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ABSTRACT  

Agriculture is mainstay of Ethiopian economy. Developing country like Ethiopia suffers from 

effects of climate change, due to their limited economic capability to build irrigation projects 

to reduce climate change impact on crop production. This study evaluates climate change 

impact on rainfed maize production in rift valley lakes basins of Ethiopia. First, outputs of 15 

General Circulation Models (GCMs) under two emission scenarios (SRA1B and SRB1) are 

statistically downscaled by using LARS-WG software. Probability assessment of bounded 

range with known distributions is used to deal with the uncertainties of GCMs’ outputs. These 

GCMs outputs are weighted by considering the ability of each model to simulate historical 

records. The study result indicates that LARS-WG 5.5 model is more uncertain to simulate 

future mean rainfall than generating maximum and minimum mean temperatures hereby 

GCMs weight difference for rainfall mean is 0.83 whereas weight difference for minimum and 

maximum mean temperatures is 0.09. AquaCrop, version 4 developed by FAO that simulates 

the crop yield response to water deficit conditions, is employed to assess potential rainfed 

maize production in the study area with and without climate change. The study results indicate 

minimum and maximum temperatures absolute  increase in the range of 0.34 0C to 0.580C, 

0.940C  to 1.80C  and 1.420C  to 3.20C  and 0.320C  to 0.560C, 0.910C  to 1.80C  and 1.340C  to 

3.0350C  respectively in the near-term (2020s), mid-term (2055s) and long-term (2090s) under 

both emission scenarios. The expected percentage change of rainfall during these three time 

periods considering this GCMs weight difference into account ranges from -2.3 to 7%, 0.375 to 

15.83% and 2.625 to 31.1%. Maize yields are expected to increase with the range of 3.63% to 

7%, 5.39% to 14.08%, and 6.83% to 15.61%, during the same time periods. Unlike many 

studies in the world this study result show that maize yield increased in coming three time 

periods under both emission scenarios. Due to rainfall increase with temperature increase 

maize yield is expected to increase in future for this study area by using only rainfall. In 

conclusion, the results indicate that climate change will respond positively to climate change 

impact on maize yield production for this district if all field management, soil fertility and crop 

variety improved; but since there is rainfall variability among the seasons planting date should 

be scheduled well to combat water stress on crops.  

Keywords: Climate change, GCM, IPCC AR4, LARS-WG, Uncertainty, Probabilistic 

prediction, AquaCrop, Yield. 
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CHAPTER ONE 

1. INTRODUCTION  

1.1. Background of the study 

“Agriculture is the mainstay of the Ethiopian Economy”. This statement has almost become a 

cliché for development professionals in Ethiopia. The Report on the Ethiopian Economy, 

Volume IV (EEA/EEPRI, 2005) stated, for example: “…agriculture is the mainstay of the 

Ethiopian economy and the most volatile sector mainly due to its dependence on rain and the 

seasonal shocks that are frequently observed”. As things stand, our children and grandchildren 

will be repeating this refrain for generations to come. Yet, the sector has been unable to realize 

its potential and contribute significantly to economic development. 

According to PASDEP, (2006); in the Ethiopian context, agriculture is proving to be the most 

complex sector to understand. On the one hand, it contributes the largest share to GDP, export 

trade and earnings, and employs 84% of the population. On the other hand, despite such socio-

economic importance, the performance of the sector is very low due to many natural and 

manmade factors. As a result, Ethiopia is characterized by large food self-sufficiency gap at 

national level and food insecurity at household level (EEA/ EEPRI, 2005). Agriculture, as is 

the case in much of the developing world, is still the largest sector in the Ethiopian economy 

contributing to about 50 percent to GDP and estimated to provide employment to most of the 

85 percent of the country’s population that reside in rural areas.  

According to IPPC, (2007) climate change is considered to be the biggest challenge facing by 

the mankind in the twenty first century. The change in the climate mean state within a certain 

time period is referred to as climate variability which can be more detrimental than the climate 

change. Both climate variability and change can lead to severe impacts on different major 

sectors of the world such as water resources, agriculture, energy and tourism. Previous research 

on climate change impacts on crop production in different parts of the world agrees with the 

assertion that climate change has major implications for agricultural production in general and 

for maize yield in particular. Ethiopian agriculture is also affected by climate change either 

positively or negatively. In the United States and other developed nations, extensive studies on 

the impacts of climate change on agricultural production have been carried out (Cai et al., 
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2009). There has been relatively little research in developing nations although recently, a few 

papers have been published (Schmidhuber and Tubiello, 2005, Chen et al. 2013, Herrero et 

al.2010). Yet, developing countries like Ethiopia are the ones which could suffer more from the 

effects of climate change, due to their limited economic capability for constructing irrigation 

projects to reduce climate change impact on crop production which based on rainfed and 

adaptive capacity. Being one of the least developed countries, Ethiopia’s crop production can 

be affected by climate change impacts. Nevertheless, little is known about such impacts to 

date.  Climate change is likely to affect the productivity of Africa’s diverse agricultural and 

pastoral systems over the coming century. As these sectors underpin rural economic 

development, employing over 60% of the labor force, this poses a threat to rural livelihoods 

development and food security across the continent (FAO, 2002). Previous work, such as IPCC 

AR4 and other reviews has identified a potentially wide range (positive and negative) of 

impacts on agriculture at continental and some national levels.  Studies highlight Africa’s high 

level of vulnerability relative to other world regions, due to a large dependence on rainfed 

agriculture, low levels of development and adaptive capacity to existing climate variability.  

In East Africa large water bodies and varied topography give rise to a range of climatic 

conditions, from a humid tropical climate along the coastal areas to arid low-lying inland 

elevated plateau regions across Ethiopia, Kenya, Somalia and Tanzania. The presence of the 

Indian Ocean to the east, and Lake Victoria and Lake Tanganyika, as well as high mountains 

such as Kilimanjaro and Kenya induce localized climatic patterns in this region (Herrero et al. 

2010). 

Gebreegziabher et al. (2011) conducted research on climate change and Ethiopian economy 

and they explained that agriculture in Ethiopia is heavily dependent on rain. In addition to its 

low adaptive capacity, its geographical location and topography make the country highly 

vulnerable to the adverse impacts of climate change. Results indicate that, over a 50-year 

period, the projected reduction in agricultural productivity may lead to 30 percent less average 

income, compared with the possible outcome in the absence of climate change. Understanding 

the potential economy-wide impacts of climate change for a given country is critical for 

designing national adaptation strategies, as well as formulating effective global climate-policy 

agreements. Developing countries particularly need to tailor adaptation policies to offset the 
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specific impacts they anticipate. Quantifying the impact of climate change on the overall 

economy can be crucial in guiding appropriate policy. Report from federal democratic republic 

of Ethiopia ministry agriculture, (2011) titled on Agriculture Sector Programme of Plan on 

Adaptations to Climate Change show that climate change is a key concern to Ethiopia in our 

time and need to be tackled in a state of emergency. It has brought an escalating burden to 

already existing environmental concerns of the country including deforestation, serious soil 

erosion and loss of top soil and land degradation which in turn have adversely impacted 

agricultural productivity. This phenomenon is occurring throughout the country and affecting 

every community although it may assume diverging degrees from place to place as the country 

has varied landscape featured by contrasting altitudinal ranges.  

Small holder farmers and pastoralists of Ethiopia are continuously in a state of challenging 

state of affairs because of climate change impacts. This situation has forced them to make 

constant exertion to adapt to the unpredictable climate. In the near past, the community is 

severely challenged by the negative impacts of climate change and the community’s ability to 

endure these changes is constrained by lack of infrastructure, inadequate institutional and 

financial capacity. Ethiopia, one of the world’s centers of genetic diversity in crop germ plasm 

McCann, (2001), produces more of maize than any other crop (CSA, 2010). The area under 

maize cultivation in 2009/2010 was 1.69 million hectares from which 37.8 million quintals of 

maize were produced which was higher than that of any other cereal crop. From the country’s 

total grain production, maize shares more than 27 percent (Samuel, 2006). 

The study conducted in northwestern Turkey, indicates that winter wheat yields may decline by 

more than 20% due to climate change causing shorter growth periods and reduced precipitation 

Ozdogan, (2011). Similar studies within the same region determined that higher temperatures 

have a positive effect on crop yield. For instance, in northern China plain, corn, rice, potato, 

and winter wheat yields could increases with increasing temperature and precipitation under 

climate change.  

 1.2. Statement of the Problem 

According to Federal Democratic Republic of Ethiopia Ministry of Agricultural (2011) report 

on agriculture sector programme plan on adaptation to climate change Ethiopia faced many 

adverse impacts which are unpleasant appearance of climate variable change. Yet there are 
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indications by which these impacts will continue to influence the socio-economic activities of 

the community at larger scale.  

