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Figure 7: Seasonal variability of rainfall of rainfall at Bilate watershed: a) summer rainfall distribution, b) 

spring rainfall c) winter rainfall distributions, and the bar graph indicating rainfall anomaly analysis. 

4.4. Seasonal Rainfall Variability (CV) 

It was found that the coefficient of variations (CV) varied highly among the seasons. The average 

variation of the rainfall over the whole watershed was (42.7%), as it is explained in (Table 8) there is 

high seasonal and annual rainfall variability of rainfall, Summer (CV=15.3%), Spring (CV=27.72%), 

and annual (CV=69.69%). The CV of the precipitation reported that the rainfall distribution in the 

watershed is highly variable. As compared to the season‘s summer rainfall has shown less variability 

than spring, and annual. As compared to other seasons greater annual and spring variability was 

observed. It is evident that seasonal rainfall distribution particularly is not reliable (Table 8). As 

compared to the National Meteorology Agency of Ethiopia (NMAE) and CHIRPS results, there was a 

wider gap in the coefficient of variation; however, both of the results are indicating the presence of 

higher Coefficient of Variations (CV), spring with the CV of 21.5, and summer showing little 

variability as compared to other seasons in CHIRPS result i.e. 10.3% of the CV.  

Table 8: Comparison of NMA and CHIRPS Result on Seasonal rainfall distribution 

Seasons P-valu Sens slope  Mean Std CV  
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NMA Rainfall 

Summer 0.02943 0.2118 132 19.91 0.153 

Spring 0.0437 -0.01216 99.63 27.23 0.2772 

Annual 0.004024 0.4994 89.71 62.45 0.6969 

 
CHIRPS Rainfall 

Summer 0.2152 0.1239 138 16.61 0.1221 

Spring 0.406 -0.03106 99.25 20.96 0.2142 

Annual 0.5953 -0.005249 91.86 9.083 0.1003 

 Table8: Illustrates the statistical value of the MK test and Sen.‘s Slope of seasonal and annual 

precipitation. The result for seasonal and annual rainfall is displaying strongly significant trends for 

both spring and annual whose P-value is by far below α = 0.05 shows a decreasing trend at 95% 

confidence level. Summer and winter rainfall distributions are significant but not less than 0.05. The p-

value for summer and winter is (0.03: 0.04), respectively, both on (Figure 7 and Table. 8).  

4.5. Spatiotemporal Trends of Temperature 

4.5.1. Maximum Temperature  

Like that of the rainfall trend analysis, maximum temperature anomalies were also conducted. Figure 8 

illustrates the temporal and spatial distribution of average maximum temperature at Bilate watershed 

for the last three decades. According to the result, maximum temperature anomalies have shown 

dramatic increases for all seasons. The value of maximum temperature anomalies ranges between (+3 

to -2) if the value lays beyond and below 0.5 the area is vulnerable for the climatic disorder which is 

by far higher and lower than the standard anomalies which indicates the presence of climate variability 

in the entire watershed. It proves that the characteristics of maximum temperature are continuously 

increasing in the entire watershed synonymously to the rest of the world. From the spatial perspective, 

it also found that except for some pocket areas the watershed, whose elevation is greater than 3000 

meter above mean sea level, relatively shows a declining pattern of maximum temperatures. 

Particularly at the northern portions of the watershed declining trends of summer and some pocket 

areas during the winter season (Figure 8).   
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Figure 8: Maximum Temperatures anomaly and distributions at Bilate watershed: a) summer maximum 

temperature, b) spring maximum temperature, c) winter maximum temperature, the line graph indicates the 

coefficient seasonal temperature 

 

4.5.2. Minimum Temperature  

The characteristics of minimum temperature are not uniformly distributed across the watershed as like 

rainfall and maximum temperature. As it is explained in (Figure 9) during the study period fluctuations 

in minimum temperature were observed. The result shows that like that of maximum temperature it 

has shown an increasing and decreasing pattern or positive and negative anomalies were observed. In 

the initial decades (1981-1985) the minimum temperature was abruptly declined. From 1985 onwards 

the minimum temperature for all seasons is continuously increasing. However, in the final years of the 

study period particularly in 2015, the patterns of minimum temperature show a declining trend for all 

seasons (Figure 9).   
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Figure 9: Minimum Temperatures anomaly and distributions at Bilate watershed: a) summer Minimum 

temperature, b) spring Minimum temperature, c) winter Minimum temperature, the line graph indicates the 

coefficient seasonal temperature 

The Mann-Kendall test (Table 11) displays that there is an increasing temperature trend for all seasons 

on the watershed from the context of observed data analysis. The distribution of average minimum 

temperature is not uniformly distributed in the entire study period. The temperature pattern in the 

initial decades of the period (1981-1985) the minimum temperature is sharply declining. 1985 

Onwards the temperature indicates a continuously increasing trend for the entire period, which was 

continuously increasing, however, a slight decline was observed on average minimum temperature for 

winter and spring season, while the summer season continuous increasingly across the study 

period(Figure 9). The statistical result for all the seasons (summer, spring, and winter) confirmed that 

P-value is strongly significant, i.e. α < 0.05 (Table: 11). From the result in the table, we can understand 
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that both maximum and minimum temperature trends at the Bilate river watershed are increasing. The 

statistical value for both maximum and minimum temperature is strongly significant in all cases. 

Table 9: MK trend test for Seasonal Maximum and minimum temperature 

Seasons             P-value            Sens slope                 Mean       STD                         CV 

                 Tmax 

Summer           3.26E-05           -0.06                  23.7           0.62                 0.03 

Spring                        2.00E-06            0.05                  26.7           0.79           0.03 

Winter                        4.43E-06           -0.03                       26.1           0.46             0.02 

Annual                       1.89E-09           -0.03                    25.5         0.52           0.02 

                   Tmin 

Summer            4.34E-09          0.01                  12.1           0.79           0.07 

Spring                        3.85E-06          0.01                  12.5           0.78           0.06 

Winter                       0.00018            0.01                  11.2           0.79                 0.08 

Annual                        5.77E-07         -0.02                  11.9           0.72           0.06 

3.5.3. Trend analysis of rainfall distribution using MK and MMK 

As it demonstrated in Table 10, both MK and MMK test has shown statistically insignificant positive 

trends at Angacha, Durame and Welayita Sodo station for spring. Strongly significant trends were 

detected for summer and autumn in Angacha and Welayita Sodo stations with Z value (z: 2.7-2.9) 

respectively. The rainfall trends during the winter season have shown complete decreasing trends with 

the Z value having negative for all stations with varying magnitude.  MK and MMK results have 

illustrated that Alaba station which is located at the middle of Bilate watershed has shown a decreasing 

trend except for autumn. Less significant increasing trends of rainfall were observed in Hossana in 

major rainy seasons (summer and spring). The entire watershed shows significant decreasing trends 

with all negative Z values. The study has proved that spring (Belg) rainfall showed a significant 

decreasing trend. A major decreasing in amount and distribution of spring (Belg) rainfall was observed 

across the study periods.  

Table 10: Seasonal rainfall trend analysis MK, MMK and sense slope 
station spring Summer Autumn winter Annual 

Z  Z Slope Z Slop     Z Slope Z slope 

MK MMK S MK MMK S MK MMK S MK MMK S MK MMK S 

Alaba -0.7 -0.8 1.7 -0.1 -0.1 -0.2 0.7 0.7    0.6 -1.6 -2.7   -0.8 0.1 0.1    3.1 

Angach 0.4 0.4 0.4 2.3 2.3 4.5 2.7 2.5    2.5 -1.3 -1.0   -0.6 1.2 0.9   4.7 

Bilate-T -0.7 -1.2 -0.7 -0.8 -0.8 -1.2 0.6 0.8   2.7 -0.9 -0.9    -0.2 -0.1 -0.1   0.0 

Durame 0.3 0.3 0.6 1.2 1.2 2.4 0.7 0.6     0.6 -2.1 -1.7     -1.1 0.9 0.9  3.1 

Hossana -0.1 -0.1 -0.2 0.9 0.9 1.2 1.3 1.6  1 -1.9 -1.9     -1.7 -0.6 -0.6 -1.9 

Wulbera -1.5 -2.5 -2.5 -1.8 -1.8 -3.2 -0.4 -0.4    -0.5 -1.5 -1.5  -0.9 -2.1 -2.1    -8.7 

W.sodo 1.6 2.1 3.4 1.7 1.7 2.9 1.7 1.7   2.9 -0.7 -0.7  -0.4 1.8 1.9    8.6 
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3.5.4. Maximum temperature trend Analysis using MK and MMK 

Table 11:  exhibits the maximum temperature trend at Bilate watershed since 1981. It was found that 

strongly significant increasing trends of maximum temperature were observed. Both MK and MMK 

tests revealed that maximum temperatures have been increasing significantly. The Z value for MK and 

MMK is showing an upsurge. The trend results have shown that spring maximum temperature trend 

with the highest increase in spring (Z: MK 2.98 to3.45 and MMK 2.98 to 5.41), summer (Z: MK: 1.2 

to 3.58 and MMK: 1.24 to 5.62), autumn (Z: MK and MMK: 0.03 to 2.77) and MMK: 0.53 to 3.23and 

MMK 0.53 to 5.14). The maximum temperature showed an increasing trend higher than the long-term 

average, evidence for the presence of a warming trend 20th century (Asfaw et al., 2018; Fazzini et al., 

2015; Mekonen et al., 2020). Temperature has risen by 1.3 , at a rate of 0.28 per decade. The trends 

of summer temperature are swiftly increasing (0.32 . The daily and monthly temperature 

observations show increasing trends(Bedaso and Wu, 2020). 

Table 11: demonstrates the trends of maximum temperature analysis both MK and MMK 

 spring Summer Autumn Winter Annual 

Z Slope Z Slope Z Slope Z Slop Z slope 

Station MK MMK s MK MMK s MK MMK s MK MMK s MK MMK s 

Alaba 2.98 2.98 0.1 3.01 3.01 0.03 2.33 2.33 0.02 1.87 2.79 0.03 4.04 4.05 0.03 

Angacha 0.07 0.11 0.0 1.23 1.24 0.01 0.03 0.03 0.00 0.53 0.53 0.00 -0.3 -0.3 -0.01 

Bilate-T 3.45 3.45 0.1 3.58 5.62 0.04 2.55 2.54 0.03 2.84 2.85 0.04 4.34 3.86 0.04 

Durame 0.61 1.12 0.0 2.24 2.25 0.02 0.48 0.48 0.00 1.87 2.79 0.48 0.80 0.80 0.00 

Hossana 3.12 3.12 0.1 1.86 1.87 0.02 2.77 2.77 0.03 3.39 3.39 0.04 4.09 4.09 0.03 

Wulberag 2.71 2.98 0.1 2.38 1.77 0.03 -0.4 1.03 0.01 1.67 1.75 0.01 2.98 2.12 0.02 

W.sodo 3.26 5.41 0.1 3.19 3.19 0.05 2.60 2.60 0.03 3.23 5.14 0.04 4.83 6.67 0.04 

 

  4.5.3. The link between the Global Sea surface temperature (SST) and the local climate  

Figure 10 rated the wider SST and its associations from the broader areas of the world with Bilate 

watershed. As the result in the spatial map shows, the rainfall distribution is highly interconnected 

with the weather conditions of Global Sea Surface Temperature (SST) of Equatorial Pacific, Atlantic, 

and Indian Oceans with seasonal precipitations at Bilate Watersheds during the main rainy season. It 

was found that weather conditions over the eastern equatorial Pacific (ENSO-regions) and the Indian 

Ocean (IOD) were contributing to the local rainfall distribution. Figure 10 exemplified that the 

summer season is negatively correlated with the weather conditions over the sea (SST). The variability 

of weather conditions over the equatorial Pacific and the Indian Ocean is not positively correlated with 
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the Bilate watershed in the long rainy season. The correlation coefficients show that there was a 

negative relationship between summer rainfall and SST from a wider context (Figure 10). The red 

shed at the center shows the study site and the Blue and Gerry shade at the equatorial regions in the 

east. However, the spring season is highly determined by the weather conditions over the southern 

Indian Ocean (IOD r: 0.9 ENSO region 0.3) as is illustrated in (Figure 10). The patterns of rainfall at 

Bilate Watershed in spring are positively correlated with the weather condition of the IOD. The result 

displayed that spring and the Indian Ocean SST are strongly correlated to the ENSO region but both 

are positively correlated play a pivotal role in determining spring rainfall distribution. Alteration of 

weather conditions adversely impacts the entire mechanisms at Bilate watershed (Figure 10).  
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Figure 10: The associations of broader Global SST with seasonal rainfall at Bilate watersheds: a) summer 

correlation with global SST, b) correlation of lead SST with summer rainfall, c) correlations of SST with spring 

rainfall, d) correlation of lead SST with rainfall in spring. 

4.6.1. The Associations between rainfall and Pacific Ocean Sea surface temperature  

 

Table 12 illustrates the temporal correlation between SST over Indian and Niño regions (Nino3.4) 

specifically with each season at Bilate watershed. Accordingly, spring and summer rainfall 

distributions at Bilate watershed are positively correlated with both IOD and Nino regions (Nino3.4) 

of the equatorial Pacific(r: 0.3- for spring and summer IOD and Nino3.4. Both IOD and Nino3.4 SST 

were positively correlated with Bilate watershed, except Wulbearg and Hosanna stations, which are 

negatively correlated with the annual IOD during the summer season. 
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Table 12: The Observed seasonal rainfall correlations with IOD and Nino3.4 at Bilate watershed 

 

IOD Nino3.4 

 

Spring Summer Autumn winter Annual Spring Summer Autumn winter Annual 

Alaba 0.28 0.06 0.04 -0.15 0.09 0.29 0.04 0.02 -0.11 0.20 

Angacha 0.27 0.16 0.03 -0.07 0.23 0.31 0.03 0.04 -0.06 0.30 

Bilate T. -0.10 0.11 -0.07 -0.01 0.00 0.00 0.04 -0.14 0.02 0.04 

Durame 0.28 0.15 -0.03 -0.02 0.23 0.31 0.22 -0.02 -0.01 0.29 

Hossana -0.28 0.16 0.11 -0.17 -0.11 -0.10 1.00 1.00 -0.11 0.06 

Welayita 0.05 0.22 -0.12 -0.15 0.04 0.17 0.29 1.00 -0.13 0.19 

Wulberag 0.02 -0.17 -0.04 -0.24 -0.07 0.06 -0.17 -0.12 -0.25 -0.04 

4.6.2. Nino 3.4 and IOD associations with Maximum and Minimum Temperature  

Table13: demonstrated the maximum and minimum temperature correlations specifically with 

Nino3.4SST and IOD at Bilate Watershed district-wise. The districts like Alaba, Hossana, Welayita 

Sodo, and Wulberag show a negative correlation with IOD and Nino 3.4 SST(r:-0.1- -1.5) in spring.  

Summer, autumn, and Annual local maximum temperature were positively correlated with IOD (r: 

0.11- 0.35). Alaba, Hosanna Welayita, wulberag were negatively correlated with Nino 3.4 SST(r:-

0.11- -0.36). Winter season with both IOD and SST are negatively correlated with the local maximum 

temperature. Autumn, winter, and annual minimum temperature are positively correlated with IOD. 

Bilate Tena, Welayita Sod, Alaba, and wulberag districts were positively correlated with both IOD and 

Nino regions SST(r: 0.3 and r: 0.5, 0.29 and 0.6) (Table 13). 

Table 13: The Observed seasonal maximum and minimum correlations with IOD and Nino3.4 

 

Tmax  

IOD correlation  Nino3.4 correlation 

Spring Summer Autumn winter Annual Spring Summer autumn winter Annual 

Alaba -0.10 0.43 0.31 -0.32 0.08 -0.15 0.43 0.38 -0.32 0.08 

Angacha 0.22 0.27 0.24 -0.12 0.15 0.20 0.44 -0.12 -0.14 0.09 

Bilate T. 0.05 0.36 0.28 -0.04 0.16 0.00 0.39 0.31 -0.15 0.13 

Durame 0.20 0.37 0.35 -0.02 0.23 0.17 0.38 0.48 -0.02 0.25 

Hossana -0.04 0.47 0.33 -0.21 0.14 -0.06 0.90 -0.27 0.30 0.22 

Welayita -0.13 0.39 0.35 -0.37 0.06 -0.20 0.32 0.39 -0.33 0.05 

Wulberag -0.15 0.38 0.11 -0.36 0.00 -0.17 0.43 0.18 -0.32 0.03 

T min Spring Summer Autumn winter Annual Spring Summer Autumn winter Annual 

Alaba 0.30 0.07 0.14 0.29 0.17 0.38 0.16 0.14 0.31    0.19 

Angacha -0.12 -0.24 0.02 0.26 -0.13 -0.08 -0.20 0.09 0.27    -0.04 

Bilate T. 0.32 0.12 0.24 0.37 0.22 0.35 0.19 0.24 0.39    -0.15 

Durame -0.12 -0.27 0.01 0.25 0.25 -0.27 -0.25 -0.05 1.00    -0.16 

Hossana 0.34 0.05 0.22 0.44 0.29 0.46 0.20 0.27 0.52     0.36 

Welayita 0.42 -0.02 0.16 0.37 0.22 0.44 0.12 0.20 0.40     0.20 

Wulberag 0.01 -0.21 0.03 0.14 0.05 0.00 -0.11 0.16 0.33      0.21 
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The result shows a correlation exists between the SST and the local rainfall both spatially and 

temporally with Nino 3.4 and IOD regions SST with Bilate watershed. According to the spatial map in 

Figure 11plot a-c, IOD is positively correlated with the Bilate watershed, except for some pocket areas 

in the north. During the spring, IOD is positively correlated(r: 0.42) with the southern half of the 

watershed. In the northeastern parts of the watershed as indicated in the spatial plot in Figure 11 in 

summer and winter seasons, the northern areas of the watershed were negatively correlated with IOD. 

In autumn, the entire parts of the watershed were positively correlated with IOD and the local rainfall 

distribution in the autumn season. Across all the seasons, the southern areas and the northeastern parts 

of the watershed are positively correlated with IOD. A strong positive correlation was observed with 

Nino3.4 regions SST. All areas in the watershed were positively correlated throughout the season with 

(r: ranges between 0.3- 1) in a varying magnitude.  

Figure 11 demonstrates the association between observed minimum temperature with IOD and the 

Nino3.4 regions. As it can be understood from the Figure, similar to the Maximum temperature and 

rainfall correlations, the minimum temperature is greatly connected with the weather conditions of 

IOD and Nino3.4 regions, which are the most representative areas of Nino. Except for some regions at 

the central areas of the watershed in spring, summers, and autumn, the rest of the seasons were 

positively correlated in a varying magnitude with IOD. The central parts of the watershed experienced 

a negative correlation with Nino 3.4 regions of ENSO during spring and summer seasons, while other 

areas of the watershed positively correlated with locally observed minimum temperature distributions 

at Bilate watershed with Nino3.4 regions of the equatorial pacific. In spring and summer, a stronger 

positive correlation was observed while autumn and winter are moderately correlated with Sea Surface 

Temperature (SST).  

 

 

 

 

 

 

 

 



53 | P a g e  
 

a) Seasonal rainfall and its correlation with IOD and Nino3.4 

 
b) Seasonal Maximum Temperature and its correlation with IOD and Nino3.4 

 
c)  Minimum Temperature and its correlation with IOD andNino3.4   

 

Figure 11: The  spatial correlation between the local rainfalls, maximum and minimum temperature with 

Nino3.4 and IOD regions: a)seasonal rainfall and SST correlation, b) seasonal maximum temperature and SST 

correlation, c) seasonal minimum temperature and SST correlation with Bilate watershed 
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4.7. Characteristics of drought events: frequency and severity 

This study reveals drought characteristics in Bilate watershed from 1981–2016 using two commonly 

used meteorological drought indices: standardized precipitation index (SPI) and standardized 

precipitation-evapotranspiration index (SPEI). Figure 12 provides an overview of historical analysis 

for SPEI-3 characteristics, frequency, and severity of wetness and dryness events for the MAM 

(spring) season. The assessment of drought and wetness events was conducted for moderate, severe, 

and extreme incidences over the Bilate watershed. Figure 12a-f describes the spatial variation of 

severe to extremely dry and wet events over the study sites, which ranges with the SPEI value of -3 to 

2.76) indicating extreme dryness. Figure 12c illustrates the moderate dry condition in all parts of the 

watershed, the highest frequency of moderate dry events is observed in the southeast (Bilate T), 

southwest (W/Sodo), and northern tip (Wulberag) parts of the watershed. Other parts of the watershed 

experience a medium level of drought frequency (~ 4) except a very low frequency of occurrence at 

the eastern part (Alaba). Regarding severe drought events, except for very few places at the north and 

southern tips, all parts of the watershed show moderately dry conditions (Figure 12).  

The eastern and central parts of the watershed have a higher frequency of severe drought events 

(Figure 12i). The western part displayed extreme drought for a very few occasions (Figure 12 a, g). 

The north and southern parts of the watershed experience extreme wetness in very few incidences 

(Figure 12 d- j).  Concerning dryness, years of moderate to severely dry and wet events are shown in 

Figure 12 plot m and h respectively. Accordingly, 1988 and 1999 were moderately dry in 1984, 

2000,2008,2009,2011, and 2012 severe and 2015 extreme drought years. On the other hand 1995, 

1998, 2001, 2015were moderately wet years 1983, 1986, 1989,1993,1996,2006 and 2013, whereas the 

extreme wet years were 1981, 1982, 1987, 1999and2010.   
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Figure 12: Evaluation of the mean SPEI-3 MAM season for moderate, severe, and extreme drought Bilate watershed 

Showing the variation in spatial distribution (a-f), frequency (g-l), severity (m) of dry and wet years (n), and 1981–2016. 

The dryness or wetness events were highly associated with the weather condition (SST). The weak La 

Niña events of 1983-84, 1984-85, 2000-01, 2005-06, 2008-09, 2016-17 and moderate in 1995-96, 

2011-12 and Strong in 1988-89, 1988-89, 1999-00, 2007-08and 2010-11 incorporated with wetness 

conditions. In this analysis 1983,1995,1988,1989, 2000,2001,2005,2006, and 2010 were, similarly, 

Figure 13 shows JJA season SPEI-3 spatial pattern, frequency of occurrence of dry/wet years. Figure 

13a-f illustrates the spatial variation of moderate to extreme dry/wet events while Figure 13g-l 

demonstrates the frequency of occurrence of these events. Figure 13c illustrates moderately dry spatial 

coverage in most of the watershed except for very few places (Figure 13i). The north tip, central and 

southwest parts show severe drought with low frequency at the central area (Figure 13b, h). Extreme 

drought was observed at the northwest and some parts of the southeast with a lower frequency.   

Extreme wetness events are illustrated in Figure 13 d-f and the respective frequency of occurrence is 

shown in Figure 13 j-i. The entire study area experiences moderate wet conditions, with high 

frequency in the central areas than other sites (Figure 13 f, l). Severe wetness was shown in the 

northern and southern parts on a very few occasions (Figure 13e, k) few extreme events were observed 

in the southern and some segments of eastern parts of the watershed.  
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Figure 13 plots m and h show years of moderate to extreme drought and wetness years respectively. 

Moderate drought years were 1982, 1986, 1990, 1991,1994,1995,1998,2000,2003,2008 and 2014. 

severe drought years were1984, 1992, 1999, 2002, and 2004 while 1981, 2009, and 2015 were extreme 

drought years, on the other hand, 1985, 1993, 1997,1998,2000,2001, 2005, 2008, and 2011were 

moderately wet years. Severely wet years were 1987, 1988, 1992,2003,2006,2010 and 2013 whereas 

1981,1983,1986,1994, 1997 and 2007 extremely dry years (Figure 13).   

 

Figure 13: Evaluation of the mean SPEI-3 for JJA season for moderate, severe, and extreme drought Bilate 

Showing the variation in spatial and temporal severity and frequency of dry and wet events, 1981–2016. 

ENSO plays a pivotal role in influencing the patterns of dryness and wetness. Drought development 

depends critically on the behavior of SSTs in the tropical and Indian Oceans. The El Niño(weak) 

events that were happened in 2004-05, 2006-07, 2014-15, Moderate, 1986-87, 1994-95, 2002-03, 

2009-10, strong in 1982-83,1987-88 and 1991-92 aggravated the dryness of the area. These events 

have coincidence with drought occasions at the Bilate watershed in 1982, 1986, 1991, 1992, 1994, 
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2003, and 2009. Bilate watershed where this investigation is conducted is a pace where all forms of 

drought took place (Moderate, severe, and extremely severe). The watershed is divided into three agro-

ecological zones (High land, middle land, and low land) to have a simplified explanation of drought.  

From Highland agroecology Angacha and Kedida-Gamella and Hossana districts, drought condition 

usually mentioned that moderate drought was observed, at the Middle agroecology which 

encompasses Wulberag, Alaba, and Bilate_Tena.  

 In the Bilate watershed, autumn (SON) is the third main rainy season after summer and spring season.  

SPEI-03 and SPI-03 SON is shown figure. Moderate drought conditions manifested in all parts of the 

watershed except some places at the north and southeast with more frequency of drought occurrence at 

the south and southwest (Figure 14c, i).  Severe drought was observed in most parts except at the 

northeast, southeast, and some areas of the south with very few frequencies of occurrence (Figure 14b, 

h), and the north watershed experienced extreme drought (Figure 14 a, g). On the other hand moderate 

to extreme droughts were demonstrated in various years of the study periods, Moderate events were 

observed in all parts of the watershed, however, with more intensity and frequency at the southwest 

(Figure 14 f, i). Very little extreme wetness was recorded at the southern and some segments of the 

northeast (Figure 14 d, j) Moderate drought years were observed in 1982, 1985, 1989, 1991, 1994, 

1995, 1998, 2000, 2003, while 1984, 1990, 1992, 2002, 2004, 2008 were severe whereas 1981, 1986, 

1999, 2009 and 2015 with extreme events. On the contrary, 

1987,1992,1993,1997,1998,2000,2001,2005,2008 and 2011 were moderately wet years and1982, 

1986,1988,1994,2003,2006,2010 and 2013 severe whilst 1983,1997 and 2007 extreme dry 

years(Figure 14m,n). 
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Figure 14: Evaluation of the mean SPEI-3 for SON season for moderate, severe, and extreme drought Bilate watershed 
Showing the variation in spatial and temporal severity and frequency of dry and wet events, 1981–2016. 

DJF is identified as the driest season with very little contribution to the annual rainfall. Figure 15 

depicts DJF SPEI and SPI spatial patterns, frequency of occurrence, and years of extreme dry/wet 

conditions. Similar to other season‘s moderate drought is clear in almost all parts of the district with a 

moderate frequency of occurrence over the north tip and other peripheral parts of the watershed. 

Severe drought events were evident except at the eastern part of the district with the higher frequency 

of the incidence at the southern part of the watershed. The northern and central parts of Bilate 

watershed experience extreme drought on very few occasions. Moderate drought years were 1986, 

1988, and 1999 whereas 1984,2000,2008,2012 and 2015 were extreme drought years. Moderate 

flooding years were 1986,1989,1993,1995,1998,2001,2015, severe years are 1982, 1983, 

1987,1986,2006,2013 while 1981, 1987, and 2010 extreme flood years (Figure 15). 
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Figure 15: Evaluation of the mean SPEI-3 for DJF season for moderate, severe, and extreme drought Bilate watershed 

Showing the variation in spatial and temporal severity and frequency of dry and wet events, 1981–2016. 

4.7.1. Characteristics of drought events: frequency and severity at SPEI-12 scale 

To monitor the occurrence of drought one should know the details and characteristics of spatial 

patterns of precipitation and its magnitude of wetness and dryness. From the investigation, it was 

found that across the stations all forms of drought had taken place at different degrees of the scale in 

the last three decades.  As the SPEI confirmed the category of drought can fall between extremely dry 

to extremely wet, both condition is dangerous for the productivity of agriculture and entirely affect the 

lives of humankind and their stock. From the illustrating result, we found that the magnitude of 

drought for all the stations found in the watershed at (3, 12) month scale coincides with seasonal 

rainfall distribution. Reveal dry and wet events described by SPI-12 and SPIE-12. Figure 16 a-d 

demonstrates dominant dry and wet events and the intensity and frequency of drought in Figure 16e & 

f. SPI-12 covers many parts of the watershed and is more intense than SPIE-12(Figure 16 a, b). 1982, 



60 | P a g e  
 

1987, 1991,1994,1995,1999,2000,2005,2010 sever dry and 2012 extreme 1994 and 2016. Severe 

wetness years 1987, 1989, 1990, 1993, 1999,2011,2013,2014 and extreme wetness years were 1983. 

 

Figure 16: Evaluation of the mean SPEI-12 drought at Bilate watershed 
Showing the variation in spatial and temporal severity and frequency of dry and wet events, 1981–2016) 

The years identified in the study periods correspond with the SST of the equatorial Pacific and the 

Indian Ocean which affect the seasonal precipitation patterns of the watershed. SPEI-3 and SPEI-12 

displayed a greater frequency of the incidence of wet and dry events in the study period associated 

with ENSO. This could be explained by SPEI- with maximum rainfall amount with high variability. 

For instance, 1982, 1997, 1998, 2015, 2016 were ENSO-induced drought years with very strong El-

Nino events, and the years 1988, 1989, 1999, 2000, 2007, 2008, 2011 were strong La Niña events 

observed in the country. La Niña , weak 1983-84, 1984-85,2000-01, 2005-06, 2008-09, 2016-

17Modarate, 1995-96, 2011-12, Strong 1988-89, 1988-89, 1999-00, 2007-08, 2010-11 El Niño weak 

2004-05, 2006-07, 2014-15, Moderate, 1986-87, 1994-95, 2002-03, 2009-10, strong , 1982-83,1987-

88, 1991-92(Figure 16). 
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4.7.2. Drought trend analysis using SPEI  

The MK test analysis indicated that there was an insignificant drought trend at Alaba, Hosanna, 

Bilate_Tena, and Wulberag for SPEI-03. However, for SPEI-03 in Angacha, Durame, and W/Sodo 

stations an insignificant wetness trend was observed.  For SPEI-12   in almost all the watershed has 

shown a significant trend of the drought was observed. The result revealed that the magnitude of 

drought at SPEI-12 was more frequent and intense than SPEI-03(Table 14).  

Table 14: Trend analysis of Standardized Evapotranspiration Index 

Index Angacha Alaba Durame Hosanna Bilate-T Wulberag W/sodo 

SPEI-03 0.07 -0.67 0.17 -0.82 -0.33 -0.74 0.72 

SPEI-12 -1.43 -1.56 -1.9 -2.71 -1.10 -2.18 0.49 

4.7.3. Seasonal Rainfall contribution to Wet/Dry events 

Concerning the percentage share of wet and dry days (summer and spring) both the data set NMA and 

CHIRPS demonstrated that summer has more rainy days than spring.  As it is indicated in figure 17 the 

highest rainy days were observed in 2013, 2001, 1997, 1993, and 1985 during the summer season 

respectively. On the contrary, the lowest summer season rainy days were noted in1982, 1987, 2015, 

and 2016 with decreasing trend in rainy days. The highest rainy days in spring was in 

1983,1996,2001,2004 and 2004 respectively, however, the year 1982, 1984, 1992, 1998, 2009, and 

2014 had experienced the relatively lowest amount of rain days in the spring season with declining 

trends. As Figure 17shows that both the data set have shown relatively similar results with slight 

variation. The percentage share of rainy days during the summer season was more than eight 80% for 

the years 1991,1992,1993,2001 and 2010 which were confirmed with the wetness index of the SPEI 

and the degree of wetness of spring season MAM (SPEI) consolidate that 1983,1997,2001,2006 and 

2010 were years with higher spring wetness with higher than 75% of rainy days (Figure 17). 
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Figure 17: Seasonal percentage of rainy days of MAM and JJA seasons from NMA (a) and CHIPS (b) data sets 

4.7.4. Potential Evapotranspiration 

Evapotranspiration represents a significant loss of water from drainage basins and Potential 

Evapotranspiration (PET) with a measure of the amount of water that would be evaporated and 

transpired if there were sufficient water available. In terms of dryness, the study area is experiencing 

dry weather conditions across time. As it is indicated in (Table: 15) the PET stations Bilate-Tena with 

highest, indicating the extreme dryness while the lowest PET was noticed at Angacha and Hosanna 

(119.6, 119.3) mm/year. Wulberag (140.8) and Alaba (142) are located closely and have relatively 

similar PET and wilayat Sodo (127.5), Durame (125.7).  It is evident that Evaporation is highly 

important for the interpretation of rainfall data and plays an indispensable role in water balance studies 

which considerably varies across geographical regions over time. PET is higher when there are higher 

levels of solar radiation and higher temperatures.  

Table 15: Potential evapotranspiration from the station result at Bilate River watershed (mm/Year) 

 Wulberag Alaba Angacha Hosanna Durame W/ Sodo Bilate Tena 

Mean 140.8   142.96   119.6   119.3 125.7 127.5 151.6   

Min 120.1   61.16   94.2   48.24   99.52   96.1 84.8   

Max 163.0 186.03 158.5   161.64 160.13   175.2 205.1 
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4.7.4. Aridity Index (AI)  

An aridity index (AI) is a numerical indicator of the degree of dryness of the climate at a given 

location. These indicators serve to identify, locate or delimit regions that suffer from a deficit of 

available water, a condition that can severely affect the effective use of the land for such activities as 

agriculture or stock-farming. It was found that the district in Bilate river watershed has an aridity index 

ranging between arid, Semi-arid, and Dry sub-humid. The district Hosanna, Angacha, and Welayita- 

Sod were found to be less affected by Aridity problems whereas Alaba, Bilate Tena Wulberag were 

the districts with high incidences of dryness(Table:16). The average Aridity index of Bilate River 

Watershed was found to be 0.05 from 1981-to 2016 for the last three decades. 

Table 16: Aridity Index of Districts at Bilate River Watershed form 1981-2016 

Station Angacha Durame Hosanna Wulberag W/Sodo Bilate Tena  Alaba 

AI 0.69 0.64 0.74 0.60 0.76 0.25 0.19 

 4.8. The relation between crop yield and ENSO induced rainfall variability   

ENSO Phase and crop productivity were strongly linked with SSTA, as the findings of this study 

portrayed in (Table 17 and Figure 18) except the neutral, both extremes affect the productivity of the 

major crops commonly cultivated at the study area (with exception of Enset). At some of the extreme 

phases, complete failure of crop due to precipitation stress and surplus was observed. The decrease in 

the temperature pattern over the sea seriously affects the rainfall pattern, which results in a decline in 

the yield of each crop, particularly those crops which are highly sensitive to precipitation. As (Figure 

18) shows the yield of crops and the rainfall is positively correlated, there was a strong correlation 

between rainfall and the yield of the major crops in the year 2001, 2002, 2006, 2007, and 2010 both 

the yield of crops and rainfall increased in the same direction. The yield of Barley and Sorghum is 

highly productive than others at the same period. While in the year 2011,2012,2013,2014, and 2015 

the average yield of crops is highly declining with the decline with the rainfall anomaly. Generally 

among the crops, wheat, maize, and sorghum were found to be more impacted by cereal crops; 

however, barley and Enset were less affected by the ENSO-induced rainfall variability. Relatively 

wheat and maize crops experienced a reduction in all almost in the districts at the watershed during the 

dry ENSO phase.  
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Table 17: Correlation coefficient (r) showing relationships among SST, rain, and crops (values greater than 0.4 

and less than -0.4 are highlighted in bold font). 