Deressa et al. (2008) made an integrated 35 quantitative vulnerability studies for seven regional 

states of the total eleven regions by using biophysical and social vulnerability indices of 

Ricardian approach. The study revealed that decline in rainfall and increase in temperature are 

both damaging to Ethiopian agriculture. Amongst all sectors (energy, agriculture, water, 

fisheries, livestock etc), agriculture is the most sensitive and vulnerable to climate change 

(IPCC, 1990). The second (IPCC, 1996) report predicted that tropical and subtropical regions 

would experience higher losses in crop production, while temperate climates might gain in 

productivity with climate warming. Issues of hunger and famine in Ethiopia are associated with 

low cereal crop production like maize as a result of poor rainfall what happens now days in 

Ethiopia once again. It is apparent therefore; that tropical/subtropical parts of nation are wholly 

relies on rainfed farming. Ethiopia food production could be greatly impacted by climate 

changes. Therefore, studying the potential impacts of climate change on rainfed maize 

production in Ethiopian would be necessary to take timely mitigating actions to minimize the 

undesirable impacts. Study on climate change impact on cereal crop production like maize is 

important in Ethiopia due to that Ethiopia is highly affected by climate even today which is 

related to El`Nino in 2015/2016, so no issue better than climate change impact initiate me to 

study now days in our country; thus the study would be fruitful because climate change is the 

current issue of the world as the whole and Ethiopia in particular.  

1.3. Objective 

The main objective of the study is to evaluate the impacts of climate change on rainfed maize 

production in rift valley lakes basins of Ethiopia. The study aim to achieve the following 

specific objectives: 

 To predict future changes in temperature and rainfall (2020s,2055s and 2090s); 

 To  apply  AquaCrop model in prediction of maize yield in Hawassa Zuria district, and 

 To quantify impact of climate change on maize production in Hawassa zuria district. 
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CHAPTER TWO 

2. LITERATURE REVIEW 

2.1. Climate Change Impacts on Crop Production 

There is no doubt that the earth’s planet is warming as a result of greenhouse gasses (IPCC, 

2007). If nothing is done to control for the burning of fossil fuels and changes in land 

concentrations of greenhouse gasses in the atmosphere will increase to great extent by the next 

century (IPCC, 2007; Mendelsohn, 2008). Climate change is expected to cause various effects 

on different sectors; however, the largest impact of global climate change was on agriculture 

(Nordhaus, 1991; Cline, 2007).  

The USGCRP (2009) report indicates that despite an increase in crop yields as a result of 

technological improvements, extreme weather changes have negatively affected production in 

some years. The report argues that warmer temperatures not only shorten growth periods, they 

also lead to lower crop yields. Shorter growth periods may be appropriate in areas with soils of 

low moisture content; however this leads to accelerated growth in some varieties of crops like 

maize by shortening period of seed germination, crop growth and maturity. Ultimately, 

accelerated growth of crops results to a significant decrease in crop yields for a given amount 

of land which contradicts with my study result in which weather changes have positively affect 

maize yield because of rainfall increase with temperatures. Tubiello et al. (2002) agrees with 

the idea that climate change greatly affects agricultural crop production, even though the 

magnitude vary from one place to another and from one crop to another due to different natural 

and anthropogenic factors that contribute to climate change.  

Based on result from Robert (2003) the research conducted on the effect of climate change on 

global Potato Production using historical data supplied by the Intergovernmental Panel on 

Climate Change Data Distribution Center (1999) for 25 different countries indicate that when 

no adaptation is allowed, overall simulated global potato yields decrease between 10% and 

19% in 2010-2039, and between 18% and 32% in the 2050s. With adaptation, yields still go 

down but the decrease is about 40% less: between 5% and 11% in 2010-2039 and between 9% 

and 18% in 2040-2069. Adaptation typically consists of a shift of one or two months of the 

planting time and the use of cultivars that have later foliage senescence in terms of thermal 

time. Several studies indicate that increase in temperature negatively affects crop growth and 
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hence crop yields, however, the impact varies between crops and across regions since different 

crops respond differently to climate variability reviewed by (Thornton et al.2006; Mendelshon 

2008) different studies that measure the magnitude of the impact of warming on farms in 

developing countries.  

According to study conducted in U.S.A Kimball (1983) ascertained that increased amounts of 

carbon dioxide (CO2) can increase crop yields. However, this can be counteracted by a rise in 

temperature, leading to a reduction in crop yield overall. Cai et al. (2009) assessed climate 

change impacts on rainfed maize production in central Illinois, U.S. Study results indicate that 

under rainfed conditions, maize yields will decline by 23 to 34% in 2055 in central Illinois. In 

addition, if no adaptation measures are implemented, the study estimated a probability of 32 to 

70% of not meeting 50% of the potential yield by the year 2055. Ringler et al. (2010) assessed 

Climate Change Impacts on food security in Sub-Saharan Africa using a comprehensive 

scenario which is based on ensembles of 17 GCMs. The study results depicted high 

temperatures and mixed changes in rainfall by the year 2050. The study also found that climate 

change would result in a decrease in crop yields excepting for millet and sorghum; with wheat 

exhibiting the largest decrease of 22% by year 2050.  

You et al. (2009) carried out research in China and found out that an increase in temperature of 

1°C during the growing period may lead to wheat production reduction of 3–10% and a 

decrease in winter wheat production of about 5%-35% Ozdogan (2011). Tao and Zhang (2010) 

determined that with higher temperatures, corn yields are likely to decrease by 2.4-45.6% in 

northern China plain. An average decrease in crop production of 15% may be incurred with 

higher temperatures and evapotranspiration rates despite constant precipitation, as a result of 

shorter crop growth periods which negatively affects time to crop maturity.  

A recent study evaluated the agricultural responses to climate change in Iran’s Zayandeh-Rud 

River Basin for a period of 2015-2035. The study considered four crops; wheat, barley, rice 

and corn, and determined that for an average monthly temperature increase of 1.10C to 1.50C 

and precipitation decrease of 11% to 31% within the basin, crop production would decrease as 

follows: 2.5% to 20.7% for wheat, 1.4% to 17.2% for barley, 2.1% to 9.5% for rice, and 5.7% 

to 19.1% for corn (Gohari et al., 2013).  
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Gebreegziabher et al. (2014) Study on environment for development point out that Climate 

change has significant negative impacts on Ethiopia’s agriculture. From the crop production 

point of view, the study suggests that it is essential to introduce new crops/varieties that are 

more appropriate to hot and dry conditions and that will give farmers a hand in adapting to 

harsh climatic conditions. At the same time, profitable micro-irrigation systems, improved 

water and soil management, and appropriate meteorological information should be fostered.  

2.2. Climate Change Prediction using Global Climate Models (GCMs) 

General Circulation Models (GCMs) are “computer based version of earth’s system that 

mathematically simulates the climate system and the interaction between the system 

components” (Hassan, 2012). They simulate historical, present and future climate scenarios 

taking into account the level of greenhouse gases and aerosols under different future 

projections. The process is achieved by dividing the oceans and atmosphere into a horizontal 

grid with a horizontal resolution of 20- 480 with 10-20 layers aligned vertically. This enables 

predictions of climate change for the next 100 years using a coarse grid scale (IPCC, 2001). In 

general, most GCMs are capable of simulating global and continental scale processes in detail 

and provide a reliable representation of the average planetary climate (Hassan, 2012).  

Global climate models “are the only credible tools currently available for simulating the 

response of the global climate system to increasing greenhouse gas concentrations" (IPCC-

TGCIA 2007.GCMs are fully coupled mathematical representations of the complex physical 

laws and interactions between ocean/atmosphere/sea-ice/land-surface (Smith and Hulme 1998). 

They simulate the behavior of the climate system on a variety of temporal and spatial scales 

using a three-dimensional grid over the globe. 

A high level of confidence can be placed in climate models based on the fact that they are 

(Randall et al., 2007): First, fundamentally based on established physical laws, such as 

conservation of mass, energy and momentum, along with numerous observations; Second, able 

to simulate important aspects of the current climate; and, Third, able to reproduce features of 

past climates and climate changes. Climate models have accurately simulated ancient climates, 

such as the warm mid-Holocene of 6000 years ago and trends over the past century combining 

both human and natural factors that influence climate. 



8 

 

GCM experiments simulate future climate conditions based on estimated warming effects of 

carbon dioxide (CO2) and other GHGs and the regional cooling effects of increasing sulphate 

aerosols, beginning in the late 19th century or early 20th century using scenarios of future 

radiative forcing.  