 

Rain Maize Wheat Barely Sorghum Enset 

rain 1.000 0.182 0.360 0.355 0.396 -0.094 

Darwin_P -0.497 -0.206 -0.186 -0.145 -0.300 -0.123 

Tahiti_P 0.220 -0.026 -0.231 0.077 0.412 0.338 

SOI 0.386 0.068 -0.098 0.105 0.402 0.292 

Nino 1.2 -0.660 -0.373 -0.265 -0.399 -0.231 0.164 

Nino 3 -0.702 -0.425 -0.175 -0.491 -0.441 0.152 

Nino 3.4 -0.557 -0.408 -0.006 -0.473 -0.516 0.066 

Nino 4 -0.319 -0.380 0.152 -0.424 -0.503 0.064 

DMI -0.188 0.132 -0.466 0.264 0.130 0.016 

As we can see from the seasonal pattern the relationships among anomalies of rainfall and different 

crop considerably vary. Figure 18 depicts that there are inconsistent relationships at different years and 

different phases of ENSO. For instance, relatively stronger negative relationships among Nino 3 and 

Nino 3.4 and yield of maize, Barely and Sorghum were observed, whereas, these Nino regions were 

weakly related to the yield of Wheat (Table 17). Interestingly, the yield of Enset was shown to have a 

very weak relationship with Nino regions. It seems Enset is less vulnerable to short-period moisture 

fluctuation. Enset is a perennial crop in the Northwestern part of the study area. We noted that the 

ENSO effect was found to be less on Enset production (Table17). The yield of Enset is not affected by 

ENSO phases as compared to all other crops. 
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Figure 18: Standardized rainfall anomaly and crop with SST; a)seasonal areal anomaly of rainfall and crop 

yield, b)seasonal standardized anomaly of southern oscillation indices(Nino regions SST) c)seasonal 

standardized anomalies of southern oscillation indices 

Rainfall distribution and crop productivity are shown to differentially correlate with magnitude 

markedly differing. El Niño, the warmest conditions on the sea is one of the driving factors which 

seriously affect the Local rainfall distribution and impact the yield of crops. Out of the four strong El 

Niño, two of them were replaced (2015 and 2016) which seriously affected the local rainfall amount 

and yield of major crops commonly grown and used. La Niña is another weather-related event that has 

been created the excess amount of precipitation conditions which could be linked with the decline in 

SST. It was found that surpluses amount of rainfall was observed during the cold phase of the (La 

Niña) event on the sea, the local precipitation distribution was better and even causes some floods in 
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the lower areas of the sites. As reported by the National Meteorology Agency, Zonal Agricultural 

bureaus, and the local communities La Niña events affected the livelihood of farmers due to extra 

precipitation beyond the normal and not commonly observed during normal periods. 

4.9. Seasonal climate projection and the fate of major crops 

Before running the SDSM five the most significant and best-correlated predictor variables were 

chosen based on Pr. and p-value. The results have shown that the various atmospheric variables 

significantly affected the local climate. The driving parameters on Precipitation, Maximum and 

Minimum Temperature with significance level p<0.05 were commonly used drivers the watershed. 

Table 18: The global influencing predictor variable that determines rainfall and temperature 

distributions at Bilate watershed (the descriptions for the predictors were mentioned in method section  

Rainfall                                                              Temperature 

Station Predictors 

Correlation  

Predictors 

Correlation 

 Pr     P 
Tmax  

Pr           P 
Predictors 

Tmn 

Pr       P 

Alaba 

ncepp1thgl.dat 0.04 0.04 ncepp5_vgl.dat 0.06 0 ncepp1_vgl.dat 0.08 0 

ncepp8thgl.dat 0.04 0.02 ncepp500gl.dat 0.14 0 ncepp5_zgl.dat 0.08 0 

nceps850gl.dat 0.04 0.03 ncepp5thgl.dat 0.02 0.03 ncepp500gl.dat   0.27 0 

ncepprcpgl.dat 0.04 0 ncepp5zhgl.dat 0.03 0 ncepp8_zgl.dat 0.09 0 

ncepp8vgl.dat 0.04 0 ncepp8thgl.adt 0.06 0 ncepp8zhgl.dat 0.08 0 

Angacha 

ncepmslpgl.dat 0.04 0.04 ncepp5_vgl.dat 0.04 0 ncepp1zhgl.dat 0.1 0 

ncepp1_ugl.dat 0.05 0 ncepp500gl.dat 0.04 0 ncepp500gl.dat 0.16 0 

ncepp850gl.dat 0.05 0 ncepp5zhgl.dat 0.04 0 ncepp850gl.dat 0.09 0 

nceps8500gl.dat 0.04 0.04 nceptempgl.dat 0.25 0 nceps850gl.dat 0.06 0 

ncepmslpgl.dat 0.04 0 nceptempgl.dat               0.44 0 ncepshumgl.dat 0.17 0 

BilateTena 

ncepp1zhgl.dat 0.04 0.05 ncepp1thgl.dat 0.04 0 ncepp1_vgl.dat       0.07 0 

ncepp500gl.dat 0.04 0.02 ncepp5_vgl.dat 0.07 0 ncepp1zhgl.dat        0.08 0 

ncepp80gl.dat 0.04 0.03 ncepp500gl.dat 0.18 0 ncepp500gl.dat          0.27 0 

ncepmspgl.dat 0.04 0 ncepp8thgl.dat 0.1 0 ncepp8_vgl.dat          0.07 0 

ncepp8_fgl.dat 0.04 0.01 nceptempgl.dat 0.37 0 ncepp8zhgl.dat          0.08 0 

Hossana ncepp1zhgl.dat 0.07 0 ncepp5_vgl.dat         0.09 0 ncepp1zhl.dat         0.14 0 
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ncepp5_zgl.dat                0.09 0 ncepp50gl.dat         0.2 0 ncepp500gl.dat         0.23 0 

ncepp8_vgl.dat                 0.08 0 ncepp5zhgl.dat         0.08 0 ncepp8_vgl.dat          0.09 0 

ncepp850gl.dat                0.06 0 nceps850gl.dat          0.07 0 ncepp8zhgl.dat          0.11 0 

nceps500gl.dat                0.06 0 nceptempgl.dat           0.39 0 ncepshumgl.dat           0.23 0 

Welayita 

sodo 

ncepp500gl.dat              0.05 0 ncepp5_vgl.dat              0.1 0 ncepp1zhgl.dat            0.08 0 

nceps850gl.dat              0.04 0.01 ncepp500gl.dat              0.25 0 ncepp500gl.dat             0.2 0 

ncepshumgl.dat               0.04 0.04 ncepp5zhgl.dat              0.09 0 nceps850gl.dat              0.06 0 

ncepmslpgl.dat 0.07 0 nceptempgl.dat               0.44 0 ncepshumgl.dat              0.13 0 

ncepp8_fgl.dat 0.04 0.01 nceptempgl.dat 0.03 0 nceptemgl.dat               0.19 0 

Durame 

ncepmslpgl.dat              0.03 0 ncepp5_vgl.dat 0.04 0.04 ncepp1zhgl.dat 0.08 0 

ncepp1_ugl.dat               0.05 0 ncepp500gl.dat 0.04 0.04 ncepp5_gl.dat 0.26 0 

ncepp850gl.dat               0.04 0.01 ncepp5zhgl.dat 0.04 0.04 ncepp50gl.dat 0.64 0 

nceps850gl.dat               0.04 0.02 ncepp850gl.dat 0.25 0.04 ncepp5zhgl.dat 0.09 0 

ncepp8_fgl.dat 0.04 0.01 nceptempgl.dat 0.04 0.04 ncepp8_ugl.dat 0.37 0 

  ncepp500gl.dat              0.08 0 ncepp1zhgl.dat              0.07 0 ncepp1thgl.dat         0.05 0 

Wulberag ncepp8_fgl.dat               0.04 0.03 ncepp5_vgl.dat               0.03 0 ncepp1zhgl.dat         0.07 0 

  ncepp850gl.dat               0.04 0.02 ncepp500gl.dat               0.19 0 ncepp500gl.dat        0.11 0 

  nceptempgl.dat                0.06 0 ncepp8thgl.dat               0.04 0 ncepp8thgl.dat         0.06 0 

  ncepphumgl.dat 0.08 0 nceptempgl.dat                0.32 0 ncepshumgl.dat         0.24 0 

4.10.1. The comparison of Observed and Simulated seasonal Precipitation  

After cleaning the raw data, the observed and simulated data were compared to check the 

appropriateness of the model, whether it is fitting or not. The result in Figure 19 depicted that the 

observed rainfall, maximum and minimum temperature were strongly linked with the model output. 
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Figure 19: the correlation between the observed and the model/simulated rainfall with each station at the study 

site. 

The observed and simulated Precipitation was highly correlated and showed an admirable agreement 

between observed and simulated rainfall. It is only in the case of station Alaba that the model 

underestimates the observed rainfall distribution across all the months. The districts like Hosanna, 

Angacha, Durame, wulberag the model and observed values almost equally distributed (Figure 19).  

 

4.10.2. Observed and Simulated Seasonal Temperature  

4.10.2.1. Minimum Temperature 

The result has shown that monthly minimum temperature from GCM and the locally observed are 

found in excellent agreement. Both simulated and observed minimum temperatures are almost 
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similarly distributed. However, the model underestimates the maximum temperature in January and 

November (Figure 20).  

 

Minimum Temperature 

  

 
 

  

 

Figure 20: the performance of SDSM associated with observed Minimum Temperature (a-g)  

4.10.2.2. Maximum Temperature  

Concerning the correlation between the observed and the simulated maximum Temperature similar to 

that of the previous variables, the simulated and observed were fitting each other with very fewer 

overestimations. The model to some extent overestimates the observed at three stations such as 
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Durame, Angacha, and Alaba-Kulito stations, whereas the rest of the districts were almost uniformly 

distributed with the model and the Observed (Figure 21).  

 

  

  

 
 

 

Figure 21: the performance of SDSM associated with observed Maximum Temperature (a-g) with each station 

observed data 

4.10.2.3. Calibration and Validation  

The observed (predictands) with their NCEP/NCAR were used to calibrate and validate the model. 

The first half of the study period from 1981-1999 was used for model calibration and the second half 

(2000-2016) was used to validate the model. The statistical performance of the model was tested 
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through(R, R
2
, RMSE, NSE, and bias correction). A high coefficient of determination (R

2
) was 

identified which indicates the model is a good fit and excellently performs. Both Minimum and 

Maximum Temperature(Tmax: R
2
,1, R,1, RMSE, 0.01,Bias,0; Tmn: R

2
,1, R,1, RMSE,1,Bias,0) and 

R,0.74, RMSE 4.2, R
2
, 0.82, NSE -9.79, Bias -48) for precipitation. Observed and model data for 

temperature and precipitation were strongly correlated with the least error and very insignificant 

biases. Alaba and Wulberag have had the highest coefficient of determination (Table: 19).  

Table 19: describing the statistics of Calibration and validation 

Model Variables  Parameter R RMSE R
2
 NSE Bias 

CanESM2 Calibration RF 0.74 3.45 0.82 -9.79 -0.48 

TMIN 1 1 1  1 0.0 

Tmax 1 0.01 1 1 0.0 

Validation RF 0.71 3.19 0.04 -13.5 0.47 

TMN 0.94 0.82 0.88 -0.56 5.9 

Tmax 1 0.14  0.99 0.99 -0.2 

4.11. Rainfall and Temperature conditions under different RCP’s 

4.11.1. Rainfall vs. RCP prediction 

This section of the study has emphasized the characteristics of Future Precipitation and Temperature at 

RCP4.5 and RCP8.5 using a base period as an input. To analyze the features of the upcoming climate 

at Bilate Watershed, the seasons were classified as spring, summer, autumn, and winter.  The projected 

seasonal rainfall at RCP4.5 and RCP8.5 was illustrated in (Figure 22). The SDSM model was used to 

predict future precipitation and temperature for the periods of 2041-2070 and 2071-2100 based on 

RCP 4.5 and RCP 8.5 scenarios generated from CanESM2.  The result in Figure 22 depicted that the 

projected precipitation for winter, spring, summer, and autumn by 4.5(2020) shows stable distributions 

of rainfall in the winter and increases towards the 2080s of RCP4.5. At the beginning of RCP8.5 

(2020), the winter rainfall shows a sharp decline and sharp increase of winter precipitation by 2080s of 

RCP8.5 at Alaba Kulito stations. The winter distribution at Alaba stations would increase by 60% as 

compared to the base period, spring and autumn precipitation rises by 15%, summer precipitation 

shows the least increase as compared to other seasons. Figure 22 plot b depicts Angacha station which 

is located in the upper parts of the watershed; all the season's rainfall pattern shows an increase by 

30% as compared with the base period in RCP4.5 (2080s). However, the precipitation pattern of all the 

seasons sharply declines toward the beginning of RCP8.5 (2020s). The rainfall at this station by 
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RCP8.5 shows an increase for all seasons. Winter rainfall shows an increase of 65%, autumn 60%, 

summer by 56% by RCP8.5 scenarios of (2080s). 
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Figure 22: Precipitation Distributions at Medium and Highest Emission Scenario (RCP4.5 and RCP8.5) with 

each station used for the study. 

Figure 22 plots ―C‖ demonstrated the rainfall characteristics of Bilate-Tena district where the river 

joins the rift valley Lake Abaya. The SDSM analysis about the future characteristics of Precipitation at 

this particular area showed that by RCP4.5 (medium emission scenario) the seasonal rainfall features 
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show an increase by 20% as compared to the base period in RCP4.5 of (2080s). However, at the 

highest emission scenario (RCP8.5) the rainfall shows a similar increase for all the seasons at these 

stations. By the RCP8.5 of 2050s, the precipitation shows an increase of 40% as compared to the early 

period‘s and continues to show an increment in the 2080s by 80%. Figure 22‖ Portrays the projected 

rainfall characteristics by the emission scenario of RCP4.5 and RCP-8.5 at Durame station which is 

located in the middle watershed of the river. The result confirmed that the precipitation increases from 

the 2020s to 2050s by medium emission scenario (4.5) by 30% and begin to decline towards 2080s at 

the same scenario, whereas during the highest emission scenario(RCP8.5)the precipitation 

characteristics of this district show sharp increment with fewer variation among seasons. The winter 

season precipitation shows an increase of 59% as compared to the base period precipitation. 

Figure 22plots, (―e, f, g‖) shows the projected precipitation patterns of Hossana, Welayita Sodo, and 

Wulberag stations by RC4.5 and RCP8.5 emission scenarios. The result has noted that at the three 

stations medium and high emission scenarios indicated an increasing rate of precipitation in all the 

seasons. The precipitation shows changes in intensity and amount from the medium emission scenario 

to the highest emission scenario, indicating incremental changes in the precipitation amount and 

intensity among seasons.  For district Hosanna by RCP4.5 in 2080 increase by (9%, 10%, 11%) 

summer, spring, winter, and autumn indicated an increase of precipitation. The precipitation pattern by 

2080 in the spring season shows an exceptional increment (35%) and summer shows the least increase. 

At Welayita Sodo district the SDSM predicted precipitation of the future period illustrated that winter 

and autumn‘s season precipitations were highly pronounced at the highest emission scenario. At these 

particular geographical areas of the watershed, the model has shown that in the future 30% increase in 

winter and 20% increment during the autumn season by RCP4.5 (2080s). Similarly, in the highest 

emission scenarios RCP8.5 (2080s) show an increase of precipitation by 80% in the winter season and 

58% during the autumn. The predicted precipitation features‘ at Wulbearg district indicated that by 

RCP4.5 (the 2080s) the seasonal precipitation increases by 20% as compared to the base period no 

variations were identified for all the seasons. For this particular station, the highest emission 

scenarioRCP8.5 indicated that the seasonal precipitation increased by 44% as compared to the initial 

period chosen for the study (Figure 22). 

4.11.2. Maximum Temperature in RCP 
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Figure 23: Characteristics of maximum temperature at the study site: 

a) Angacha b)Alaba c)Bilate Tena d) w/sodo e) Durame f)Hossana g)Wulberag 
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Figure 23 Plot ―a-g‖ indicated seasonal patterns of maximum temperature at medium and high emission 

scenarios. At all the scenarios the maximum Temperature shows a decrease in winter seasons.  The 

result confirmed a higher decrease by RCP4.5 (2080s) and RCP8.5 (2080s) by -0.2 to -.04% at Alaba 

Kulito district as compared to the period (Figure 23a). Except summer maximum Temperature all other 

season has shown similar findings of maximum temperature. A parallel decrease in the future 

maximum temperature was also observed at stations Angacha, as the result in Figure 23plot ―b‖ 

illustrated that except winter season all the seasons have shown a higher decrease in future maximum 

temperature as compared to the base period.in  Bilate-Tena and Durame districts.  

Due to their geographic proximity, similar characteristics of maximum temperature were observed at 

Angacha, Durame, and Bilate-Tena district by both high and low emission scenarios. However, in the 

case of Welayita Sodo, Hosanna, and Wulberag district's maximum temperature shows a sharp 

increase in both the highest lowest and emission scenarios (RCP4.5, the 2080s, and RCP8.5, 2080s). 

At Welayita Sodo station during the spring season, maximum temperature shows nearly an increase by 

1-degree centigrade succeeded with winter season showed an increase of 0.75degree centigrade. 

Summer maximum temperature shows an increase of 0.5 degrees centigrade. Summer and autumn 

display an increase of 0.4. 

 The result in Figure 23, plot ―f‖ displayed the nature of future maximum temperature as compared to 

the base periods. Uniquely at this particular station, the seasonal temperature responded variously. 