2.3. Climate Change Emission Scenarios 

The Intergovernmental Panel on Climate Change Third Assessment Report (IPCC-TAR) 

(IPCC 2001b) published forty different emission scenarios provide a range of future possible 

GHG emissions and atmospheric concentrations from socio-economic scenarios labeled SRES 

(Special Report on Emission Scenarios) (Nakicenovic et al. 2000). The SRES describes 4 

narrative storylines (i.e. A1, A2, B1 and B2) which represent different demographic, social, 

economic, technological, and environmental and policy future, as emission drivers. The SRES 

emissions scenarios are the quantitative interpretations of these qualitative storylines. Typically 

of interest are the pre-industrial control experiments, which run for long periods holding the 

forcing agents at fixed levels of the year 1850. They are used assess the GCMs ability to 

reproduce historical natural climate variability and also provide reference for the 20th Century 

and SRES experiments. The 20th Century experiment begins in the middle of the 19th century 

continuing to the end of the 21st century with the forcing agents representing the historical (or 

estimated) record. 

Climate models project future climate based on different emission scenarios, each based on a 

specific set of assumptions (Shaka, 2008). These assumptions include future trends in energy 

demand, emitted greenhouse gases, changes in land use and behavior of climate system over a 

long period of time (Houghton et al., 2001).  

Figure1 below presents a schematic representation of the four major emission scenarios as per 

the Special Report on Emission Scenarios (SRES) (IPCC, 2007). These scenarios (A1, A2, B1 

and B2) make different assumptions about future population increases, economic and 

technological developments, energy and land use, and the global approaches to sustainability 

which differently affects emissions of greenhouse gasses. In general, scenario A prioritizes 

economic development, whereas scenario B is more concerned with environmental 

sustainability. Numbers “1” and “2” represent different technological advancements within 

storylines, with “1” representing a much faster and diverse development and “2” representing a 
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slower and regional development (IPCC, 2007). To put it another away, a future that is more 

concerned with addressing global problems and sustainable environment is represented by 

scenario B1. On the other hand, a future in which nations prioritize their regional development, 

leading to unsustainable and unequal economic growth is represented by scenario A2 

(Anderson et al., 2008). This study focused on “1” which faster economic development and 

faster and diversified environmental sustainability. 

Table 1 shows a summary of the driving forces for the 2020, 2055 and 2100 timelines leading 

to the development of A1, A2, B1 and B2 scenarios. Table 2 gives a brief description of the 

major characteristics of each scenario. 

Table 1: Driving forces for emission scenarios for 2020, 2050 and 2100 timelines (Reproduced 

from SRES) 

scenario A1 A2 B1 B2 

Population (billion)(1990;5.3) 

2020 7.6 8.2 7.6 7.6 

2050 8.7 11.3 8.7 9.3 

2100 7 15.1 7 10.4 

World GDP(1012 USD/year(1990;1) 

2020 57 41 53 51 

2050 187 82 136 110 

2100 555 243 326 235 

Per capita income ratio: developed countries and economies in transition (Kyoto Treaty Annex 

1) to developed countries (Kyoto Treaty non-Annex 1) (1990;6.1)  

2020 6.2 9.4 8.4 7.7 

2050 2.8 6.6 3.6 4 

2100 1.6 4.2 1.8 3 
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Table 2: Characteristics of the major emission scenarios (IPCC SRES, 2000) 

Scenario Group A1B A2 B1 B2 

Population growth low low low medium 

GDP growth Very high Very high high medium 

Energy use Very high  high low medium 

Land use change low low high medium 

Oil/Gas resource 

Availability 

medium medium low medium 

Technological change rapid rapid medium medium 

Change favoring balanced Non-fossil 

fuel 

Efficiency and 

Dematerialization 

“dynamics as 

usual” 

 

                                         Sustainable Development and Human Equity 

              B1                Drivers of Emission Scenarios                 B2 

           Scenario                                                                      Scenario 

 

 Global Cooperation                                                                                Isolated problem solving 

                 A1                                                                        A2 

               Scenario                                                                        Scenario 

                              Unsustainable and Unequal Economic Growth 

Figure 1: Major emission scenarios (source, Anderson et al., 2008) 

 

Two commonly used emission scenarios used in my studySRA1B and SRB1, are considered 

here in the analysis of the impacts of future climate change on maize yield. Table 3 below 

provides a description of these two scenarios. 

 

 

Population Economy 
Technology Energy 
Agriculture         
(Land use) 
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Table 3: Description of the two emission scenarios used in this study (IPCC- 4th Assessment 

Report) 

Scenario Description 

 

SRA1B  

 

Characterized by very rapid economic growth (3%/yr), low population growth 

(0.27%/yr) and rapid introduction of new and more efficient technology. 

Globally there is economic and cultural convergence and capacity building, 

with a substantial reduction in regional differences in per capita income. 

SRB1  

 

Rapid change in economic structures, ‘dematerialization’ including improved 

equity and environmental concern. There is a global concern regarding 

environmental and social sustainability and more effort in introducing clean 

technologies. The global population reaches 7 billion by twenty first century. 

2.4. Downscaling GCMs Outputs 

Global Circulation Models (GCMs) have been developed to predict average large-scale 

phenomenon of atmospheric weather (Holton, 1992). GCMs are quite capable of simulating 

global climatic data at continental and hemispherical scales, but have limited capacity in 

simulating local weather features and dynamics at sub-grid scale (Carter et al., 1994). Outputs 

from climate models cannot be used directly in climate studies at local level due to the 

existence of a mismatch in spatial resolution between GCM outputs and regional 

hydrological/statistical models, in addition to the large coarse resolution of GCMs, compared 

to hydrologic/statistical models that use very fine spatial resolutions. Despite future GCMs 

runs on high resolution, there will still be a need to downscale the outputs so that they match 

the local sites before being further used in climate change studies. Downscaling therefore 

converts the coarse spatial resolution of any GCM outputs to a fine spatial resolution by 

generating local data from GCM outputs. This is done by linking global scale predictions to 

regional dynamics in order to generate climate variables specific to a particular site. 

Downscaling can be done using different approaches, including: (i) nesting a regional climate 

model into an existing GCM, (ii) statistical regressions and (iii) Using stochastic weather 

generators (which was used in this study due to the following reasons).  
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The first method of downscaling entails identifying a specific area and applying some driving 

factors from a GCM to the regional climate models. This method is also referred to as dynamic 

downscaling because regional climate models are dynamic models like GCMs, even though 

they exist in three layers. The first layer operates through a GCM; the second layer uses the 

local data for the specified area; and the third layer mathematically generates results based on 

the previous two layers. The output is moderately local data driven by both global models and 

regional specifics. The complexity of the models used makes the process challenging and less 

attractive. The main advantage of this technique is that it better simulates extreme climate 

events like floods and droughts and climate anomalies at regional scale (Fowler et al., 2007). 

Statistical regression involves using different regression methods to link local climate data to 

specific drivers in GCMs. First, a relationship between large scale variables (driving factors of 

GCMs) and climate variables at local scale is established. The established relationship is then 

used to predict future climate variables under various situations as stipulated by GCMs. In 

other words, regression models entail establishing “linear or nonlinear relationships between 

sub grid scale (e.g. single-site) parameters and coarse-resolution (grid-scale) predictor 

variables” (Hassan, 2012). 

Stochastic weather generators (WGs, which is used in my study) are statistically driven. WGs 

generate statistical linkages within climate variables in order to simulate present and future 

weather conditions of a specified station or area, using the historical observed climate variables 

of that station/area. Some of the models used in statistical methods include: USCLIMATE 

WGEN, LARS–WG, CLIMGEN, GEM and SDSM. In recent years, several studies have been 

done on the impacts of climate change and the prediction of climate variables using down-

scaling statistical models in the world. Mavromatis and Hansen (2001) comparing WM, WM2 

and LARS-WG models showed that LARS-WG model has produced data in a more acceptable 

level of confidence (95%). Semenov (2008a) using LARS- WG model studied temperature and 

precipitation at 20 stations in the UK, which were located in different climates. The results 

showed the high ability and accuracy of the LARS WG model. Rajabi et al (2010) compared 

the results of two exponential down-scaling models SDSM and LARS-WG, (this is the reason 

that make me to choose LARSWG model rather than the others) in Kermanshah. The results 

showed the better performance of LARS-WG model in the study region. Chen et al (2013) 
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used the LARS-WG model and the A2 scenario to predict precipitation, minimum temperature 

and maximum temperature in Sudan and South Sudan. The results showed the good 

performance of the model in predicting daily data. 

2.5. Uncertainty analysis 

Uncertainties affect the trustworthy of the outputs, and the subsequent climate impact 

assessment studies. Outputs from GCMs are often an extreme range of low and high values of 

climate variables, causing the results infeasible for further assessment studies (Cai et al., 2009). 