Summer maximum temperature shows an increase by 0.4 as compared to the base period. The increase 

was observed by the highest emission scenario of RCP8.5 by 2080s.  A uniform increase in the 

patterns of the future period‘s seasonal maximum temperature was observed at Hossana districts. 
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4.11.3. Minimum Temperature and RCPs 

a b

d

0

0.5

1

1.5

2020s 2050s 2080s 2020s 2050s 2080s

RCP4.5 RCPs8.5
%

ch
an

ge
 in

 T
m

in
 

RCP and Minimum Temperature at w/sodo 
Winter Spring Summer Autumn

      

e f      

g 

Figure 24: Characteristics‘ of minimum temperature at the study site: 

a) Angacha b)Alaba c)Bilate Tena d) w/sodo e) Durame f)Hossana g)Wulberag 

 

Figure 24-plot a-f illustrated the nature of Minimum temperature by medium and highest emission 

scenario at Bilate watershed based on representative concentration pathways (RCP4.5 and RCP8.5). 

According to the result, Angacha station shows a uniform increasing nature of minimum temperature 
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in RCP4.5 and RCP8.5. At the last period of the medium emission scenario, the Minimum 

Temperature shows a change of 0.5 and 1.5 degrees centigrade RCP4.5 and RCP8.5.all the changes 

were noted towards the last periods of each emission scenario (2080s) of both periods. The minimum 

temperature conditions at Alaba districts showed a change of 0.5-degree centigrade at RCP 8.5 2080s 

and 1.5-degree centigrade change the highest emission scenario. A similar observation was noted for 

Bilate-Tena, Welayita Sodo, Durame, and Hossana districts. However, a surprising change in 

minimum temperature was obtained at wulberag district. All the season's minimum Temperature is 

expected to show is expected at <0  at seasons at Wulberag district (Figure 24). 

4.12. Spatial distribution of Seasonal precipitation and Temperature (RCP4.5and RCP8.5)  

This section of the study emphasizes displaying the seasonal changes in rainfall and Temperature 

distribution at Bilate watershed in the future periods (Figure 25-30). Spring and summer seasons were 

chosen because of their relevance to the livelihood of the communities at the watershed. Furthermore, 

the area receives bimodal nature of precipitations. The projections were investigated based on future 

Representative concentration pathways (RCPs) and the comparison of the change in precipitation and 

Temperature was made concerning the base period.  To briefly demonstrate the spatial changes, the 

data generated from SDSM were analyzed in ArcGIS 10.5, using Inverse Distance Weighted (IDW) 

interpolation technology to demonstrate the spatial characteristics of future Rainfall and Temperature 

at different RCPS. Commonly the RCPs were divided into three periods (RCP2.6, RCP4.5, and 

RCP8.5). However, only two of the RCPs were taken into consideration (RCP4.5 and RCP8.5), 

because of considering the increasing CO2 concentration in the future, emission modes RCP4.5 and 

RCP8.5, are moderately close to the existing social and ecological conditions. Each of the scenarios 

was divided into three future periods of the 2020s, 2050s, and 2080s on the assumptions of 

concentrating radiation per watt (w/m
2
) and carbon dioxide concentration.  

 

The results for seasonal rainfall in Figure 25 showed the seasonal rainfall at the central parts of the 

watershed has shown a decline by -5% from east to west parts of the watershed by the concept of RCP 

4.5s (the 2020s). At the same period, the southwestern margin and points with deep green shade in the 

northern parts of the watershed would have higher distributions of precipitations (35-40%) 

precipitation will be expected about the base period during the summer season. In RCP4.5 2050s the 

precipitation pattern will show a decrease as compared to the 2020s. Some pocket areas in the southern 
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parts will show a better distribution of summer rainfall.  RCP4.5 in 2050 and 2080s show more or less 

similar patterns of rainfall distribution. RCP8.5 the high emission scenario, the precipitation shows 

uneven distribution at the watershed. In RCP8.5 (the 2020s, 2050s, 2080s) the southwestern margin of 

the watershed will have an increase in the 25-30% precipitation increase and the decrease in future 

precipitation would be expected at the central parts as compared to the base period. Deep red shed and 

light red shade show a-5% change in rainfall. The areas with light green shade and blue shade show 

the change in precipitation at the watershed.15-25% of the change in precipitation would be expected 

at the north and western margin of the watershed. Generally, the southern portions of the study area 

would have better distributions at both RCP4.5 and RCP8.5 in all periods and show an increase of 25-

40% and the northern portion shows a 10-25% change in summer precipitation (Figure 25).  

 

Figure 25: Spatial distribution of seasonal Rainfall regarding the base period in the 2020s, 2050s, and 2080s 

under scenarios RCP4.5 and RCP8.5 Concentration pathways. 

 

Figure 26 describes the spatial distributions of spring rainfall in the future periods of the 2020s, 2050s, 

and 2080s. The result demonstrated that in the three periods of RCP4.5, rainfall was projected to 

change in high amounts. The rainfall at the southern western escarpment of the watershed would be in 

the range of a 35-40% increase. All the RCPs showed mainly an increase with the exceptions of a few 
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pocket areas -5% declines in spring precipitation would be expected at the central parts of the 

watershed. The decrease in spring rainfall expanded to the whole central area by 2050s and 2080s of 

RCP4.5. It seems this specific area would be seriously affected by spring rainfall by this period as 

compared to the base time. The areas with blue shade would have a change of 15-20% of precipitation, 

In RCP8.5 by the period of 2020s, the precipitation conditions move to the southeast parts. 30-35% 

change in precipitation distribution would be expected at the southeastern margin (Figure 26). 

 

 

Figure 26: Spatial distribution of spring Rainfall regarding base period under RCP4.5 and RCP8.5pathways 

The northern parts of the watershed would experience a 10-15% change in precipitation during the 

spring season.  In the 2050s larger portions of the watershed experienced a 20-30% change in spring 

precipitation as compared to the base period. However, the central parts of the watershed would 

experience a -5 % decrease in spring rainfall. In RCP 8.5 in the 2080s the southern portions would 

receive surplus moisture than other areas (35-40%) change would be expected. 
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4.12.1. Temperature 

Temperature as one of the major components of climate is an interest of this investigation. As the 

spatial map displayed uneven distribution in the temperature condition would be expected. An increase 

and decrease in all RCPs. The result in Figure 27 illustrated that the minimum temperature would be 

expected at the study watershed in 4.5(2020) in a range of 2-2.5  at the central and the southwestern 

margin of the study area during the spring season. By 2050s of the same scenario, the wider areas of 

the central part experience 2-2.5  of minimum temperature. As the spatial map showed that the 

majority of the areas would experience 1.5-2  except for the Northern tips of the watershed. The 

analysis of RCP8.5 depicted that in all periods the increase in minimum temperature is noted. In 

RCP8.5 (the 2020s) greater than the two-degree centigrade temperature would be experienced at the 

center while in 2050s and 2080s all parts of the central regions of the watershed would experience 2-

2.5 . The rest of the areas in all scenarios would fall in the range of 1-1.5 (Figure 27). 

 

Figure 27: Spatial distribution of spring minimum Temperature under RCP4.5 and RCP8.5pathways. 

The characteristics of minimum temperature during the summer season which is locally known as 

Kermit is the most important season at Bilate watershed. The fluctuations and variability in summer 
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climate determine life at the watershed. Analyzing the characteristics of summer Temperature is one of 

the interests of this investigation. As the result of the spatial map illustrates the patterns of summer 

minimum Temperature RCP 4.5(the 2020s, 2050s 2080s) the higher changes at the central parts and 

some pocket areas at the southwestern margin of the watershed would be expected. The northern tips 

of the watershed would have arranged of -0.3-0.3 degree centigrade increase as compared to the base 

periods. The southern areas of the watershed would experience a change of 0.8-1 .  The eastern 

escarpment of the watershed would have a minimum temperature of 1-1.5   the yellow shade areas in 

the map show a change of 0.5-0.8   by referring to the base period‘s temperature (Figure 28).    

 

Figure 28: Spatial distribution of summer minimum Temperature under RCP4.5 and RCP8.5pathways. 

Figure 29describes the future changes in maximum Temperature conditions at Bilate watershed with 

different magnitude and intensity across the watershed. According to the result, in RCP4.5 (2020) 

conditions wider portion of the watershed experiences a decrease in maximum temperature in the 

spring season. The range of the change would be -2--1 °C and the extreme change at the southwestern 

portion of the area would be >6°C in 2020.  By the RCP4.5 (2050s and 2080s) the northern half of the 

study area experiences higher changes in maximum temperature, while the rest of the area's maximum 
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temperature would be 0-3°C. In the highest concentration pathways assumptions (RCP8.5) except 

some fewer areas at the southwestern tips broader areas of the watershed would experience a change 

of -1-+1°C  in maximum temperature during the spring season(Figure 29). 

 

 

Figure 29: Spatial distribution of spring maximum Temperature concerning base period under RCP4.5 and 

RCP8.5pathways. 

According to the result in Figure 30 higher change summer maximum temperature shows that some 

pocket areas would experience extreme conditions in the distributions of the maximum temperature in 

the future periods as compared to the base period at the watershed. The increase in the summer 

maximum would be expected at the northern tips of the watershed (>6°C). The central part of the 

study watershed experiences a change in -1 - +2°C in RCP4.5_2020s. A higher change (5-6°C) in the 

distributions of the maximum temperature would be expected at the southern half by 2050s and 2080s 

prediction of RCP4.5. The central portion experiences a range of 3-4°C. In RCP8.5 at all period are the 

central areas of the watershed experience a change of maximum temperature with the range of 2-3°C, 



83 | P a g e  
 

and 3-4°C in the north and some pocket areas in the south, while the rest of the areas experience a 

declining change in summer maximum temperature(-2 - -1°C).    

 

Figure 30: Spatial distribution of summer T.max about base period under RCP4.5 and RCP8.5pathways. 

4.13. Bio Climatic and the distributional pattern of the major crops  

4.13.1. Applicability of the Maxent model 

This section of the study tries to demonstrate the fate of major crops which are commonly cultivated at 

Bilate watershed and their distributional response following the shift in the climatic conditions. Three 

major crops (Enset, Maize, and wheat) were selected for the analysis due to their relevance and 

frequent cultivations by the farming communities over Bilate watershed. The current climate was 

estimated using historical climate data from WorldClim, which includes 19 bioclimatic variables that 

are derived from monthly temperature and rainfall values to generate more biologically meaningful 

variables. Both extreme changes and variability in climate conditions are expected to have a 

significant impact on the distribution of crops. In this study, Maxent Model was used to show the 

current and future distributions of crops and the fate of major crops at Bilate watershed using SSP245 

and ssp585 climate scenarios.  
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4.13.2. Current environmental factors (Bio climates) 

Figure 31 verified that the Maxent model better predicts the crop distributions using the current 

condition as a base at Bilate Watershed. The result showed that the AUC for each crop indicated 

excellent predictions at the watershed. The AUC of the Maxent model is greater than 0.05 for all 

crops. The AUC for all crops, Enset: 0.972, Maize: 0.709 and wheat: 0.857. Therefore the Maxent 

Model is highly applicable for predicting the crops under consideration at Bilate Watershed.  

 

a                        b                                 c 

 

                 

d                                                                                               e                                                                        f 

Figure 31: Reliability test of the distribution model for the selected crops (Enset: Maize: Wheat: 

a) Training data and random prediction, b) Training data and Random prediction c) training data and random prediction, d) 

background prediction, omission on the trained sample, predicted omission e) background prediction, omission on the 

trained sample, predicted omission f) background prediction, omission on the trained sample, predicted omission. 

This part of the study emphasizes the effect of current Bio-climates on the distributions of major crops 

commonly cultivated in the study area. To demonstrate the effect of Bio-climatic factors that affect the 
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distribution of Enset, maize, and wheat, the jackknife test was used to analyze the Bio-climatic factors 

that influence crop distribution. The longer stripe on the jackknife test with blue color shows the effect 

of Bio-climates/Biol/. The higher the jackknife test strip, the stronger the influence on the crop 

distribution. The main environmental variables that influence the distribution of crops were 

Precipitation of Wettest Month (Biol-13), Precipitation of Wettest Quarter (Biol-16), Precipitation of 

Coldest Quarter (Biol-19), Precipitation Seasonality (Biol-15), and Annual Precipitation (Biol-12) 

respectively for Enset. Annual Range Temperature(Biol-7), Precipitation of Coldest Quarter (Biol-19), 

Precipitation Seasonality (Biol-15), Precipitation of Wettest Quarter (Biol-16), and Precipitation of 

Wettest Month (Biol-13) for maize. Precipitation of Wettest Month (Biol-13), Precipitation of Wettest 

Quarter (Biol-16), Precipitation of Coldest Quarter (Biol-19), and Annual Precipitation (Biol-12) had 

the highest impact on the cultivation and distributions of wheat (Figure 32). 

 

    

                                                                                   

 

Figure 32: jackknife test for potential Bio-climatic contributors to the suitability of Enset, maize, and wheat 

cultivation: Regularized training gain defines how well the model distribution fits the presence data compared 

to a consistent distribution. the light blue bars (without variable) show the gain lost when the variable is 

removed from the model, while the deep blue bars (with just one variable) indicate the gain from employing a 

variable in isolation, and the red bar (with all variables) indicates the gain in using all variables in the model a) 

Enset, b) Maize and c) Wheat on the current base. 

 

Table20: illustrated the percentage contributions of Bioclimatic factors that determine the distribution 

of the selected crops. Accordingly for Enset, Precipitation of Wettest Month (Biol-13) contributes by 
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81%, Temperature Annual Range (Biol-7) 14.1%, and Precipitation of Driest Month (Biol-14) 

contributes by 4.9% based on current Bioclimatic factors.  Five dominant Environmental variables 

were found to be the most important Bioclimatic factors for the production and distribution of maize 

crops. Temperature Annual Range (Biol-7) contributes by 48.5%, Precipitation of Coldest Quarter 

(Biol-19) contributes by 32.5%, Temperature Seasonality (Biol-4) by 13.8%, Min Temperature of 

Coldest Month (Biol-6) 4.8 Mean Temperature of Driest Quarter (Biol-9) 0.4% and Precipitation of 

Wettest Month (Biol-13) contribute by 88.1% and Precipitation of Driest Month (Biol-14) 11.9% were 

the most important environmental factors that influence the distributions of the selected crops on the 

current climate conditions. 

Table 20: Contribution of potential Bio-climatic factors that affect the distribution of crops at current conditions 

Crop  Climatic factors Code Percentage of contribution (%) 

 

Enset 

Precipitation of Wettest Month Biol-13 81% 

Temperature Annual Range Biol-7 14.1% 

Precipitation of Driest Month Biol-14 4.9% 

Maize Temperature Annual Range Biol-7 48.5% 

Precipitation of Coldest Quarter Biol-19 32.5% 

Temperature Seasonality Biol-4 13.8% 

Min Temperature of Coldest Month Biol-6 4.8% 

Mean Temperature of Driest Quarter Biol-9 0.4% 

Wheat Precipitation of Wettest Month Biol-13 88.1% 

Precipitation of Driest Month Biol-14 11.9% 

4.13.3. Future Environmental Factor (Bio climate) and the fate of crops 

4.13.3.1. 2021-2040(SSP2-4.5) 

The results of the jackknife test in Figure 33 showed the dominant Bio-climatic (environmental factors) 

factors that influence the future distributions of crops at Bilate watershed. Accordingly, Biol-

13(Precipitation of Wettest Month), Biol-16(Precipitation-of-Wettest-Quarter), Biol-19(Precipitation-

of-Coldest-Quarter), Biol15 (Precipitation Seasonality), Biol-12(Annual Precipitation) were the top-

ranking Environmental factors that determine the distributions of Enset. The Bio-climatic contributors 

that regulate the distribution of Maize at the watershed are Biol-7(Temperature Annual Range), Biol19 

(Precipitation of Coldest Quarter), Biol-15(Precipitation Seasonality), Biol-16(Precipitation of Wettest 

Quarter), Biol-13(Precipitation of Wettest Month), Biol-6(Min Temperature of Coldest Month) and 

Biol2(Mean Diurnal Range) whereas Biol-13(Precipitation of Wettest Month), Biol-16(Precipitation 

of Wettest Quarter), Biol-19(Precipitation of Coldest Quarter), Biol-12(Annual Precipitation)Biol-
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1(Annual Mean Temperature), Biol-6(Min Temperature of Coldest Month) and Biol-11(Mean 

Temperature of Coldest Quarter) for in the period from 2021-2040 by ssp2- 4.5.   

a b c  

                                                                                  

 

 

 

Figure 33: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat 

cultivation: Regularized training gain defines how well the model distribution fits the presence data compared 

to a consistent distribution. the light blue bars (without variable ) show the gain lost when the variable is far 

away from the model, while the dark bars (with just one variable) indicate the gain from employing a variable in 

isolation, and  the red bar (with all variables) indicates the gain in using all variables in the model a) Enset, b) 

Maize and c) Wheat 

 

Table: 21 Shows the contributions of 19Bio climate factors for the distributions of the chosen crops for 

this particular investigation. Accordingly, all the Environmental factors are contributing at different 

levels of influence. Precipitation of Wettest Month (Biol-13) is that the top ranking factors that 

contribute for Enset (81%), Temperature Annual Range (Biol-7) contributes by(14.1%) and 

Precipitation of Driest Month (Biol-14) contributes(4.9%), Concerning the distributions of Maize, 

Temperature Annual Range(Biol-7) by 48.5%, Precipitation of Coldest Quarter(Biol-19) by 32.5% 

Temperature Seasonality(Biol-4),18.8%, Min Temperature of Coldest Month(Biol-6), by (4.8%) Mean 

Temperature of Driest Quarter (Biol-9) by (0.4%) and Precipitation of Wettest Month (Biol-13), 

contributed by 88.1%, Precipitation of Driest Month (Biol-14) contributed by 11.9% for the 

distributions of Enset within the initial periods of SSP4.5. 
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Table 21: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors C  Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81% 

Temperature Annual Range Biol-7 14.1% 

Precipitation of Driest Month Biol-14 4.9% 

Maize Temperature Annual Range Biol-7 48.5% 

Precipitation of Coldest Quarter Biol-19 32.5% 

Temperature Seasonality Biol-4 13.8% 

Min Temperature of Coldest Month Biol-6 4.8% 

Mean Temperature of Driest Quarter Biol-9 0.4% 

Wheat Precipitation of Wettest Month Biol-13 88.1% 

Precipitation of Driest Month Biol-14 11.9% 

4.13.3.2. 2021-2040(SSP5-8.5):  

Figure 34 revealed the top-ranking environmental factors that determine the distributions of crops on 

the initial phases of SSP58.5.The result confirmed that Biol-13, Biol-16, Biol19, Biol15, Biol12, and 

Biol7 for the distributions of Enset, Biol-7, Biol19, Biol15, and Biol-13 for maize and Biol-13, Biol-

16, Biol-19, Biol1, and Biol6 were the dominant factors that influence crops. 

                                       

Figure 34: jackknife test showing potential climatic contributors to the suitability of Enset,   maize, and wheat 

cultivation: Regularized training gain defines how well the model distribution fits the presence data compared 

to a consistent distribution. the light blue bars (without variable ) show the gain lost when the variable is far 

away from the model, while the dark bars (with just one variable) indicate the gain from employing a variable in 

isolation, and the red bar (with all variables) indicates the gain in using all variables in the model a) Enset, b) 

Maize and c) Wheat. 
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Table 22 shows that Biol-13(81%), Biol-7(14.1%) and Biol-14(4.9%) for Enset, Biol-7(48.5%), Biol-

19(32.5%), Biol-4(18.8%), Biol-6 (4.8%), Biol-9(0.4%) for maize and Biol-13(88.1%), Biol-

14(11.9%) for wheat are determining factors for the distributions.  

Table 22: Contributions of environmental variables 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81% 

Temperature Annual Range Biol-7 14.1% 

Precipitation of Driest Month Biol-14 4.9% 

Maize Temperature Annual Range Biol-7 48.5% 

Precipitation of Coldest Quarter Biol-19 32.5% 

Temperature Seasonality Biol-4 13.8% 

Min Temperature of Coldest Month Biol-6 4.8% 

Mean Temperature of Driest Quarter Biol-9 0.4% 

Wheat Precipitation of Wettest Month Biol-13 88.1% 

Precipitation of Driest Month Biol-14 11.9% 

4.13.3.3.2041-2060(SSP2-4.5):   Figure 35 shows that Biol-13, Biol-16, Biol-19, Biol-15, Biol-12, and 

Biol7 are the top-ranking environmental factors affecting the distribution of Enset, Biol-7, Biol-19, 

Biol-15, Biol-16, and Biol-13 are  important influencing Maize and Biol-13, Biol-16, Biol-19 and 

Biol-12 are the most important environmental factors determine the distributions of wheat SSP2-4.5.                                                                                                        

Figure 35: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat cultivation. 

Regularized training gain defines how well the model distribution fits the presence data compared to a consistent 

distribution. the light blue bars (without variable ) show the gain lost when the variable is far away from the model, while 

the dark bars (with just one variable) indicate the gain from employing a variable in isolation, and the red bar (with all 

variables) indicates the gain in using all variables in the model a) Enset, b) Maize and c) Wheat. 

   

                                                       



90 | P a g e  
 

Table: 23 shown that (Biol-13) (81%), Biol-7(14.1% and Biol-14(4.9%) the contributions of 

environmental variables for Enset, (Biol-7(48.5%), Biol-19(32.5%, Biol-4(13.8%), environmental 

variables that influencing maize, and Biol-6(4.8%) and Biol-13(0.4%) for wheat. 

Table 23: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 

Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 

Min Temperature of Coldest Month Biol-6 4.8 

Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 

4.13.3.4. 2041-2060(SSP5-8.5)  

Figure 36 Proves that the Environmental variables obtained from the jackknife test have shown that 

Biol-13, Biol-16, Biol-19, Biol-15, Biol-12, and Biol7 are the top-ranking environmental factors that 

determine the distribution of Enset, Biol-7, Biol-19, Biol-15, Biol-16, and Biol-13 are the dominant 

Bioclimatic factors  for the flourishing of Maize at the watershed and Biol-13, Biol-16, Biol-19 and 

Biol-12 are the  important environmental factors that determine the distributions of crops in SSP2-4.5 

     

                                       

Figure 36: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat cultivation. 
Regularized training gain defines how well the model distribution fits the presence data compared to a consistent distribution. the light 

blue bars (without variable ) show the gain lost when the variable is far away from the model, while the dark bars (with just one variable) 



91 | P a g e  
 

indicate the gain from employing a variable in isolation, and the red bar (with all variables) indicates the gain in using all variables in the 

model a) Enset, b) Maize and c) Wheat. 

Table: 24 specified the Bioclimatic variable that controls the future distributions of the crops. All the 

19 Environmental variables aren't equally influencing the distributions of crops. Here we've presented 

only the very best ranking variable in determining the distributions of crops within the study period. 

Accordingly, Precipitation of Wettest Month contributes by (81%), Temperature Annual Range 

(14.1%), and Precipitation of Driest Month (4.9%). Concerning, maize, Temperature Annual 

Range(48.%%), Precipitation of Coldest Quarter(32.5%) and Temperature Seasonality(13.8%), Min 

Temperature of Coldest Month(4.8%) and Mean Temperature of Driest Quarter(0.4%) whereas, 

Precipitation of Wettest(88.1) and Month Precipitation of Driest Month(11.9%) are the most vital 

environmental factors that determine the distributions of crops in 2041-2060(SSP5-8.5)  

Table 24: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 

Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 

Min Temperature of Coldest Month Biol-6 4.8 

Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 

4.13.3.5. 2061-2080(SSP2-4.5) 

The jackknife test in Figure 37 illustrates the distributions of crops in the ssp24.5 in 206102080. 

Accordingly, the result showed similar Bioclimatic variables with figure 20. variables that influence 

the distributions of the Enset is Biol-13, Biol-16, Biol-19, Biol15, Biol-12, and Biol-7, while the 

Bioclimatic variable that determines the distributions of Maize are Biol-7, Biol-19, Biol-15, Biol-13, 

Biol-6, Biol-2, and Biol-11 respectively, whereas,  Biol-13, Biol-16, Biol-19, Biol-12, Biol-1, Biol-6, 

and Biol-11 were the most environmental factors that regulate the distributions of wheat. 
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Figure 37: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat cultivation: 

Regularized training gain defines how well the model distribution fits the presence data compared to a consistent 

distribution. the light blue bars (without variable ) show the gain lost when the variable is far away from the model, while 

the dark bars (with just one variable) indicate the gain from employing a variable in isolation, and  the red bar (with all 

variables) indicates the gain in using all variables in the model a) Enset, b) Maize and c) Wheat 

 

Precipitation of Wettest Month (81%), Temperature Annual Range (14.1%) and Precipitation of Driest 

Month (4.9%) for Enset, Temperature Annual Range(48.%), Precipitation of Coldest Quarter(32.5%) 

&Temperature Seasonality(13.8%), Min Temperature of Coldest Month(4.8%) for maize and Mean 

Temperature of Driest Quarter(0.4%) whereas, Precipitation of Wettest(88.1) and Month Precipitation 

of Driest Month(11.9%) for wheat are vital factors that determine crop distributions(Table:25).  

Table 25: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 

Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 

Min Temperature of Coldest Month Biol-6 4.8 

Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 



93 | P a g e  
 

4.1.13.3.6. 2061-2080(SSP5-8.5) 

Figure 38 Reveals that the dominant climate factors that affect the distributions of crops on in of 2061-

2080 in SSP58.5 were Biol-13,Biol-16,Biol-19, Biol15,Biol-12 and Biol-7 for Enset, Biol-7,Biol-19, 

Biol-15, Biol-16 Biol-13, Biol-6 and Biol-2 for Maize and Biol-13,Biol-16, Biol-19,Biol-2,Biol-1 and 

Biol-9 for Wheat respectively.  

 

                                                      
Figure 38: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat cultivation. 

 Regularized training gain defines how well the model distribution fits the presence data compared to a consistent distribution. the light 

blue bars (without variable ) show the gain lost when the variable is far away from the model, while the dark bars (with just one variable) 

indicate the gain from employing a variable in isolation, and  the red bar (with all variables) indicates the gain in using all variables in 

the model a) Enset, b) Maize and c) Wheat 

 

The percentage share of each of the Bioclimatic factors as explained in Table 26, As a result, 

Precipitation of Wettest Month (Biol-13) contributes by 81%, Temperature Annual Range (Biol-7), by 

14.1%, and Precipitation of Driest Month (Biol-14) contributes by 4.9%. Bioclimatic variable 

contribution for Maize is Temperature Annual Range (Biol-7), Precipitation of Coldest Quarter (Biol-

19), Temperature Seasonality (Biol-4) by13.8%, and Min Temperature of Coldest Month (Biol-6) by 

4.8% Mean Temperature of Driest Quarter (Biol-9) and Precipitation of Wettest Month (Biol-13) by 

88.1%, and Precipitation of Driest Month (Biol-14) by 11.9% 
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Table 26: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 

Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 

Min Temperature of Coldest Month Biol-6 4.8 

Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 

4.13.3.7. 2081-2100(SSP2-4.5) 

Figure 39 shows the analysis of the jackknife test to examine the contribution of specific climatic 

factors to the influence of Bio-climatic variables influencing the future distribution of crops under 

consideration. The extended deep blue stripe indicates higher contributing environmental variables in 

the jackknife test, and its influence on the cultivation distribution of crops, Accordingly Biol-13, Biol-

16, Biol-19, Biol-15, Biol-12, and Biol-7 are the contributing Environmental factors for ENSET, Biol-

7, Biol-19, Biol-15, Biol-16, Biol-13and Biol2/3 are the major influencing Bio-climates for Maize 

whereas, Biol-13, Biol-16, Biol-19, Biol-12, Biol-1, and Biol-1 are among the top-ranking Bioclimatic 

components that determine the future distribution wheat in the periods of 2081-2100 in SSP24.5. 

 

                                                            
Figure 39: jackknife test for potential climatic contributors to the suitability of Enset, Maize, and wheat cultivation 
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Regularized training gain defines how well the model distribution fits the presence data compared to a consistent distribution. The light blue bars 

(without variable)  Show the gain lost when the variable is far away from the model, while the dark bars (with just  One Variable) indicate the gain from 

employing a variable in isolation, and the red bar (with all variables) indicates the gain in using all variables in the model a) Enset, b) Maize and c) Wheat 

Precipitation of Wettest Month (Biol-13) 81%, Temperature Annual Range (Biol-7)14.1%, and 

Precipitation of Driest Month (Biol-14)4.9% were best variables for Enset. Temperature Annual 

Range Biol-7(48.5), Precipitation of Coldest Quarter (Biol-19) by32.5% Temperature Seasonality 

(Biol-4)13.8%, Min Temperature of Coldest Month (Biol-6) by 4.8% & Mean Temperature of Driest 

Quarter (Biol-9)0.4% for Maize.  Precipitation of Wettest Month (Biol-13) 88.1%andPrecipitation of 

Driest Month (Biol-14) 11.9 for wheat (Table: 27).  

Table 27: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop Type Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 

Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 
Min Temperature of Coldest Month Biol-6 4.8 
Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 

 

4.13.3.8. 2081-2100(SSP5-8.5): Figure 40 demonstrates the future distribution of crops commonly 

cultivated at the Bilate watershed. The forecast indicated those Future environmental parameters 

which strongly influence the distributions of the crop are Biol-13, Biol-16, Biol-19, Biol-15, Biol-12, 

and Biol-17 for Enset, Bil-7, Biol-19, Bilo-15, Biol-16, Biol-13, Biol6, and 2 for Maize and Biol-13, 

Biol-16, Biol-19 and Biol-6 for wheat.  

 

Figure 40: jackknife test showing potential climatic contributors to the suitability of Enset, maize, and wheat cultivation: 
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Regularized training gain defines how well the model distribution fits the presence data compared to a consistent distribution. the light blue bars (without 

variable ) show the gain lost when the variable is far away from the model, while the dark bars (with just one variable) indicate the gain from employing a 
variable in isolation, and  the red bar (with all variables) indicates the gain in using all variables in the model a) Enset, b) Maize and c) Wheat 

 

All the Environmental factors are not uniformly affecting the future distributions of crops under 

consideration. Precipitation of Wettest Month (Biol-13) by  81%, Temperature Annual Range (Biol-7), 

by 14.1%, Precipitation of Driest Month (Biol-14) contributed by 4.9% for Enset, while Temperature 

Annual Range (Biol-7) by 48.5% Precipitation of Coldest Quarter (Biol-19) by 32.5% Temperature 

Seasonality (Biol-4) 13.8%, Min Temperature of Coldest Month (Biol-6), Mean Temperature of Driest 

Quarter (Biol-9) by 0.4% for Maize, whereas, Precipitation of Wettest Month (Biol-13) by 88.1%, 

Precipitation of Driest Month (Biol-14) by 11.9% (Table 28).                                                             

Table 28: Contribution of potential Bio-climatic factors that affect the distribution of crops 

Crop  Climatic factors Code Percentage of contribution (%) 

Enset Precipitation of Wettest Month Biol-13 81 

Temperature Annual Range Biol-7 14.1 

Precipitation of Driest Month Biol-14 4.9 

Maize Temperature Annual Range Biol-7 48.5 
Precipitation of Coldest Quarter Biol-19 32.5 

Temperature Seasonality Biol-4 13.8 
Min Temperature of Coldest Month Biol-6 4.8 
Mean Temperature of Driest Quarter Biol-9 0.4 

Wheat Precipitation of Wettest Month Biol-13 88.1 

Precipitation of Driest Month Biol-14 11.9 

 

4.14. Spatial distributions and crop suitability based on current and future scenario  

These sections of the study have emphasized the spatial movement of the crops and the climatic 

suitability for the selected crops in the watershed (SSSP2-4.5 and 5-8.5). The analysis was done by 

training the MaxEnt model for looking at the features of the crops. Accordingly, 172 species presence 

points in combination with the Bioclimatic factors were analyzed. Then the climatic suitability for the 

crops under consideration was interpreted in Quantum Gis latest (3.18) version. The probability of 

species presence was represented as P. value for areas suitability (unsuitable p < 0.05, less suitable 

0.05 p < 0.33, suitable with 0.33 p < 0.66 and optimum with p > 0.66)   
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As illustrated from the result in (Figure 41), the future suitability was done using current conditions as 

a base. In the current conditions the areas with deep green shade which mainly lay at the central part of 

the study watersheds with suitability grade of (>0.7), the areas with Red shed suitability values (<0.18) 

which is found to be not suitable for Enset cultivations and distribution on the current conditions, 

whereas at the values in between are averagely suitable for Enset distribution (Figure 42),  As we can 

understand from the Figure 42 plot ―a‖ a dramatic movement on the distribution of Enset observed. 

The southern areas of the study site were found to be highly suitable for Enset distributions in both 

SSP4.5 and 8.5 scenarios (Figure 42 a-i). The comparison was made based on the spatial map 

depicting the current distributions and Future distributions accordingly the southern Tips in all most all 

SSPs except ssp2-4.5 and ssp5-8.5 found to be the hot spots of the Enset distribution (Figure 41and 

Figure 42). 

4.14.1. Current suitability of Enset 
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Figure 41) spatial map illustrating the   Current Distribution and suitability of Bilate watershed for of Enset 

(green shed indicates the GCP for species presence point)
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4.14.1.1. Future distributions of ENSET 

a)                                                                                                                                                                                                                e)                                                      

 

 
      b)                                                                                                                                                                                       f) 

  
c)                                                                                                                                                                            g)   

 
d)                                                                                                                                                                                       h) 

Figure 42) Future distributions of Enset at Bilate watersheds;                                                                                      

a) SSP4.5 (2021-2040 b) SSP4.5(2041-2060),c)SSP4.5(2061-2080), d)SSP4.5(2081-2100), 

e)SSP8.5(2021-2040,f)SSP8.5(2041-2060),g)SSP8.5(2061-2080), h)SSP8.5(2081-2100). 
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4.14.2. Current Suitability for Maize 

Figure 43 shows the spatial distribution of Maize at Bilate watershed in the future period using 

the current conditions as a base. The spatial forecast map in (Figure 44: plot a-i) has shown the 

distributional patterns of Maize on two climates' latest climate scenarios. Accordingly, the 

majority of the areas in the watershed were found to be less suitable for maize crop distributions. 

The wider areas the spatial map painted with red deep red shade shows unsuitability of the areas 

in the watershed for maize to cultivate in the future. The interesting thing we have noticed from 

the spatial map is the moving suitability of maize. In the current conditions, the central part of 

the watershed is suitable for maize production with a probability value that ranges from highly 

suitable (P>0.72) to less suitable (<0.1). However, the distributions of maize move to the areas to 

the north and the south in different periods which was less suitable for maize to be distributed in 

the current conditions. The areas with brown and light blue colors are averagely suitable for 

maize to be cultivated (Figure 43 and Figure 44a-h).   

 

Figure 43) spatial map illustrating the   Current Distributions of Maize 
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4.14.2.1. Future suitability of maize  

 
a)                                                                                                                                                                                                                e) 

 
b)                                                                                                                                                                                                                   f) 

 
c)                                                                                                                                                                                                                      g) 

 
d)                                                                                                                                                                                                                  h) 

Figure 44) Future distributions of Maize at Bilate watersheds : a) SSP4.5 (2021-2040 b) SSP4.5(2041-

2060),c)SSP4.5(2061-2080), d)SSP4.5(2081-2100), e)SSP8.5(2021-2040,f)SSP8.5(2041 

2060),g)SSP8.5(2061-2080), h)SSP8.5(2081-2100). 
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4.14. 3. Current Suitability of Wheat  

Figure 45a-i: Illustrated the spatial distributions of wheat at Bilate watershed in the future periods 

based on current and future latest climate scenarios. As it‘s can be detected from the spatial map, 

the central part and the Northwestern corner of the study site optimally suitable for the 

distributions of wheat on the current conditions (Figure 46). On the periods of 2021-2040 and 

2081-2100 on both SSP 2-4.5 and 58.5, the areas located at the southern are highly suitable for 

wheat to be distributed with a suitability grade of ( P>0.5), which is indicated with deep green 

shade on the spatial map. In these two periods, the distribution of wheat moves to the south parts 

of the watersheds. The area with light blue /brown shade indicts less suitability of the areas for 

the productivity of Wheat in the watershed with (P: 0.33 to 0.4) (Figure 45and Figure 46). 