Three major factors contribute to uncertainty of GCMs are first differences in emissions 

scenarios derived from projections of economic activity, population growth, and technological 

development; second sensitivity of global climate to greenhouse gas forcing; third regional 

variability, which occurs between models of different regional responses (RRs) and within 

models of chaotic behaviors and modes of climate variability (Hunting ford et al., 2005; Cai et 

al., 2009).  

Numerous methods for dealing with uncertainties of GCMs have been proposed, some of 

which include (i) using a central prediction with error bars, (ii) expressing the results as a 

central prediction, (iii) using a bounded range with known probability distribution and (iv) by 

using a bounded range with larger range of unknown probabilities (OECD, 2003). In this study, 

a bounded range with known probability distribution was used (Gohari et al., 2013) to deal 

with the uncertainties of fifteen (15) GCMs because it is the most used technique in climate 

change impact studies in different countries. This technique requires the execution of three 

steps which are listed below. 

2.6. Baseline Period Data Selection 

The baseline period is the reference period on which calculation of future climate changes is 

based. Definition of the baseline period is important in order to select the observed climate 

dataset that combines with climate change information to generate climate change projections 

(Houghton et al., 2001). Carter et al. (1994), Mohammed (2009) and Hassan (2012) outline 

four criteria that are commonly used in selection of the baseline period.  

1.  The baseline period must truly represent the current or recent averages of climate 

conditions within the area.  
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2.  The baseline period must be sufficiently long and cover a wide range of climate 

variations, including extreme weather conditions.  

3.  The suitable baseline period is the one for which the major climatic data like rainfall 

(precipitation), temperature, sunshine and relative humidity are readily available, easily 

accessible and adequately distributed over space.  

4. The baseline period should have high quality climate data (with few missing data, if 

any).  

Based on these four selection criteria mentioned a baseline period of 30 years meteorological 

data from (1985-2014) was used to generate synthetic weather data.  

 2.7. Crop Model 

Several studies have been conducted to evaluate the impacts of climate change on crop 

production using crop simulation models. Examples of crop models that have been frequently 

applied thus far include: CERES-Wheat (Crop Environment Resource Synthesis) (Godwin et 

al., 1989; Jones et al., 2003), DSSAT (Hoogenboom et al., 1994) SWAP (soil–water–

atmosphere–plant model) (van Dam et al., 1997), CERES-Maize (corn) (Jones & Kiniry, 

1986), Crop Syst (Stöckle et al., 2003), CropWat (Allen et al., (1998), and Info Crop (Singh et 

al., 2005a). Of these models, three are said to have a strong emphasis on interactions between 

crop, water and climate change, namely (i) CropWat, (ii) AquaCrop and (iii) SWAP (Aerts and 

Droogers, 2004). These three models have been widely used and tested in different climate 

change impact studies worldwide, have a user-friendly interface, and are openly accessible. In 

this study the FAO (Food and Agriculture Organization) AquaCrop Version 4 was used 

(Steduto et al., 2009) to estimate maize production in the study area under different climate 

scenarios. AquaCrop provides an improved and powerful approach for assessing crop yield 

response to water deficit. This model has been developed and recommended by the FAO for 

several reasons: requires less climate data than most crop models, has a user-friendly interface, 

has a strong focus on relationships amongst climate change, carbon dioxide, water and crop 

yields, and it has a large number of users globally (Steduto et al., 2009). Numerous validation 

tests for AquaCrop have been carried out in different parts of the world.  
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2.7.1. Model selection 

Potential impacts of climate change on world food supply have been estimated in several 

studies (Parry et al., 1999). Results show that some regions may improve production, while 

others suffer yield losses. This could lead to shifts of agricultural production zones around the 

world. Furthermore, different crops are affected differently, leading to the need for adaptation 

of supporting industries and markets. Climate change may alter the competitive position of 

countries with respect, for example, to exports of agricultural products. Some of the frequently 

applied agricultural models are: CropWat, AquaCrop, CropSyst, SWAP/WOFOST, CERES, 

DSSAT, and EPIC 

Each of these models is able to simulate crop growth for a range of crops. The main differences 

between these models are the representation of physical processes and the main focus of the 

model. Some of the models mentioned are strong in analyzing the impact of fertilizer use, the 

ability to simulate different crop varieties, farmer practices, etc. However, for this study I want 

to use models with a strong emphasis on crop-water-climate interactions. The three models 

that are specifically strong on the relationship between water availability, crop growth and 

climate change are CropWat, AquaCrop and SWAP/WOFOST. Moreover, these three models 

are in the public domain, have been applied world-wide frequently, and have a user friendly 

interface, but Aquacrop model was selected because of limited data requirements, a user-

friendly interface enabling non-specialist to develop scenarios, focus on climate change, CO2, 

water and crop yields, developed and supported by FAO, fast growing group of users’ world-

wide and flexibility in expanding level of detail. 

2.8. Calculation Procedure of AquaCrop model  

The algorithm and calculation procedures of AquaCrop place more emphasis on the soil water 

balance (Steduto et al., 2009). The model uses a set of equations to simulate soil water 

movement and root water uptake. The equations describe the dependent variable θ (soil water 

content), using dimensionless drainage coefficient τ, which is obtained from Ksat (hydraulic 

conductivity at saturation) for vertical flow of water in the soil profile (Raes et al., 2006). The 

soil profiles in AquaCrop are grouped into smaller fractions and this is done in order to nearly 

accurately describe the movement, retention and water uptake of the soil during the growing 

season. In total, the model comprises 12 soil compartments each of which measure 0.1m thick 

(Az). Depending on the crop and soil type, the size of each compartment is adjusted to cover 
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the entire root zone. Each of these soil compartments has different hydraulic characteristics 

depending on the type of soil associated with a particular compartment (Steduto et al., 2009). 

Soil drainage, surface runoff and infiltration, soil evaporation, crop transpiration and biomass 

production are discussed as follow in context of AquaCrop model. 

2.8.1. Drainage  

Drainage of water in each soil compartment occurs when water content θ, is above field 

capacity, FC. The amount of water that drains from compartment i, at time step Δt, is expressed 

by exponential drainage function, which considers water content θi and the drainage properties 

of the soil (Raes, 1982; Raes et al., 1988; 2006) 

∆��

∆�
=  �(���� − ���)

���� �����

������ �����
 ---------------------------------------------------1 

Where 
∆��

∆�
 is the decrease in soil water content θ during Δt (m3m-3d-1), τ is the drainage 

coefficient, θsat is volumetric water content at saturation, and θFC is the field capacity. As the 

value of τ becomes close to 1, a fully saturated soil will drain the fastest (approximately 

between 1 to 2 days); conversely, smaller values of τ (τ <1) decreases water drainage 

capabilities of the soil. Numerous studies indicate that AquaCrop perfectly mimics the 

infiltration and drainage patterns that occur in in situ field observations (Descheemaeker, 2006; 

Raes et al., 2006; Geerts et al., 2008). To simulate drainage in a soil profile containing many 

and different compartments, the drainage ability 
∆��

∆�
 of each compartment is considered. An 

assumption is made that the total drainage occurring in soil compartments at the top, will pass 

through lower compartments so long the compartments at the bottom have greater or equal 

drainage characteristics with compartments at the top. If a compartment at the bottom has less 

drainage capabilities than the one at the top, excess water is store within the compartment 

thereby increasing its water content and subsequently its drainage ability. 

2.8.2. Surface Runoff and Infiltration  

To simulate surface run off, AquaCrop employs the Curve Number Method proposed by 

USDA (1964), Rallison (1980) and Steenhuis et al. (1995). The Curve Number, abbreviated as 

CNII, is adjusted according to the wetness of the top layer of the soil. Smedema and Rycroft 

(1983) uses some derived relationships for curve number values for “antecedent moisture 

class” (AMC) I (dry), II and III (wet), in which a soil depth of about 0.3m is considered for 
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determining AMC. For simplicity, surface runoff resulting from crop irrigation is considered to 

be zero. If the surface runoff through irrigation is significant, the model requires that the user 

inputs the net water application.  

On the other hand, water infiltration (through irrigation or rainfall) into the soil compartments 

is limited by the saturated hydraulic conductivity (Ksat) of the soil in the top layer. Depending 

on the drainage characteristics of the soil compartments, storage of water occurs 

simultaneously with drainage, from top to bottom compartments (Steduto et al., 2009). 

2.8.3. Soil Evaporation  

In AquaCrop, soil evaporation occurs in two stages: an energy limiting stage (Stage I) and a 

falling rate stage (Stage II) (Philip, 1957; Ritchie, 1972). In stage I, the readily evaporable 

water (REW) is estimated using Equation 2. 