 

 

Figure 45) Future distributions of wheat at Bilate watersheds with suitability grade in current conditions. 
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4.14.3.1. Future Suitability of Wheat 

 
a)                                                                                                                                                                                   e) 

 
b)                                                                                                                                                                                          f) 

 
c)                                                                                                                                                                                                      g) 

 
d)                                                                                                                                                                                                         h) 

 

Figure 46) Future distributions of wheat at Bilate watersheds: a) SSP4.5 (2021-2040 b) SSP4.5(2041-

2060),c)SSP4.5(2061-2080), d)SSP4.5(2081-2100), e)SSP8.5(2021-2040,f)SSP8.5(2041-2060),g)SSP8.5(2061-

2080), h)SSP8.5(2081-2100). 
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CHAPTER FIVE: DISCUSSION 

5.1. Seasonal Rainfall variability   

The rainfall patterns of Ethiopia are mainly exhibited uni-modal, bimodal, and tri-modal patterns 

(Eklundh and Pilesjö, 1990). The study area is known for its bimodal patterns of rainfall, taking 

advantage of both spring and summer rainfall which is short and main rainy season of the 

majority of southern Ethiopia. The area receives maximum precipitations during the summer 

season locally termed as Kermit. The second main season to the study site is spring locally 

termed as Belg. It was found that there‘s an inter-annual variability of rainfall at the whole 

watershed. The rainfall varies from season to season and continues to vary. A rapid decline in 

precipitation was detected, mainly affecting the crop and livelihood sectors. Generally, it could 

adversely affect the livelihood of the farming community. A decreasing trend of precipitation 

was observed within the whole study period at the watershed on a seasonal basis. The study 

suggested that rainfall is the dominant limiting factor for agriculture to be affected.  The fact that 

there are high correlations between cereal production and rainfall where farmers are susceptible 

to food insecurity associated with rainfall variability (Bewket, 2009) 

The seasonal characteristics of rainfall have shown a point decline for all seasons with a slight 

increase of spring precipitation at the entire years of the study period. It was found that there 

have been variations in rainfall distributions contributing to the already happening climate 

variability and change. The previous study confirmed that the mean annual and summer/Kiremt 

rainfall over Ethiopia have shown a decreasing trend on the average by 101.19mm and 92.61 

mm, respectively (Asfaw et al., 2018) and this study is against the findings of (Tegegne et al., 

2021; Wodaje et al., 2016), describes no trend of rainfall and varying trends in Ethiopia, 

However, this study confirmed that there's a decreasing trend of seasonal Precipitation. The 

winter seasons of the years 1982 and 1997 were exceptional years with surplus precipitation, 

usually, winter may be a season and no more precipitation is predicted and experienced within 

the watershed, which is often probably due to the conditions over the ocean.  One can 

confidently say that the rainfall distribution at Bilate Watershed has shown a declining trend 

continuously, however, the variability of spring is higher in many of the years with a negative 

anomaly in the last decades of the study period.  
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The seasonal and annual precipitation within the watershed at each season found that highly 

variable among the seasons. The typical variation of rainfall over the entire watershed was 

(42.7%), which indicates that the area is found to be one among the prone areas for the 

occurrence of recurrent drought (Addisu et al., 2015) Because it is explained that rainfall shows 

high seasonal and annual rainfall variability. The seasonal and annual rainfall distribution varies 

across seasons. The rainfall fluctuation of Kermit season (CV=15.3-69.7%). From the findings, it 

is not hard to say that the rainfall distribution within the watershed is very variable. Among the 

season‘s summer/JJAS rainfall has shown less variability than others. It‘s evident that this 

finding is supported by (Zarch et al., 2015), it had been observed that nearly all study seasons 

have  CV>30% indicating higher rainfall variability. The earlier study noted that areas with 

rainfall variability >30% are susceptible to climatic catastrophes (Porter and Semenov, 2005; 

Yang et al., 2019). Hence, it seems clear that within the watersheds cereal crop production was 

adversely suffering from rainfall irregularity and indicating the direct correlations with the 

rainfall distributions. Both spring and summer rainfall has shown a decreasing trend and 

contributed to the prevailing climate variability and change to Bilate Watershed in particular and 

Ethiopia generally. The seasonal and annual rainfall is demonstrating significant decreasing 

trends for both spring and annual. The trends of summer and winter were weakly significant. 

From the findings, one can say that the rainfall pattern is showing a rapidly declining trend at 

Bilate watershed. A previous study proved that there are both decreasing trends of precipitation 

in many parts of the country. The seasonal trend in Ethiopia was decreased by 30 - 40%, which 

can influence the regional climate systems (Cheung et al., 2008; Seleshi et al., 2006). 

5.2. Temperature Variability  

Observations have shown that global average surface temperatures are sharply rising since the 

mid-1970s. The upward trend in simulated tropospheric temperatures is caused by an 

enhancement of the tropical hydrologic cycle driven by increasing tropical ocean temperatures.  

The natural climate variability is evidenced from model results, indicating observed climate 

trends in contemporary decades (Graham, 1995). Concerning the seasonal trends of temperature, 

within the Bilate watershed, a rapid increase was observed. The study confirmed that both the 

spatial and temporal distribution and trends of temperature at Bilate watershed within the past 

three decades demonstrate an increasing trend of the seasonal average temperature. It was noted 
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that spatial and temporal variation in temperature distribution were detected, probably this is due 

to the prevailing altitudinal contrast. UNDP 2014, reported that mean annual temperature has 

increased by 1.3°C between 1960 and 2006, a mean rate of 0.28°C per decade. The trends of 

summer temperature are rapidly increasing at a rate of 0.32°C per decade. The daily and monthly 

temperature observations show significantly increasing and far larger increasing trends within 

the frequency hotter condition (Alemayehu and Bewket, 2017). 

 The minimum temperature in the early decades of the study periods showed a sharp decline, 

however, from 1985 onwards the temperature designates a continuing increasing trend, even to 

the extent that harms cultivation of crops and agriculture due to insufficient moisture. 

Statistically, all the seasons proved that strongly significant trends were recognized (α < 0.05). 

From the investigation, it becomes vital to acknowledge how this might also complicate the 

ecological setup/ environments and people‘s life if such a trend undergoes. This study is in 

agreement with various earlier studies that discuss temperature trends in Ethiopia indicating an 

increase by 20% within the past few decades. The trends of mean maximum and minimum 

temperatures are sharply snowballing (Esayas et al., 2018; Maqhuzu et al., 2020). 

The mean record of spring has shown an increasing tendency in mean (minimum and maximum) 

temperature. The characteristics of minimum temperature are exclusive to the valley floor which 

increased statistically but not within the highly elevated agro-ecologies. Thus we will assume 

that the speed of warming was generally higher on the lower areas like Bilate Tena, Alaba, 

Wulberag areas of the study site than the mountainous areas of the watershed like Angacha, 

Durame, and Hosanna which have shown a declining trend, this is probably due to their 

agroecological setups. Previous studies are in agreement with the findings of the study which 

revealed that the mean maximum and minimum temperature in Ethiopia increased by 

0.4°C/decade, but the mean minimum temperature remained moderate. Overall, the trends of 

warm extremes are increasing and cold extremes are decreasing, suggesting a big warming trend 

at Bilate watershed. The study is in line with the findings of (KIFLE DEMISSIE, 2019). 

5.3. Drivers of Seasonal Rainfall and Temperature variability  

Studies have shown that the seasonal patterns of precipitation and Sea Surface Temperatures 

were highly interconnected with the seasonal rainfall within the tropical areas, the Niño regions 
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of the equatorial Pacific, South Atlantic, and North Atlantic indices are strongly determining the 

rainfall and temperature features of Ethiopia. El Niño Southern Oscillation (Fan et al., 2018) 

Playing a dominant role in northeastern, eastern, and southern Africa (Camberlin et al., 2001). 

The Weather Conditions over the sea are the main driving force for the variability of seasonal 

rainfall and temperature. The variability of (SST) brought inter-annual and inter-seasonal 

variations based on the intensity of blowing winds (Segele et al., 2009).  In Ethiopia, the long 

rainy season is exhibited during summer which comprises months of (JJAS), the main rainy 

season begins during the spring and comprises months of (FMAM) and dry/winter/season 

encompasses (ONDJ) has shown higher variability. The seasonal migration of the ITCZ, warm 

low-pressure over the Arabian landmasses, Sub-tropical high pressure, the movement of 

equatorial moist winds from the southern, central, and equatorial parts of the Indian Ocean to 

tropical Africa, and the movement of upper-level tropical easterly and the low-level Somali jet 

are among the major meteorological aspects bringing rainfall to Ethiopia (Diro et al., 2011a). 

El Niño/Southern Oscillation and Indian Ocean Dipole (IOD) have an important effect on the 

seasonal rainfall circulations over Ethiopia (Gissila et al., 2004). SSTs of the Pacific and the 

Indian Ocean, the Gulf of Guinea, and the southern Atlantic Ocean are known to affect the 

summer rainfall distributions of Ethiopia. The condition of the sea is highly correlated with local 

precipitation patterns over Ethiopia (Alhamshry et al., 2020a; Camberlin, 1997). The result 

ascertains the presence of a strong correlation between the sea surface temperature and the 

distributions of local rainfall at Bilate watershed. Previous studies have shown that Kermit 

rainfall deficits were observed during El Niño‘s years and the conditions were strongly 

controlled by upper-level circulation changes (Gleixner et al., 2017; Henderson and Maloney, 

2018). The variability and decline were not uniform across the study periods. As it is 

demonstrated in this study, the distribution of annual rainfall during the El Niño years was highly 

affected and has shown greater variability. From this one can say that El Niño years and Local 

rainfall distributions were highly correlated, i.e. little distortion on weather conditions over the 

sea causes a serious impact on the distributions of local rainfall and temperature. The study 

attempts to explain the characteristics of local rainfall and its link with global weather conditions 

over the wider water bodies on the equatorial Eastern Pacific and the Indian Ocean even termed 

as (ENSO: IOD). As research suggested that the patterns of seasonal and annual rainfall 
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distribution over Ethiopia are highly determined by the weather conditions over the sea (SST) 

which is in line with the findings of (Jury and Funk, 2013).                    

The result demonstrated that both spring and summer rainfall anomalies are strongly linked to 

ENSO and IOD phases. The rainfall pattern at Bilate watershed benefits from the two systems 

(ENSO and IOD). The area receives a bimodal rainfall by its nature and is highly interlinked 

with the weather condition thousands of kilometers far away in the eastern equatorial Pacific 

Ocean and connected through Teleconnection and its closeness to the Indian Ocean (200km). 

The northeastern parts of the watershed are more fortunate to spring and summer rainfall than 

others, however, the rest of the areas are not equally beneficial due to their leeward side and 

orographic nature. Seasonal and inter-annual correlations among regional rainfall and circulation 

indices suggest that positive/negative Kiremt anomalies are strongly linked to ENSO. The 

drought in the study site coincides with warm anomalies in the equatorial Pacific corresponding 

to El Niño and wet anomaly for moist year‘s corresponding LA Niña (cold) and the positive/ 

negative to IOD. 

 

The result, indicated that spring rainfall and ENSO are positively correlated but weakly 

significant. Likewise, the pattern of summer rainfall distribution and its correlation with the 

conditions over the Sea (Du et al., 2013; Fan et al.) strongly significant and positively correlated 

with the local rainfall distribution of Kiremit rainfall i.e. the disturbance in weather condition 

over both phases (warm and cold) causes fluctuations to the local rainfall and complicate the 

rainy dependent agriculture. The study confirmed that seasonal anomalies of Ocean basins are 

strongly linked with Ethiopians spring and summer rainfall via large-scale circulation. A -

/+/positive  SSTA over equatorial east  Pacific alters the rain-producing large-scale circulation 

over Ethiopia, which is significantly correlated with dry/wet events in spring and wet/dry events 

in summer (Segele et al., 2009; Zeleke et al., 2013a). 

Both spring and summer rainfall is found to be significant for the spring season and positively 

correlated. However, the case of summer season IOD is not statistically significant at Bilate 

watershed.  This may be due to the assumption that the (Nino3.4 SST) is inducing Kiremt rainfall 

and the equatorial Pacific is the dominant source of rainfall for the majority of Ethiopian summer 

rainfall regimes of the country. El Niño, the warmest conditions on the sea is among the major 

After-Defense/Last/PH.D/F.DD/1-last/External/Ready-for%20-pre-defense/Final%20PhD/New---2/Downloads/Zeleke,#_blank
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driving forces which seriously affect the Local rainfall distribution. Past studies have shown that 

there is strong a correlation between summer rainfall and global SST. A strong teleconnection 

relationship between ENSO and concurrent summer rainfall in Ethiopia was investigated which 

is quite true to Bilate watershed. The summer rainfall tends to be enhanced when the SST 

warming/cooling is limited to either the Northern /Southern Indian Ocean SST, which is 

confirmed that the linkages between SST and decadal rainfall anomalies were strongly linked to 

SST (Diro et al., 2011b; Gissila et al., 2004). As the sea's surface temperature gets less than or 

equals to-0.5
o
c the local rainfall is decreasing and sometimes resulted in the complete absence of 

precipitation for the area and the people are subjected to recurrent drought. As the result 

demonstrated there is an immediate decline in rainfall variability and shortening the frequency of 

drought. When both summer and spring rain failed irreversible disasters were happened to the 

farming community and resulted in the loss of life and property. Crop production was completely 

failed and farmers become dependent on both Local and International aid-providing agencies.  

5.4. Drought Analysis  

Drought is a recurring natural hazard described as having below-normal precipitation for a 

prolonged period ranging from months to years (Dai et al., 2009). Drought occurs as a result of 

numerous variables acting on multiple time scales and varies with spatial location and temporal 

seasons; thus, drought can have impacts on various sectors especially on agriculture and 

ecosystems (Hao and Singh, 2015; Heim Jr, 2002). This study clarifies drought characteristics at 

Bilate watershed during 1981–2016 using two commonly used meteorological drought indices: 

standardized precipitation index (SPI) and standardized precipitation-evapotranspiration index 

(SPEI). It was found that the districts hit by the moderately dry condition in all parts of the 

watershed, the highest frequency of moderate dry events observed at southeast (Bilate Tena), 

southwest (W/Sodo), and northern tip(Wulberag) districts. Other parts of the watershed 

experience a medium level of drought frequency except for a very low frequency of occurrence 

at the eastern part. Regarding severe drought events, except for very few places at the north and 

southern tips, all parts of the watershed show moderately dry conditions. Previous studies 

demonstrate complex spatial patterns on the frequency and magnitude of drought events 

observed for all timescales and intensity classes. Low-lands, areas are more susceptible and face 

more challenges of drought. Drought events and their negative effects are highly localized and 
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require local-scale drought management options. The lowland areas are hit by frequent and 

severe drought (Degefu and Bewket, 2015b). 

The event of drought is not uniformly distributed across the study watershed. The eastern and 

central parts were hit by severe frequency. The western part displayed extreme drought vary a 

few times. Except for areas in the north, central, and south other parts of the watershed 

experience moderate wet conditions with less frequency. Extremely severe drought has happened 

in many parts of the watershed. A previous study confirmed that drought happens when 

Precipitation deviates from its normal for consecutive months particularly its effect was boldly 

seen during cropping season (Yao et al., 2020).  

The events of droughts were succeeded by food shortage and disorder that resulted in 

fundamental departure and changes within the geographic pattern of inhabitant‘s Ethiopia 

(Worku and Sahile, 2017). Drought development depends critically on the behavior of SSTs in 

the tropical and Indian Oceans SST. The coincidence of drought events at the Bilate watershed 

in1982, 1986, 1991, 1992, 1994, 2003, and 2009 year linked to the SST (Lyon, 2014). In 

Ethiopia rainfall has become more erratic and the frequency of drought has increased. Drought 

occurred once every 7 to 10 years but it was found that droughts occur now every 3 to 4 years 

and the frequency of the drought episodes occurrence is highly frequent (Kassie, 2014). Bilate 

watershed where this investigation has conducted all forms of drought took place. The watershed 

is divided into three agro-ecological zones (High land, midland, and low land) to have a 

simplified explanation of drought. From Highland agroecology Angacha and Kedida Gamella 

from(Kembata zone and Hossana from Hadiya zone stations, drought condition usually 

mentioned that moderate drought condition was observed, at the Mild agroecology which 

encompasses Wulberag(parts of silite), Alaba and parts of Bilate_Tena  from  Welayita zone. 

The short-term drought in both the SPEI-03 and SPI-03, moderate drought conditions exhibited 

in all parts of the watershed accept some areas in the north and southeast with more frequency of 

drought occurrence.  Severe drought hit most parts of the watershed experience extreme drought 

for some time.  The study confirmed that Moderate drought is more intense and frequent in the 

southwest parts of the watershed. A prior study indicated that in the horn of Africa severe 

drought affected since 2005. Dryness has been substituted by extreme wetness. The occurrence 
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of extreme dryness and unexpected change between extremes is one of the natural calamities to 

the countries in the Horn of Africa (Nicholson, 2014). The northern and central parts of Bilate 

watershed experience extreme drought. 1986 and 1988 were hit by Moderate drought. The 

watershed was seriously affected by extreme drought in 1999, 1984,2000,2008,2012, and 2015. 