��� = 1000(��� − ���� ���) ∗��,���� --------------------------------------------2 

Where θFC is water content at field capacity, ���� ���   is the soil water content (m3m-3) when 

air dried, and ��,����  is the thickness (m) of the evaporating surface. The U value of Ritchie 

(1972) that binds the relationship between REW and cumulative evaporation for Stage it was 

determined by assuming that the value of ���� ���  equal half the value of permanent wilting 

point ���� , and ��,����  equals 40mm. Thus evaporation is limited to the energy limiting 

stage, so long REW remains in surface layer, and the rate of evaporation is the maximum rate. 

However, when REW is depleted in Stage I, then evaporation occurs in the falling rate stage 

(Stage II). This results in flow of water from bottom to surface layer of the soil (Ritche, 1972, 

Raes, 2009). Soil evaporation for both energy limiting and falling rate stages is determined 

using the equation 3. 

� =  �� � �� =  �� � ���,���
 � ��� ---------------------------------------------------3 

Where, Ex is the maximum rate of evaporation, ���,���
  is evaporation coefficient for fully wet 

and bare soil surface, ETO is reference evapotranspiration, and Kr is the dimensionless 

evaporation reduction coefficient. For stage I, Kr is set at 1, but decreases to values lower than 

1 as evaporation switches from stage I to stage II. As soil water content diminishes, so does its 

hydraulic conductivity. To account for the decline in hydraulic conductivity, the model uses an 

exponential function as shown in Equation 4 (Allen et al., 1998). 
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0 = �� =  
�

�� � � ��� ��

��� ��
 ≤ 1 -------------------------------------------------------------4 

Where fK is the decline factor, and Wrel is the relative water content of the soil layer. Ritchie (1972) 

discovered that when fk = 4, there exists a “good fit between the square root of time approach 

and the soil water content approach used by AquaCrop in the simulation of stage II 

evaporation”. Kr varies sturdily with Wrel and is estimated using Equation 4 above.  

Canopy cover impacts on the magnitude of evaporation. For a soil that is covered by crop 

canopy, the rate of evaporation (Ex) in the energy limiting stage (stage I) is estimated using 

Equation 5. 

�� = (1 − ��∗)� ���,���  � ��� --------------------------------------------------------5 

Where CC* is the portion of soil surface covered and adjusted for micro-advective effects, and 

is estimated using Equation 6 (Adams et al., 1976; Villalobos and Fereres (1990). 

��∗ = 172 � �� − ��� +  0.3 � ��� -------------------------------------------------6 

As canopy cover (CC) senesces (grows old) due to phenology or water stress as a result of Ex, 

Ex is estimated using Equation 7. 

�� = (1 − ��∗)� �1 − ��� � ����������,���  � ���  -------------------------------7 

Where fcc is the adjustment factor expressing the sheltering effect of the dead canopy cover, 

and CCtop is the canopy cover before the senescence. At maximum canopy cover, CCtop = 

CCx, the maximum canopy cover. 

2.8.4. Crop Transpiration  

For a well-watered field, crop transpiration is proportional to the canopy cover and is estimated 

using Equation 8. 

��� =  ��∗ � ����,� � ��� ---------------------------------------------------------------8 

where CC* is the adjusted canopy cover as in Equation 16, and Kctr,x is the coefficient for 

maximum crop transpiration. After maximum canopy cover (CCx) has been attained, the crop 

begins to age slowly, consequently transpiration declines. To account for this phenomenon, an 

adjustment factor fage is multiplied to ����,�  , leading to the adjusted coefficient of 

transpiration  ����,���. As senescence continues, crop photosynthesis and transpiration 

remarkably drops, and another adjustment factor that accounts for senescence fsen, is applied 
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to ����,��� (fsen =1 at start of scenescence (when CC=CCx) and 0 where no canopy exists). 

These relationships are shown in Equations 9 to 11.  

����,��� =  ���� � ����,��� -------------------------------------------------------------------------9 

Where 

���� = �
��

���
�

�
 ----------------------------------------------------------------------------- 10 

and 

 ��� =  ��∗ � ����,��� � ��� -----------------------------------------------------------11 

where α is a program parameter and is used to decrease (α<1) or increase (α>1) the reduction 

efficiency of transpiration and photosynthesis of the aging canopy (Raes et al., 2009). 

 2.8.5. Biomass Production  

 According to Steduto et al. (2009), biomass (B) above the ground is derived from transpiration 

through crop water productivity (WP) normalized for reference evapotranspiration (ETo) and 

carbon dioxide (CO2). Considering effects of low temperatures, chemical properties of 

harvestable parts of the plant, and modifications of dimensionless factors, the daily above 

ground biomass (m) is estimated using Equation 12. 

� =  ��� � ���  � �
��

���
� -----------------------------------------------------------------------------12 

where Ksb is the stress coefficient accounting for effects of low temperature on biomass 

production, fWP is the adjustment factor (fWP ≤1) accounting for differences in chemical 

composition of biomass and harvestable parts, Tr and ETo are crop transpiration and reference 

evapotranspiration respectively. 

2.8.6. Response of Harvest Index (HI) to Water Stress  

As discussed above, final crop yield (Y) is the product of final biomass (B) and harvest index 

(HI). Steduto et al. (2009) outlines the effects of water stress on HI. As flowering or formation 

of tuber commences, HI is programmed to increase until plant maturity. The value of HI at 

plant maturity under no stress conditions is referred to as reference harvest index (HIo) for a 

specific crop type. The impact of water stress on HI depends on its severity and time of 

occurrence, with the reproductive stage being the most crucial phase. However, if crop growth 

continues, water stress may lead to a reduction in leaf growth thereby increasing the HI. 
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Equation 13 indicates that the rate of increase �
���

��
� of harvest index (HI) is expedited when the 

maximum canopy cover is reached and the value of Ksexp is less than 1. 

���

��
= �1 +  

�������,�

�
� � �

���

��
�

�
 ---------------------------------------------------------13 

where, (
���

��
 ) is the rate of increase of HI for non stress conditions, � is the adjustable crop 

parameter, and Ksexp,t is the adjustment factor for the competition between vegetative and 

reproductive growth after flowering begins at time t. Even though growth of canopy cover is 

complete, Equation 13 is still applicable so long as crop growth continues.  

Crop response to water stress includes reduction in leaf growth and closure of stomata. This 

slows down the increase in HI whose rate of increase is described in Equation 14. 

���

��
=  ������

�� �1 −
���� ���,�

�
�� �

���

��
�

�
  ----------------------------------------------14 

where b is the adjustable crop parameter, and is the adjustment factor for stress that leads to 

stomata closure and reduction in photosynthesis.  

When water stress is so severe to allow pollination to occur, harvest index is represented by the 

relationship shown in Equation 15 below. 

���,��� = �∑ ������ � � ���� ����  ≤  ��� -----------------------------------------15 

where, ���,��� is the ��� adjusted for the reduction in pollination caused by stress, Kspol is the 

water stress coefficient for pollination on a given day, F is the fraction of the total number of 

potentially successful flowers going through anthesis on that day, and �  is a factor allowing 

for the effects of excessive sinks (Raes et al., 2009). 

 

 

 

 

 

 

 



21 

 

CHAPTER THREE 

3. MATERIALS AND METHODS 

 3.1. Description of Study Area 

3.1.1. Location of Study Area 

This study was conducted in Hawassa zuria district which surrounds Hawassa town the capital 

of SNNPR that constitutes different land forms, which can be broadly divided into highlands 

and low lands. The East African Rift valley bisects the highland plateaus in to two 

physiographic regions i.e. east and west. In the east, there are highland plateaus of Sidama, 

Burji and Amaro lying between 2300 to 3338 meters above sea level (masl). To the west of the 

rift valley, there are also major highland plateaus of Gurage, Kaffa, Dawro and Gamogofa that 

rise from 2500 to 4200 meters above sea level (m.a.s.l) (SNNPRS–RSA 2006). The study site 

is located in east of the rift valley in sidama zone; Hawassa zuria district as case study site. 

Hawassa zuria district is located in the Great Rift Valley of Ethiopia and at 273km distance 

from Addis Abeba capital city of Ethiopia. It covers latitudinal area from 6.950N to 7.130N and 

longitudinal area 38.50E to 38.730E. Total urban and rural population of Hawassa district is 

123,494 and 375,041, totxaling 498,534 (SNNPRS–RSA 2006).  The selection of the study 

area depends on the area where maize production is high in Hawassa Zuria district which is 

nearest to Hawassa town since daily 30 years meteorological data are collected from Hawassa 

station that represents Hawassa zuria district weather conditions. Figure 2 below indicates map 

of study area; from Ethiopia map to sidama zone; from sidama zone to Hawassa zuria district 

where the study was conducted. 

3.1.2. Soils Type 

There are many types of soils in Hawassa zuria district but the soil type prevailing in the study 

area is Andosols (a black or dark brown soil formed from volcanic material, with an A horizon 

rich in organic material). Soil property of the area is characterized by wilting point of 18.5% 

and field capacity of 34.8% with no restrictive soil layer and soil salinity stress. The depth to 

the static groundwater level varies from a few meters in the low-lying areas to up to 40m deep 

in elevated areas (Ayenew and Tilahun, 2008). Soil electrical conductivity and bulk density of 

the area are 0.113 ds/m and 0.96 g/cc respectively. 
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3.1.3. Crop and Climate  

Hawassa zuria has an annual average rainfall of 955mm with mean annual temperature of 200C 

(SNNPRS–RSA 2006). The main rainy season generally extends from June to October. Unlike 

most woredas of the Sidama Zone, major crops grown in the area are not cash crops but rather 

food crops like cereals (maize) and enset.  

 

 

Figure 2: Map of the study area 
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3.2. Description of Long Ashton Research Station Weather Generator (LARS-WG) 

Long Ashton Research Station Weather Generator (LARS-WG Version 5.5, to date version) 

was used for this study to simulate future weather data for Ethiopia and the model used data of 

southern region of Ethiopia specifically Hawassa zuria district as a case study. LARS-WG is 

implemented in C++ with full Windows interface and is freely accessible at 

http://www.rothamsted.ac.uk/mas-models/larswg.php (by providing LARS-WG specific 

site derivatives e.g. site parameter and diagnostics files, with the research community). The 

model simulates weather data at a single site under current and future conditions (Racsko et al., 

1991). LARS-WG Version 5.5 also includes fifteen (15) General Climate Models (GCMs) 

which have been used in the IPCC 4th Assessment Report (2007). Each of the models 

comprises at least three of the following scenarios: SRA1B, SRA2 and SRB1, for three time 

periods (2020s, 2055s and 2090s) of which this study used two emission scenarios; SRA1B 

and SRB1 for faster technological and environmental extreme respectively. The simulated data 

from the model are in form of daily time-series for the following climate variables (Semenov 

and Barrow, 2002).   

 maximum and minimum temperature (°C),  

 precipitation (mm) and  

 Solar radiation in Mega joule per square meter per day (MJ/m2/day)  

Table 4 presents General Climate Models (GCMs) incorporated in LARS WG 5.5 with their 

respective grid resolution, emission scenarios and time periods based on baseline. 
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Table 4: Global climate models from IPCC AR4 incorporated into the LARS-WG stochastic 

weather generator version 5.5 used in this study. B: baseline; T1: 2011–2030; T2: 2046–2065; 

T3: 2080–2099 (Mikhail A. Semenov, and Pierre Stratonovitch, 2010) 

Research Centre Country 
Global 
Climate 
Model 

Model 
Acronym 

Grid 
Resolution 

Emission 
Scenarios 

Time Periods 

Commonwealth 
Scientific and Industrial 
Research Organization 

Australia 
CSIRO-
MK3.0 

CSMK3 1.9 × 1.9° SRA1B, SRB1 B, T1,T2,T3 

Canadian Centre for 
Climate Modelling and 
Analysis 

Canada 
CGCM33.1 
(T47) 

CGMR 2.8 × 2.8° SRA1B B, T1,T2,T3 

Institute of Atmospheric 
Physics 

China 
FGOALS-
g1.0 

FGOALS 2.8 × 2.8° SRA1B, SRB1 B, T1,T2,T3 

Centre National de 
Recherches 
Meteorologiques 

France 
CNRM-
CM3 

CNCM3 1.9 × 1.9° SRA1B, SRA2 B, T1,T2,T3 

Institute Pierre Simon 
Laplace 

France PSL-CM4 IPCM4 2.5 × 3.75° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 

Max-Planck Institute for 
Meteorology 

Germany 
ECHAM5-
OM 

MPEH5 1.9 × 1.9° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 

National Institute for 
Environmental Studies 

Japan 
MRI-
CGCM2.3.2 

MIHR 2.8 × 2.8° SRA1B, SRB1 B, T1,T2,T3 

Bjerknes Centre for 
Climate Research 

Norway BCM2.0 BCM2 1.9 × 1.9° SRA1B, SRB1 B, T1,T2,T3 

Institute for Numerical 
Mathematics 

Russia INM-CM3.0 INCM3 4 × 5° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 

UK Meteorological 
Office 

UK 

HadCM3 HADCM3 2.5 × 3.75° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 

HadGEM1 HADGEM 1.3 × 1.9° SRA1B, SRA2 B, T1,T2, 

Geophysical Fluid 
Dynamics Lab 

USA 
GFDL-
CM2.1 

GFCM21 2.0 × 2.5° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 

Goddard Institute for 
Space Studies 

USA GISS-AOM GIAOM 3 × 4° SRA1B, SRB1 B, T1,T2,T3 

National Centre for 
Atmospheric Research 

USA PCM NCPCM 2.8 × 2.8° SRA1B, SRB1 B, T1,T2, 

USA CCSM3 NCCCS 1.4 × 1.4° 
SRA1B, SRA2, 
SRB1 

B, T1,T2,T3 
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 3.2.1. Input Data for LARS-WG 

The following weather data (in time series) are required as inputs to the model;  

 Minimum temperature (°C)  

 Maximum temperature (°C)  

 Precipitation (rainfall) (mm)  

 Solar radiation (MJ/m2/day)  

In the absence of solar radiation, the model accommodates the use of sunshine hours. LARS-

WG automatically converts the sunshine hours to solar radiation using an algorithm which was 

described by Rietveld (1978). The Model would either work with precipitation (rainfall) only, 

or precipitation and any combination of the aforementioned climate variables. Other important 

input information to be specified are the name of the station from which historical observed 

data was obtained and the location of the weather station in form of latitude, longitude and 

altitude. The ability of LARS-WG to simulate reliable data depends on the availability of 

observed data. The model simulates future weather data based on as little as a single year of 

observed weather data. However, the more observed daily weather data used, the closer to a 

true value are the simulated results. Semenov and Barrow (2002) recommend the use of daily 

weather data of at least between 20-30 years for better results. Weather data for long periods 

are significant in a way that they capture some of the less frequent events like droughts and 

floods. This study used daily historical observed weather data of 30 years from (1985-2014) 

time periods as baseline data which is maximum period that the model required to obtain best 

nearest true value outcome for climate variables in future three time periods under each 

scenarios. 

3.2.2. Model Calibration and Validation  

According to Semenov and Barrow (2002), the process of generating synthetic weather data 

can be grouped into three distinct steps: (a) model calibration, (b) model validation and (c) 

generation of synthetic weather data. 

3.2.2.1. Calibration of the Model 

Calibration is the first step that is executed by the model in order to generate synthetic weather 

data. Calibration of LARS-WG is carried out by a function on the main menu called “Site 
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Analysis”. The process is done so as to determine statistical characteristics and site parameters 

of the observed weather data. In this study, site analysis was performed on observed data for a 

period of 30 years (1985-2014). Once the program encounters “illegal data” during execution, 

an “error” is displayed. “Illegal” data includes the value of minimum temperature being greater 

than maximum temperature and being precipitation values less than zero (negative 

precipitation).  

Examples of statistical characteristics of weather data in the output file include the following;  

 Empirical distribution characteristics for the length of wet and dry series of days in the 

observed data,  

 The mean and standard deviation, by month, of wet and dry series length,  

 Rainfall distribution, maximum, minimum, number of observed years (months or days), 

mean and standard deviation.  

 Maximum, minimum, number of observed years (months or days), mean and standard 

deviation of temperature.  

 Periods of cool and warm weather  

 Maximum, minimum, number of observed years (months or days), mean and standard 

deviation of solar radiation.  

Examples of weather generated site parameters in the output file include the following;  

 Histogram intervals and frequency of events in the intervals for precipitation amount 

by month from January to December.  

 Fourier coefficients for means and standard deviations of minimum and maximum 

temperature on wet and dry days  

 Average autocorrelation value for minimum and maximum temperature and solar 

radiation.  

  Solar radiation amount (MJ/m2/day) on wet and dry days by month from January to 

December.  