The previous study confirmed that the dryness condition is getting high in the recent decades and 

precipitations deficiency was observed in Ethiopia (Dutra et al., 2013).  

5.5. Characteristics of drought events: frequency and severity at SPEI-12 scale 

To monitor the occurrence of drought one should know the details and characteristics of spatial 

patterns of precipitation and its magnitude. To evaluate wetness or dryness SPEI is one of the 

important tools and is mainly used for countries of East Africa. For the sake of this investigation, 

both short-term and long-term SPEI analysis was conducted for all the stations found at Bilate 

Watershed. From the study, it was found that across the stations all forms of drought had taken 

place at different degrees of the scale in the last three decades.  As the SPEI value confirmed that 

the category of drought has fallen from extremely dry to extremely wet, both condition is 

dangerous for the productivity of agriculture.  

A comparison of temporal patterns of SPI-12 and SPEI-12 indices under specific drought 

conditions indicates how well those indices represent historical drought and also informs their 

ability to illustrate the transformation of meteorological drought (described by SPI-12 and SPEI-

12) into hydrological drought (Meresa et al., 2016).  The study reveals dry conditions cover 

many parts of the watershed and are more intense in SPI-12 than SPEI-12. the previous study has 

shown that Droughts during Meher (June–September) are largely driven by precipitation declines 

arising from the narrowing of the inter-tropical convergence zone, Increased dryness during 

Meher has severe consequences on agricultural production (Temam et al., 2019a). ENSO and 

drought are strongly linked with global atmospheric circulation, triggered by Sea Surface 

Temperature. The years identified in the study periods correspond with the SSST of the 

equatorial Pacific and the Indian Ocean which affect the seasonal precipitation patterns of the 

watershed. SPEI-3 and SPEI-12 displayed a greater frequency of the incidence of dry events in 

the study period associated with ENSO. This could be explained by SPEI-12 with maximum 

rainfall amount with high variability. For instance years 1982, 1997, 1998, 2015, and 2016 were 
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ENSO-induced drought years with very strong El-Nino events, and the year 1988, 1989, 1999, 

2000, 2007, 2008, 2011 were strong La Niña events observed in the country. 

The major driving causes for the differences in drought conditions were likely due to changes in 

climatic and environmental conditions in the past three decades. In addition, the oceanic, 

seasonal, and rainfall characteristics might have also contributed to the differences. The 

increasing drought trends indicated that the number of drought years increased at the Bilate 

Watershed, thus causing damage to agriculture and water resource facilities, this study is 

consistent with the results of (Lyon, 2014; Yu et al., 2014). The negative SPEI values for all 

timescales suggested that drying events might have been amplified over the Watershed. The most 

severe drought years were 1987–93, 200-2005, &2010–201219, which resulted in larger impacts 

on the environment and Society (Haile et al., 2019; Kogan, 1997; Thornton et al., 2011). The 

previous study confirmed that the severity of drought is location and livelihood-specific and 

determined by its frequency and magnitude (Degefu and Bewket, 2015a). 

MK trend analysis revealed that drought trends have increased in space and time across Ethiopia. 

These results showed an overall increasing trend of drought throughout the study periods. These 

differences in trends were likely due to changes in climatic and environmental conditions in the 

past three decades. In addition, the Global Seas Surface temperature fluctuations, seasonal, and 

rainfall characteristics might have also contributed to the differences in timescale and 

frequencies of drought. The increasing drought trends indicated that the number of drought years 

increased at the Bilate Watershed, thus causing damage to agriculture and water resource 

facilities. This study is in agreement with the findings mentioned in earlier studies (Temam et al., 

2019b; Yu et al., 2014). Spatially, increasing drought trends were more at five of the stations, the 

remaining two of the stations found in the watershed are less affected by droughts events. The 

findings of this study are associated with the observations of (Ghebrezgabher et al., 2016; Guo et 

al., 2018). This can lead to prolonged drought over the areas, while scarce or low precipitation at 

the watershed. 

5.6. Seasonal Rainfall contribution to Wet/Dry events 

Concerning the percentage share of wet and dry days (summer and spring) both the data set 

NMA and CHIRPS demonstrated that summer has more rainy days than spring.  As the findings 

indicated the highest rainy days were observed during the summer season with decreasing trend 



113 
 

in rainy days. On the contrary, the lowest rainy days observed in spring relatively lowest amount 

of rain days with declining trends. Studies have shown that the wetness and dryness were both 

temporally and spatial variables. The spring season is characterized by significant interannual 

and intra-seasonal variability. Interactions between extratropical and tropical systems across the 

Red Sea region play a major role in modulating the rainfall pattern during this season. North 

Atlantic Oscillation seems to play a pivotal role in the variability of the Belg rains on the sub-

seasonal time scale. The Belg rains are negatively correlated with the NAO index over much of 

the region, with southern and southeastern Ethiopia exhibiting relatively highest correlation 

values (Bekele‐Biratu et al., 2018; Zeleke et al., 2017a). The result shows that both the data set 

have shown relatively similar results with slight variation. The percentage share of rainy days 

during the summer season was more than eight 80% which were confirmed with the wetness 

index of the SPEI (Taye and Zewdu) and the degree of wetness of spring season MAM (SPEI) 

consolidate that 1983,1997,2001,2006 and 2010 were years with higher spring wetness with 

higher than 75% of rainy days (Han et al., 2019). 

Evapotranspiration represents water loss from drainage basins and Potential Evapotranspiration 

(PET) is a measure of water that may be evaporated and transpired if there is sufficient water 

available (Lu et al., 2005). PET is a climatic parameter and incorporates the available 

evaporation from the land surface when there's much water (Bunting et al., 2014). In terms of 

dryness, the study area is experiencing dry weather across time. The result illustrated that the 

highest PET was observed, indicating severe dryness of the watershed. Spatial varying PET was 

detected. The findings of this study are in agreement with (Tadese et al., 2020). It's evident that 

Evaporation is extremely important for the interpretation of rainfall data and plays a crucial role 

in water balance studies which considerably vary. PET is higher when there are higher levels of 

radiation and better temperatures. Accordingly, PET is higher in hot deserts, low-lying lands, and 

areas near the equator (Manatsa et al., 2017). PET is higher on windy days because evaporated 

moisture is usually quickly transported from rock bottom. A previous study confirmed that the 

dryness of the planet getting worse and would harm the agrarian community, so the planet is 

assessed as a semi-arid zone consistent with (Tilahun and Merkel, 2009). 
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5.8. Aridity Index (AI)  

An aridity index (AI) may be a numerical indicator of the degree of dryness of the climate at a 

given location. These indicators serve to spot, locate or delimit regions that suffer from a deficit 

of obtainable water, a condition which will severely affect the effective use of the land for such 

activities as agriculture or stock-farming. It had been found that the district in Bilate watershed 

has an aridity index ranging between arid, Semi-arid, and Dry sub-humid. The district Hosanna, 

Angacha, and Welayita Sod were found to be less suffering from Aridity problems whereas 

Alaba, Bilate Tena Wulberag were the districts with high incidences of dryness. The typical 

Aridity index of Bilate Watershed was found to be 0.05 from 1981-2016 for the last three 

decades periods of your time so that the world is assessed as semi-arid areas consistent with the 

classification. Previous studies are also in agreement with the findings of this study (Haftom et 

al., 2019; Tsakiris and Vangelis, 2005). 

5.9. Projections  

The ultimate goal of the investigations was to possess the general picture of the seasonal features 

of future climate using different climate Scenarios (RCPs and SSPs) at Bilate watershed, where 

rain-fed agriculture is the backbone of the livelihoods of societies. Both SDSM and Maxent 

models were used for the predictions of seasonal rainfall, temperature, and its associated impact 

on major crop distribution in the coming decades. Found that Statistical downscaling and Maxent 

methods were effective approaches to construct the bridge between large-scale climate and local-

scale hydro–Metrological response; the models have been widely used due to their applicability 

and free availability. The statistical downscaling model shows better performance in modeling 

seasonal precipitation and temperature in the study watershed. The findings of the study showed 

that the predictors and the predictand are strongly correlated. Out of the 26 global variables, five, 

foremost significant and best-correlated predictor variables were carefully picked by looking at 

their Partial correlations (Pr) and p-value for every locality (Pervez and Henebry, 2014). 

The rationale behind selecting the foremost significant predictors is that the higher Pr and 

therefore the lower P-value. The driving variables on rainfall and Temperature weren't constant 

through the watershed. as an example, in district Alaba the foremost significantly correlated 

predictors are (ncepp1thgl.dat, ncepp8thgl.dat, nceps850gl.dat, ncepprcpgl.dat, ncepp8vgl.dat), 

for precipitation, ncepp5_vgl.dat, ncep500gl.dat, ncepp5thgl.dat, ncepp5zhgl.dat, ncepp8thgl.adt 
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for max Temperature, ncepp1_vgl.dat, ncepp5_zgl.dat, ncepp500gl.dat, ncepp8_zgl.dat, 

ncepp8zhgl.dat, for minimum temperature which isn't identical for all stations. The study has 

confirmed that various atmospheric variables affected the local climatic features mainly rainfall 

and Temperature at Bilate watersheds. The observed and simulated rainfall, maximum and 

minimum temperature are strongly linked with the worldwide atmospheric variable. Earlier 

studies are also in agreement with the observations of this study (Gebrechorkos et al., 2019). 

Calibration and validation are the foremost pivotal stage in SDSM processing. NCEP/NCAR was 

used to calibrate and validate the model. The first half of the study periods were used for model 

calibration and the second half of the data were used to validate the model. The findings of the 

study have shown that the statistical performance of the model was tested through statistical 

parameters. It was noted that the model excellently performs for rainfall and temperature 

predictions. Observed and the simulated results were strongly interconnected and insignificant 

biases were observed. The previous study confirmed that calibration and validations are pivotal 

in downscaling SDM and projections of climate (Mahmood et al., 2013). 

The result approved that the projected seasonal precipitation for winter, spring; summer, and 

autumn by 4.5(2020s) shows stable distributions of rainfall. An increase of winter Precipitations 

is predicted towards the 2080s of RCP4.5. By RCP8.5 (2020), the winter rainfall shows a decline 

and upsurge by RCP8.5 (2080s) at Alaba Kulito district. The winter rainfall at Alaba district 

would increase by 60% as compared to the base period. Spring and autumn precipitation increase 

by 15%, however, summer rainfall shows the minimum increase as compared to other seasons. 

Angacha station which is located at the upper watershed of Bilate watershed, all the season's 

rainfall pattern shows a rise by 30% in RCP4.5 (2080s) which is consistent with previous studies, 

future precipitation and temperature will increase over Eastern Africa within the coming century 

however the rainfall of all seasons drop towards RCP8.5 (2020s)(Gudoshava et al., 2020)  

Winter rainfall shows a rise of 65%, autumn 60%, summer by 56% by RCP8.5 (2080s). At 

Bilate-Tena district the seasonal rainfall shows an increase of 20% as compared to the base 

period in RCP4.5 (2080s). By the RCP8.5 of 2050s, the rainfall would rise by40% and continue 

to increase in 2080s by 80 %. The precipitation features by RCP4.5 and RCP-8.5 at Durame 

station would increase from 2020s to 2050s (RCP 4.5) by 30% and decline towards 2080s at the 
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same scenario, whereas in RCP8.5 the rainfall of this district shows a sharp increase with less 

variation among seasons. The winter season precipitation would increase by 59% as compared to 

the bottom period rainfall. Similar studies conducted in Ethiopia confirmed that an increasing 

trend in extreme precipitation is observed over most parts of Ethiopia, particularly within the 

southern region where the study is located. The projected changes in rainfall show an enormous 

increase over most parts of Ethiopia, with higher values within the southern region. The 

outcomes show that heavy rainfall will amplify the probability of flood risks mainly over the 

southern region. The increases in rainfalls could have the potential to support agricultural 

productivity through efficient irrigation systems (Tegegne and Melesse, 2021). 

The projected precipitation patterns at Hossana, Welayiat Sodo, and Wulbearg stations by RC4.5 

and RCP8.5 indicated an increasing rate of precipitation in all the seasons. The precipitation 

show changes in intensity and amount from medium to highest emission scenario, demonstrating 

incremental changes in the rainfall amount and intensity among seasons.  For district Hosanna by 

RCP4.5 in 2080 increase by (9%, 10%, 11%) summer, spring, winter, and autumn 

correspondingly. The rainfall pattern by 2080 in the spring shows an exceptional increment 

(35%) and summer shows the least increase. At welayita Sodo district the predicted rainfall of 

the future period illustrated that winter and autumn‘s rainfalls were highly pronounced at the 

highest emission scenario. At these particular geographical areas of the watershed, the model has 

shown a 30% increase in winter and a 20% increment during the autumn by RCP4.5 (2080s).  In 

RCP 8.5(2080s) the precipitation increases by 80% in the winter and 58% in the autumn season. 

The predicted rainfall at Wulbearg district showed that the seasonal precipitation increases by 

20% by RCP4.5 (the 2080s). For this particular station by the highest emission scenario, RCP8.5 

indicated that the seasonal precipitation increased by 44% as compared to the initial period 

chosen for the study. A previous study confirmed that the precipitation shows different changes 

in intensity and amount, indicating incremental changes within the precipitation amount. The 

rainfall is expected to increase within all season‘s rainy days and seasons are expected to 

increase by 2080s RCP8.5 (Feyissa et al., 2018b). 

The seasonal patterns of maximum temperature at medium and high emission scenario (RCP 4.5 

and RCP8.5, shows a decreasing winter season maximum temperature. It had been found that a 

higher decrease by emission scenario of RCP4.5 (the 2080s) and RCP8.5 (2080s) is about -0.2 to 
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-0.4% at Alaba Kulito district. The future maximum temperature for stations Angacha shows a 

decrease except in winter all the seasons have shown a higher decrease in future maximum 

temperature as compared to the base period. Due to their geographic proximity, similar 

characteristics of maximum temperature were observed at Angacha, Durame, and Bilate-Tena 

district by both high and low emission scenarios. However, the case of welayita Sodo, Hosanna, 

and wulberag districts' maximum temperature shows a pointy increase in both highest and lowest 

emission scenarios (RCP4.5, the 2080s, and RCP8.5, 2080s). Welayita sodo station during the 

spring season shows nearly an increase by 1  succeeded with winter an increase of 0.75, 

summer maximum temperature rise by 0.5. Summer and autumn display a rise of 0.4. 

Exceptionally Hosanna station shows a rise of summer maximum temperature by 0.4 about the 

base time. The rise was observed by the highest emission scenario of RCP8.5 by 2080s. A 

consistent increase within the patterns of the longer-term period‘s seasonal maximum 

temperature was observed at Hosanna districts. 

According to the findings, Angacha station shows a uniform increase of minimum temperature in 

RCP4.5 and RCP8.5. At the last period of the medium emission scenario, the Minimum 

Temperature shows a change of 0.5 and 1.5 RCP4.5 and RCP8.5. The changes were noted 

towards the last periods of each emission scenario (the 2080s). The minimum temperature at 

Alaba districts showed a change of 0.5at RCP 8.5 2080s and 1.5change by the highest emission 

scenario. A similar observation was noted for Bilate-Tena, Welayita Sodo, Durame, and Hossana 

districts. Earlier studies have exhibited that the projected average minimum temperature 

increases by 0.55, 1.06, and 1.83 within the 2020s, 2050s, and 2080s, respectively (Adem et al., 

2014). However, a surprising change in minimum temperature was obtained at wulberag district. 

All the season's minimum temperature is expected at below zero at Wulberag.  

The central parts of the watershed have shown a decline by -5% from east to west parts of the 

watershed by the concept of RCP 4.5(2020s). At the same period, the southwestern margin and 

areas with deep green shade in the northern parts would have higher distributions of rainfalls; 

(35-40%) rainfall will be expected concerning the base period in the summer. In RCP4.5 (the 

2050s) the precipitation pattern will show a decrease as compared to the 2020s. Some pocket 

areas in the southern parts would show a better distribution of summer rainfall. RCP4.5 (2050 

and 2080s) shows more or less similar patterns of rainfall distribution.  
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RCP8.5 the high emission scenario (2020s, 2050s, and 2080s) the southwestern margin of the 

watershed increases by 25-30%, and the decrease in future precipitation would be expected at the 

central parts as compared to the base period by-5% changes in rainfall. The areas with light 

green shade and blue shade show the change in precipitation at the watershed.15-25% of the 

change in precipitation would be expected at the north and western margin of the watershed. 

Generally, the southern portions of the study area receive better distribution at both RCP4.5 and 

RCP8.5 in all period‘s showing an increase of rainfall 25-40%, and the northern portion shows a 

10-25% change in summer. The northern parts of the watershed would experience10-15 a % 

change in precipitation during the spring season. In the 2050s larger portions of the watershed 

experienced a 20-30% change in spring precipitation as compared to the base period. However, 

the central parts of the watershed would experience -5 % decreases in spring rainfall. In RCP 8.5 

in the 2080s the southern portions would receive surplus moisture than other areas (35-40%). 

Temperature as one of the major components of climate is an interest of this investigation. In 

RCP 4.5(2020 and 2050s) the minimum temperature shows a change by 2-2.5 at the central and 

the southwestern margin of the study area in the spring season. The spatial map showed that the 

majority of the areas would experience1.5-2with exceptions to the northern tips of the watershed. 

In the analysis of RCP8.5 depicted in all periods, an increase in minimum temperature is noted. 