During calibration period the model calculates the mean and standard deviation for generated 

and observed data based on 30 years input data and t, K-S and f-statistics with their respective 

p-value for the three climate variables (rainfall, maximum and minimum temperature). 
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3.2.2.2. Model Validation 

Once LARS-WG has been calibrated, its ability to simulate future weather data in the 

representative study site is assessed. Validation is a process that is used to determine how well 

a model can simulate potential future climate variables. The process involves comparing and 

analyzing the statistical characteristics of the observed and synthetic weather data in order to 

determine the existence of any statistically-significant differences between them. Validation of 

the model can be conducted in two different ways: (i) using the GENERATOR option to 

synthesize daily weather data based on the information in the site parameter files and then 

undertake comparisons between the observed and synthetic data ‘off-line’, or (ii) using the Q-

test option that executes statistical comparisons between climate parameters derived from 

observed weather data and synthetic weather data generated using LARS-WG. The Q test 

function was used to determine the ability of LARS-WG to rationally estimate future climate 

variables. This was achieved using three statistical tests; chi-square test (X2), t-test and K-S 

(Kolmogorov-Smirnov) which is output Q test function to test the performance of LARS-WG. 

The chi-square test was used to determine the existence of any significant difference between 

the simulated and observed frequencies in the meteorological data. A t-test was used to check 

the existence of any reliable difference between the means of the generated and observed data 

sets. Additionally; a K-S test was used to decide if a sample comes from population with a 

specific distribution. The Kolmogorov-Smirnov (K-S) statistic ∆ is the absolute maximum 

differences between observed cumulative probability P (Xm) and the theoretical cumulative 

probability F(Xm). 

∆= ���|�(�� ) − �(�� )| 

Observed cumulative probability is computed using Weibul’s formula P(Xm)=�
(����� )

(���)
� and 

theoretical cumulative probability is obtained for each ordered observation using the selected 

distribution. 

Where n is sample size and m is ordered sequence or rank. 

By using two statistical tests X2(chi-square) and t-test we calibrate and validate LARS-WG 

model. In addition to these two tests K-S test is used to cross check whether observed and 
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generated distribution is from the same population or not.  Large X2 and t values indicates the 

existence of real difference between observed and estimated/generated climate variables. 

Conversely, smaller X2 and t values indicate that there is less difference between observed and 

estimated data sets. K-S value also should be less than critical value to accept the null 

hypothesis Ho that says the generated data distribution has the same population distribution as 

observed data sets. Each X2, t and K-S value has a corresponding p-value output from the 

model Q-test button, which is the probability that the pattern of data in the sample could be 

produced by random variables. A p-value of 0.05 simply means there is a probability of 5% 

that there is no difference between observed and simulated data. P-values below the set 

significance level indicate that the simulated climate variables are far from the true climate 

values. For the purpose of this study, a p-value was set at 0.05 which is commonly used in 

statistical tests and climate change studies (Gohari.et al, 2013).  

3.2.2.3. Generation of Synthetic Weather Data 

Once LARS-WG has been calibrated (Site Analysis) and the performance of the weather 

generator has been verified (Q-test), the “Generator” option then generates synthetic weather 

data. Synthetic weather data generated from this option have the same characteristics as 

observed weather data. This option also enables one to generate synthetic weather data 

analogous to a scenario of climate change. The following output data is obtained from this 

function;  

 Relative change in monthly mean rainfall  

 Relative change in duration of wet and dry spell  

 Absolute change in monthly mean minimum temperature  

 Absolute change in monthly mean maximum temperature  

 Relative changes in daily temperature variability  

 Absolute change in monthly mean radiation  

LARS-WG is based on the series weather generator described in Racsko et al. (1991). It 

utilizes semi-empirical distributions (SED) for the lengths of wet and dry day series, daily 

precipitation, minimum and maximum temperature and daily solar radiation. The semi-

empirical distribution Emp= {a0, ai; hi, i=1… 23}, is a histogram with 23 intervals, (ai-1, ai), 

where ai-1 < ai, and hi denotes the number of events from the observed data in the ith interval. 
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Random values from the semi-empirical distributions are chosen by first selecting one of the 

intervals (using the proportion of events in each interval as the selection probability), and then 

selecting a value within that interval from the uniform distribution. Such a distribution is 

flexible and can approximate a wide variety of shapes by adjusting the intervals [ai-1, ai). The 

cost of this flexibility, however, is that the distribution requires many parameters (24 

parameters for the edges and 23 parameters for the number of events in each interval) to be 

specified compared with, for example, 3 parameters for the mixed-exponential distribution 

used in an earlier version of the model to define the dry and wet day series (Racsko et al., 

1991).  

3.3. GCM’s Emission Scenarios 

In this study the outputs from 15 GCMs under two emission scenarios: SRA1B and SRB1, as 

recommended by IPCC Special Report on Emission Scenarios (SRES) (Houghton et al., 2001) 

was used. Table 5 presents the key assumption the two emission scenarios used to predict 

future climate variables in three time periods (2020s, 2055s, and 2090s) with their respective 

C02 concentrations. 

Table 5: CO2 concentrations (ppm) for selected climate scenarios specified in the Special 
Report on Emissions Scenarios (SRES) (Nakicenovic & Swart 2000) 

Scenario  Key assumptions  CO2 concentration, ppm  

2011-2030  2046-
2065  

2081-2100  

SRA1B “the rich 
word”  

A world characterized by very rapid 
economic growth (3%/yr), low population 
growth (0.27%/yr) and rapid introduction 
of new and efficient technologies. There is 
global economic and cultural convergence 
and capacity building.  

418 541 674 

SRB1 “The 
sustainable world”  

Rapid change in economic structure, 
dematerialization, improved equity more 
global concern regarding environmental 
and social sustainability, with introduction 
of clean technologies. Global population 
reaches 7 billion. 

410 494 538 
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3.4. Uncertainty Analysis of GCMs  

3.4.1. Weighting of GCMs 

The first step of this technique involves weighting each of the 15 GCMs used in the study 

based on the Mean Observed Temperature-Precipitation (MOTP) method (Massah-Bavani and 

Morid, 2005; Gohari et al., 2013). In order to weight each GCM, the ability of the model to 

project weather data is considered. In other words, the method considers the monthly average 

difference between observed and simulated climate variables (precipitation and minimum and 

maximum temperature).  

� �� =  

�

�∆����

∑ �
�

�∆����
���

���

 -------------------------------------------------------------------------------16 

where Wij is the weight of GCM j in month i; and |∆��� | is the absolute difference between the 

average precipitation (rainfall) or temperature between observed value and the value simulated 

by GCM j in month i. 

3.4.2. Generation of Probability Distribution Functions (PDFs) 

This step implies generation of PDFs of changes in climate variables based on the calculated 

weights. The PDFs outline the relationship between the weight of each GCM and the average 

changes in monthly precipitation, minimum temperature and maximum temperature. With 15 

GCMs and 2 emission scenarios used in this work, 30 PDFs are thus constructed for each 

month. The generated discrete PDFs of the main variables are ultimately converted to 

cumulative probability functions (CDFs). Several studies have identified the use of Gamma 

distribution function as an important tool for analysis of climate data (Ines and Hansen, 2006; 

Block et al., 2009; Piani et al., 2010; Gohari e al., 2013). Based on similar studies that were 

carried by Pindyck (2012), Teutschbein and Seibert (2012) and Gohari et al. (2013), the 

Gamma function has been selected for generation of cumulative distribution functions as 

follows; 

�(�) =
�

� � Γ(α)
�� �����/� ;� ≥ 0 ----------------------------------------------------------------17 
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Where α and β are shape and scale parameters of the Gamma distribution function respectively, 

-x is the climate variable (temperature or precipitation), and is the incomplete Gamma function 

as given in Equation below. 

Γ(�) = ∫ ����∞

�
����� ----------------------------------------------------------------------------18 

By changing values of α and β, we obtain the best fit based on maximum likelihood model. 

The summation of squared error (Equation 19) has been used to show how best the Gamma 

function fits the data. 

��� = ∑ (��
�
��� − ���) -------------------------------------------------------------------------------19 

Where yi is the data point; ��� is the estimation of Gamma function and n is the number of data 

points. For this study, n = 15. 

3.4.3. Generation of Cumulative Distribution Functions (CDFs) 

In this step, the PDFs generated in the second step are converted to CDFs for each of the 12 

months (January-December). Next, values of climate change variables at three probability 

percentiles are extracted from the generated CDFs at the following risk levels: 25th, 50th, and 

75th probability percentiles. The calculated climate variables at three different percentiles are 

then used as input data for modeling of potential maize production with AquaCrop. The 25th 

probability percentile indicates a scenario of high changes in precipitation and low temperature 

changes. The 75th probability percentile represents a scenario with low changes in 

precipitation but high temperature changes. The 50th probability percentile is the median 

probability percentile for both precipitation and temperature. The generated PDFs were 

converted to CDFs using the gamma distribution function whose shape and scale parameters 

alpha (α) and beta (β) were as coded in MATLAB programming language which was resulted 

in high strength correlation coefficient (r=0.999). 