In RCP8.5 (the 2020s) greater than 2  would be experienced at the center while in the 2050s 

and 2080s, all parts of the central regions of the watershed would experience 2-2.5 . The rest of 

the areas in all scenarios would fall in the range of 1-1.5 . Spatial patterns of summer minimum 

Temperature in RCP 4.5(the 2020s, 2050s 2080s), higher changes at the central parts, and some 

pocket areas at the southwestern margin of the watershed would be expected. The northern tips 

of the watershed would have been arranged at -0.3-0.3 , as compared to the base periods. The 

southern areas of the watershed would experience a change of 0.8-1 . The eastern escarpment 

would have a minimum temperature of 1-1.5 ; the yellow shade in the map shows a change of 

0.5-0.8    by referring to the base period‘s temperature.    

 In RCP4.5 (2020) wider portion of the watershed experiences a decrease in maximum 

temperature during the spring season. The ranges of change would be -2 to -1    and the 

extreme change in the southwestern part would be >6 in 2020.  By the RCP4.5 (the 2050s and 
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2080s) the northern half of the study area experiences a change in maximum temperature, while 

the rest of the area's maximum temperature would be 0-3 . In the highest concentration 

pathways assumptions (RCP8.5) except some fewer areas at the southwestern tips of the 

watershed would experience a change of -1 to 1    in maximum temperature in spring. Some 

pocket areas would experience extreme conditions in the distributions of the maximum 

temperature in the future as compared to the base period. The increase in the summer maximum 

would be expected at the northern tips of the watershed (>6 ). The central part of the watershed 

experiences a change of -1 to 2  in RCP4.5 (the 2020s). A higher change (5-6 ) in the 

distributions of the maximum temperature would be expected at the southern half by 2050s and 

2080s of RCP4.5. The central portion of the Bilate watershed experiences a range of 3-4 . In 

RCP8.5 at all period are the central areas of the watershed experience a change of maximum 

temperature with the range of 2-3 , and 3-4  in the north and some pocket areas in the south, 

while the rest of the areas experiences declining changes in summer maximum temperature(-2 to 

-1 ). The previous study has confirmed that the predictable changes in the minimum and 

maximum Temperatures over the Horn of Africa showed very diverse distributions in the future 

and considered to shift toward the positive. An increase in extreme minimum and maximum 

temperatures are observed under various emissions scenarios over eastern Africa. The increase in 

the number of days with Minimum and maximum temperature is expected at 2    at the end of 

the 21st century (Osima et al., 2018).  

5.10. Future climate and the fate of major cereal crops 

Over the past few years, climate scientists and modelers built a spread of ―pathways‖ that 

examine how global society, demographics, and economies change over subsequent years(IPCC-

TGICA).  The IPCC established various scenarios to look at the worldwide global climate 

change impacts and Adaptation/ mitigation options. These agendas are expressed in two 

dimensions of scenario drivers: socioeconomic drivers with the Shared Socioeconomic Pathways 

(SSPs) and level of radiative forcing with the Representative Concentration Pathways(Van 

Vuuren et al., 2011a). The SSPs are used to explore how societal choices will affect GHG and 

take a broader view of future climate policy(O‘Neill et al., 2014).  It‘s essential to recognize the 

impact of global climate change on crop distribution and take it into account coping strategies to 

reduce the impact of the change, understanding, and planning for crop resilience is crucial for 
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food security, thus research on key crops is required for decision-makers to plan and direct future 

actions(Zewudie et al., 2021). According to researchers the increased temperature and 

precipitation were projected in East Africa and impacted the distributions of various cereal crops 

by shortening the season length; amplifying water stress and increasing the incidence of 

outbreaks of diseases, as a result, the distribution of crops would be significantly affected by the 

change(Mcsweeney et al., 2010; Ngoma et al., 2021). Among the SSPs, this study had 

emphasized two of the scenarios because of their equivalence with RCPs and reliability in 

predicting future bioclimatic contributions to the selected cereal crops. SSP4.5 and SSP8.5, each 

of the SSPs was classified into four future periods such as 4.5 (2021-2040, 2041-2060, 2060-

2080, and 2081-2100).  

Three major crops (Enset, Maize, and wheat) were used for the analysis due to their relevance 

and frequent cultivations by the farming communities. Climate is considered to be a dominant 

factor that controls species distribution. The current climate was estimated using 19 bioclimatic 

variables that are derived from monthly temperature and rainfall values to generate more 

biologically meaningful variables. Both extreme changes and variability in climate conditions are 

expected to have a significant impact on the distribution of crops. The findings generated from 

the Maxent Model were used to show the current and future distributions of crops and the 

distributional fate major crops at SSP245 and ssp585 climate scenarios which are equivalent to 

RCP4.5 and RCP8.5 scenarios. The model perfectly fits in predicting the crop distribution at the 

watershed. The AUC differentiates presence sensitivity versus specificity within possible 

achievable range accurate prediction (Elith et al., 2002; Jeschke and Strayer, 2008; Phillips et al., 

2006; Yue et al., 2019).  

Bioclimatic elements are the dominant component that regulates the distributions of a crop 

(Matji, 2015). Crop production is very sensitive to the climate of certain geographical areas and 

their distribution too. The trends in rainfall, temperature, inter-annual climate variability, and 

extreme weather events affect the distribution and productivity of crops (Limantol et al., 2016). 

Some crops are more tolerant to environmental stresses, while others are not(Mills et al., 2018).  

In this investigation, Enset is found to be the most resistant crop to environmental stress. Enset is 

a multi-purpose staple food crop that supports 20% of the population of Ethiopia; it is cultivated 
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and distributed mainly in the southern parts of the country where high population concentration 

is found. Even though it is the most important crop, it has received very little attention from 

researchers concerning its enhancement (Biswas et al., 2020). This study has attempted to show 

the future distributions of Enset at the watershed using the base period as an in input, hence six 

Bioclimatic variables were found to be the most important in determining the distributional 

suitability of Enset (Biol-13, Biol-16, Biol-19, Biol-15, Biol-12, and Biol7) are the top-ranking 

environmental factors that determine the future distribution of Enset. The findings of this study 

are consistent with (Eshetae et al., 2021) in notifying its distribution and environmental 

variables.  

Maize is among the most important crops to sustain life in Ethiopia and elsewhere, five 

Bioclimatic variables were found to be the most influencing variables to the distributions of 

Maize at the study site, which is consistent with the findings of (Kogo et al., 2019). Four 

Bioclimatic variables highly influence the distributions of wheat (Yue et al., 2019), the most vital 

environmental factors that determine the distributions of crops in SSP2-4.5. A similar effect of 

the environmental variables was identified in ssp8.5. Those variables aren't equally influencing 

the distributions of crops under investigation. We‘ve presented only the top-ranking variable in 

determining the distributions of crops in the study watershed. Accordingly, Precipitation of 

Wettest Month contributes by (81%), for Enset, Temperature Annual Range (48%) maize, 

whereas, Precipitation of Wettest month (88.1) for wheat are the foremost environmental factors 

that determine the distributions of crops in all periods from 2021-2060 in Both SSPs.(SSP2-4.5 

and SSP58.5). Prior studies confirmed that these variables are in agreement with what's 

described in (He et al., 2016; Khubaib et al., 2021; Yue et al., 2019). 

Understanding the connection between climate and crop yield helps in enhancing the resilience 

of agricultural production systems to global climate change. Towards this, numerous studies are 

conducted investigating how to crop reply to climate conditions, with emphasis on the decadal 

and inter-annual climate variability (Leng and Huang, 2017). The influences of climate change 

on crops are widely considered over the past years, but with limited care to geographical 

distributional response or the Agro-ecological movement of Crops following its climatic 

movement. This study explored the spatial distributional response of crops to climate variability 

and change under different climate scenarios. Hence, the major crops under consideration show 
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the spatial movement and the geographic suitability of each crop at the study watershed in 

(SSSP2-4.5 and 5-8.5) by taking current conditions as a base.  

The probability of species presence was represented as P. value for areas suitability (unsuitable p 

< 0.05, less suitable 0.05 p < 0.33, suitable with 0.33 p < 0.66 and optimum with p > 0.66)  as 

discussed (He et al., 2016; He and Zhou, 2012). The result for Enset exemplified the areas with 

deep green shade at the central part of the study watersheds found to be highly suitable (>0.7), 

the areas with Red shed suitability values (<0.18) which is found to be not suitable for Enset 

cultivations and distribution on the current conditions, whereas the values in between are 

averagely suitable for Enset distribution, it was found that a dramatic movement on the 

distribution of Enset was observed. The southern margin of the study site was found to be highly 

suitable for Enset distributions in both SSP4.5 and 8.5 scenarios. The southern tips were found to 

be the hot spots of the Enset distribution. The consistent study conducted using Maxent Model in 

Ethiopia demonstrated that, the spatial distribution and occurrence (Eshetae et al., 2021). 

 

Maize is one of the most widely grown and consumed grains in Ethiopia and is critical for 

income and food security across the country. Nearly around nine million smallholder farmers 

produce the crop and 70 to 80 percent of the maize is consumed by themselves(Abate et al., 

2015). This study tries to look into the current and potential geographic distribution of maize at 

Bilate watershed using maxent Model at the sub-basins of Ethiopian Rift valley under SSP4.5 

and SSP8.5 bioclimatic variables and GCPs as input. The findings indicated that the majority of 

the areas in the watershed were found to be less suitable for maize crop distributions in the 

projected Bioclimatic scenarios. The broader areas of the watershed were found to be unsuitable 

for maize in the future. There would be moving suitability of maize as compared to the base 

period. In the base period, the suitability ranges from highly suitable (P>0.72) to less suitable 

(<0.1). However, the result depicted that the north and southern parts were found to be suitable 

areas for maize in the future. the previous study confirmed that the Geographic suitability of a 

given species is influenced by climatic variables that play a crucial role in the biological courses 

of the species growth and modeling and result in moving climate (Beaumont et al., 2005; 

Gavilán, 2005; Kogo et al., 2019; Zhan et al., 2016).  
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The other category of crops under consideration is wheat, which is among the major crops that 

played an important role in nurturing the world and improving global food security. It 

contributes about 20% of the total dietary calories worldwide (Shiferaw et al., 2013). The central 

highlands, south-eastern and northwest parts of Ethiopia are the main wheat-growing areas of 

Ethiopia (CSA.2017). The interesting part of this study is there is an agroecological movement of 

wheat distribution. Central and northwestern are optimally suitable for the distributions of wheat 

on the current conditions. At the initial and final periods of both SSP4.5 and 8.5, the 

geographical areas located in the south are highly suitable for wheat. The distribution of wheat 

moves to the south parts of the watersheds. An earlier study indicating the future global potential 

distribution and land suitability for wheat cultivation under multiple global climate change 

scenarios (Yue et al., 2019) indicated that the suitability for wheat cultivation is primarily 

influenced by climatic factors and 0°C accumulated temperature is especially important. The 

RCP4.5 scenario is more favorable for wheat cultivation, whereas the RCP8.5 scenario is the 

least favorable. The land suitability for wheat shows a decreasing trend in Central and Eastern 

Africa as compared to other parts of the world (Adhikari et al., 2015). 
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CHAPTER SIX: CONCLUSION AND RECOMMENDATION  

6.1. Conclusion 

The Spatial and Temporal trends of Precipitation and temperature were studied for 35years and 

detection of trends at the seasonal and annual base has been observed at Bilate watershed. From 

the result, it had been found that mixtures of positive and negative trends were observed for both 

Precipitation and Temperature. There was an enormous change in trends of the season‘s 

precipitation at the watershed. The Rainfall is dramatically declining and Temperature is 

continuously snowballing. From the study one can say that there are declining trends of rainfall 

with a contrast of Coefficient of Variation, indicating that the watershed was more susceptible to 

drought calamities. Concerning temperature distribution, increasing trends of both maximum and 

minimum temperature at both (spring and summer) were noticed. The variability of precipitation 

in the watershed is boldly observed with a varying magnitude. Therefore, the area is subjected to 

drought stress due to the higher coefficient of variation shown on the CV analysis. The results of 

the MK test confirmed an increasing trend of temperature and decreasing trends of precipitation 

were identified. The seasonal and annual rainfall is strongly significant for both spring and 

annual with a P-value below α = 0.05 and a decreasing trend at 95% confidence level. 

Spatial and temporal variation in precipitation across the watershed was detected in varying 

magnitudes. On one hand, crop production and rainfall pattern are highly interlinked and which 

changed by the weather of the ocean. As we've noticed from the analysis, both El Niño and La 

Niña phases affected crop productivity but different crop types responded differently and with 

varying magnitude. During the deficiency of moisture, total failure/complete absence of crop 

production was recorded, and through a surplus of moisture lesser production was shown. 

Among the chosen crop, two of the crops were seriously affected during ENSO. It harms the 

concentration of precipitation and the productivity of crops. All the crops weren't uniformly 

responding due to the shortage of precipitation. Wheat and maize were found to be highly 

affected crops while Enset, the staple food of the community is less affected by ENSO-induced 

rainfall shortage. It had been interestingly found that within these small spatial areas different 

parts of worldwide oscillations are playing a pivotal role in regulating both seasons' rainfall 

patterns. Summer and winter rainfall distributions are significant at but not less than 0.05. The p-

value for summer (Kiremit) and spring (Bega) is (0.03 and 0.04) respectively. From the result, 
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one can say that the rainfall pattern is showing a rapidly declining trend within the last three 

decades with the whole watershed.  

 The drought conditions (duration, frequency, and intensity) at (SPIE-3, and SPIE-12) were 

studied. Overall, an increasing trend of the drought was found within the study period with 

distinct spatial and temporal drought variations. The Drought conditions have increased from 

time to time. 1987onwards most of the months weren't free from the impact of drought. 1987 

was taken as a turning point for the occurrence of drought with slight fluctuation with substantial 

regional variations at numerous agro-ecology. The study area has experienced the foremost 

severe droughts during 1987–1993, 200-2005, and 2010–2012, which led to serious damage to 

societies and the environment. The results of SPEI in the least timescales displayed negative 

trends, thus designating that drought has increased within the last decades. The MK trend test 

indicated that the long and short-term drought condition has increased at Bilate watershed.  

The study has explored the seasonal characteristics of future climate and its associated impact on 

the distributions of major crops at Bilate watershed using high and medium emission scenarios. 

It had been concluded that both the observed and simulated were strongly correlated. The long-

term precipitation will increase with more variability at the Watershed and declining of 

maximum temperature at highest emission scenarios and increasing of minimum temperature 

would be expected at the watershed. By the highest RCP4.5 and RCP8.5 scenarios precipitation 

has shown an increase as compared to the base period. RCP4.5 (2080s) and RCP8.5 (2080s) high 

increase in precipitation would be expected.  The temperature at both emission scenarios shows a 

decrease, whereas the minimum temperature shows an increase in both scenarios. However, 

future precipitation will increase with more variability and uncertainty across the watershed. 

Overall, seasonal precipitation will increase within the longer term. Accordingly, this shows the 

surplus precipitation would be expected in 2080s mainly in the winter season, which would be a 

season with a decrease in maximum temperature.  

 In the 2020s, 2050s, and 2080s the south-western escarpment of the watershed would have a 35-

40% increase in rainfall and declines in spring precipitation in the watershed. The decrease in 

spring rainfall expanded to the whole central area by 2050s and 2080s if RCP4.5 scenario works, 

it seems these specific areas would be seriously affected by spring rainfall by the longer-term as 

compared to the base time. In RCP8.5 by the 2020s the precipitation conditions move to the 
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southeast parts. On the other hand, Bioclimatic variables were found to be the notable important 

regulators in determining the distributional of major crops. Six Bioclimatic variables were found 

to be the most important in determining the distributional suitability of Enset, Five Bioclimatic 

variables were found to be an influencing variable to the distributions of Maize, and 4 

Bioclimatic variables highly influenced the distributions of wheat. A similar effect of the 

environmental variables was detected both in current and future periods. Interestingly those 

variables aren't equally influencing the distributions of crops under consideration, Precipitation 

of Wettest Month for Enset and wheat, Temperature of Annual Range (for maize) is the very best 

ranking Environmental variables that determine the distribution of crops in 2021-2100(SSP2-4.5 

and SSP58.5). 

 The southern peripheral areas of the study site were found to be highly suitable for Enset 

distributions within the future periods. Probably this part of the watershed is supposed to be the 

hot spot of Enset distribution. Concerning the geographical distributions of Maize, the majority 

of the areas were found to be less suitable for maize crops to exist in the decades. There would 

be moving suitability of maize as compared to the base period. The north and southern parts 

were found to be suitable areas for maize in the longer term. The fascinating aspect of this study, 

there would be an agroecological movement of wheat distribution. Central and northwestern are 

optimally suitable for the distributions of wheat if the mentioned scenario continuous to function. 

At the initial and final phase of both SSP 2-4.5 and SSP 5-8.5, the southern area is highly 

suitable for wheat. From the study, one can conclude that climate-induced problem is more 

location explicit, and geographical locality should be considered in planning climate managing 

approaches.  

6.2. Recommendations 

We found decreasing trends of precipitation and increasing trends of temperature.  From the 

findings of the study, we suggested that there must be proactive actions to combat climate 

variability and change. Climate-induced problems are greatly location specific, and geographical 

locality should be considered in planning climate coping strategies. All the concerning GOs and 

NGOs, experts from different areas should actively engage on ENSO cycle and be conversant in 

coping strategies. Soil conservation strategies should be performed with caution to combat 

moisture stress and Hybridizing modes of life from mixed cultivations to other means, if unable 
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to cope with ENSO disasters. Further studies focusing on extreme rainfall analysis and its 

relationships with ENSO (SST) should be conducted in the areas to diminish climate-induced 

catastrophes. Awareness of a forthcoming ENSO event could support adjusting months before 

the season by which crops were cultivated. The outcomes of this study have implications for 

drought management strategies and adaptation measures. Thus, the forthcoming plans need to 

address obstacles for the coping mechanisms unconventionally at the farm level by delivering up 

evidence and provision, presenting climate-smart varieties, supporting conservation, and 

innovative coping approaches which could best fit at various agro-ecological setups. Despite the 

need for locally specific coping of agriculture to climate variability and change, inquiries are also 

needed on a broader scale. 
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