3.5. Crop Yield Estimation with AquaCrop 

3.5.1. Model Descrition 

AquaCrop is the FAO crop-model to simulate yield response to water. It is designed to balance 

simplicity, accuracy and robustness, and is particularly suited to address conditions where 

water is a key limiting factor in crop production. AquaCrop is a companion tool for a wide 

range of users and applications including yield prediction under climate change scenarios. 

AquaCrop is a completely revised version of the successful CropWat model. The main 
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difference between CropWat and AquaCrop is that AquaCrop includes more advanced crop 

growth routines. AquaCrop includes the following sub-model components: the soil, with its 

water balance; the crop, with its development, growth and yield; the atmosphere, with its 

thermal regime, rainfall, evaporative demand and CO2 concentration; and the management, 

with its major agronomic practice such as irrigation and fertilization (Steduto et al., 2009). The 

particular features that distinguishes AquaCrop from other crop models is its focus on water, 

the use of ground canopy cover instead of leaf area index, and the use of water productivity 

values normalized for atmospheric evaporative demand and of carbon dioxide concentration. 

This enables the model with the extrapolation capacity to diverse locations and seasons, 

including future climate scenarios. Moreover, although the model is simple, it gives particular 

attention to the fundamental processes involved in crop productivity and in the responses to 

water, from a physiological and agronomic background perspective. Figure 3 shows chart of 

AquaCrop indicating the main components of the soil–plant–atmosphere continuum and the 

parameters driving phenology, canopy cover, transpiration, biomass production and final yield. 

 

 

Figure 3: AquaCrop model structure indicating the main components of the soil–plant–

atmosphere continuum and the parameters driving phenology, canopy cover, transpiration, 

biomass production and final yield. 
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Theoretical assumptions of Aquacrop 

The complexity of crop responses to water deficits led to the use of empirical production 

functions as the most practical option to assess crop yield response to water. Among the 

empirical function approaches, FAO Irrigation & Drainage Paper 33 (Doorenbos and Kassam, 

1979) represented an important source to determine the yield response to water of field, 

vegetable and tree crops, through the following equation: 

�
�����

��
� = Ky �

�������

���
�--------------------------------------------------------------------------20 

Where Yx and Ya are the maximum and actual yield, ETx and ETa are the maximum and 

actual evapotranspiration, and ky is the proportionality factor between relative yield loss and 

relative reduction in evapotranspiration. 

AquaCrop evolves from the previous Doorenbos and Kassam (1979) approach by separating (i) 

the ET into soil evaporation (E) and crop transpiration (Tr) and (ii) the final yield (Y) into 

biomass (B) and harvest index (HI). The separation of ET into E and Tr avoids the 

confounding effect of the non-productive consumptive use of water (E). This is important 

especially during incomplete ground cover. The separation of Y into B and HI allows the 

distinction of the basic functional relations between environment and B from those between 

environment and HI. These relations are in fact fundamentally different and their use avoids 

the confounding effects of water stress on B and on HI. The changes described led to the 

following equation at the core of the AquaCrop growth engine: 

B = WP · ΣTr ---------------------------------------------------------------------------------------21 

Where Tr is the crop transpiration (mm) and WP is the water productivity parameter (kg of 

biomass per m2 and per mm of cumulated water transpired over the time period in which the 

biomass is produced). This step from Eq.20 to Eq.21 has a fundamental implication for the 

robustness of the model due to the conservative behavior of WP (Steduto et al., 2007). It is 

worth noticing though that both equations are different expressions of a water-driven growth 

engine in terms of crop modeling design (Steduto, 2003). The other main change from Eq.20 to 

AquaCrop is in the time scale used for each one. In the case of Eq.20, the relationship is used 

seasonally or for long periods (of the order of months), while in the case of Eq.21 the 

relationship is used for daily time steps, a period that is closer to the time scale of crop 
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responses to water deficits. The main components included in AquaCrop to calculate crop 

growth are :(i) Atmosphere (ii)Crop (iii)Soil (iv) Field Management (v) Irrigation management 

I) Atmosphere 

The minimum weather data requirements of AquaCrop include the following five parameters 

are daily minimum air temperatures, daily maximum air temperatures, daily rainfall, daily 

evaporative demand of the atmosphere expressed as reference evapotranspiration (ETo) and 

mean annual carbon dioxide concentration in the bulk atmosphere. The reference 

evapotranspiration (ETo) is in contrast to CropWat, not calculated by AquaCrop itself, but is a 

required input parameter. This enables the user to apply whatever ETo method based on 

common practice in a certain region and/or availability of data. From the various options to 

calculate ETo reference is made to the Penman-Monteith method as described by FAO (Allen 

et al., 1998). The same publication makes also reference to the Hargreaves method in case of 

data shortage. 

A companion software program (ETo calculator) based on the FAO.56 publication used on 

preference of Penman-Monteith method. A few additional parameters were used for a more 

reliable estimate of the reference evapotranspiration. Besides the minimum and maximum 

temperature, measured dew point temperature and wind speed were used for the calculation. 

The procedure followed for ETo calculation is identical to that outlined in the FAO Irrigation 

and Drainage Paper 56, using the FAO Penman-Monteith equation (Allen et al., 1998) which is 

given by: 

��� =  
�.���∆(��� �)� �

���

�����
��(�����)

∆��(���.����)
  --------------------------------22 

Where               ETo            reference evapotranspiration (mm/ day)  

                          Rn           net radiation at the crop surface (MJ/m2 /day)  

                          G            soil heat flux density (MJ/ m2 /day)  

                          T             mean daily air temperature at 2 m height (0C) 

                          U2            wind speed at 2 m height (m/s)  

                          es            saturation vapor pressure (kPa)  

                          ea            actual vapor pressure (kPa)  

                          es-ea          saturation vapor pressure deficit (kPa)  
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                          Δ             slope vapor pressure curve (kPa/ oC)  

                          γ               psychometric constant (kPa/ oC)    

AquaCrop calculations are performed always at a daily time-step. However, input is not 

required at a daily time-step, but can also be provided at 10-daily or monthly intervals. The 

model itself interpolates these data to daily time steps. The only exception is the CO2 levels 

which should be provided at annual time-step and are considered to be constant during the 

year. 

II) Crop 

AquaCrop considers five major components and associated dynamic responses which are used 

to simulate crop growth and yield development are phenology, aerial canopy, rooting depth, 

biomass production, and harvestable yield. As the crop grows, its canopy expands and its roots 

are simultaneously deepened, thereby establishing main development stages. The canopy 

represents the source of actual transpiration which is used to determine the amount of biomass 

produced from the water productivity (WP). Using the harvest index (HI), the actual 

harvestable part of biomass, the yield, is calculated using Equation below (Steduto et al., 2009) 

Y = B X HI-------------------------------------------------------------------------------------------23 

where, Y is the yield, B is biomass and HI is harvest index. The harvest index is essentially a 

percentage of biomass that is translated into yield.  

Steduto et al. (2009) states that canopy is the most significant component of AquaCrop, 

because the amount of water transpired from the crop determines biomass production and 

hence the yield. Its expansion is expressed as a percentage of green canopy ground-cover (CC), 

such that where there is no water stress for the crop, canopy expansion from emergency to full 

development follows exponential growth and exponential decay during the first and second 

halves of full development respectively as shown in Equations 24 and 25. 

�� = �������.�  -------------------------------------------------------------------------24 

�� = ��� − (��� − ���).�����.� ----------------------------------------------------25 

Where CC is canopy cover at time t, CCo is the canopy cover at t=0, CGC is the canopy 

growth coefficient in fraction per day or per degree day, CCx is the maximum canopy cover 

and t is the time in days or degree days. The growing degree days (GDD) which is the number 

of temperature degrees that determine a proportional crop growth and development are 

calculated using Equation 26: 
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��� =  
����� ����

�
− ����� -------------------------------------------------------------26 

Where Tmax and Tmin are maximum and minimum temperatures and Tbase is the temperature 

at which crop growth stops. 

III) Soil 

AquaCrop is flexible in terms of description of the soil system. Special features are Hydraulic 

characteristics which include hydraulic conductivity at saturation, volumetric water content at 

saturation, field capacity, wilting point. Soil fertility can be defined as additional stress on crop 

growth influenced by; water productivity parameter, the canopy growth development, 

maximum canopy cover, Rate of decline in green canopy during senescence. AquaCrop 

separates soil evaporation (E) from crop transpiration (Tr). The simulation of Tr is based on 

Reference evapotranspiration, Soil moisture content and Rooting depth whereas Simulation of 

soil evaporation depends on Reference evapotranspiration, Soil moisture content, Mulching, 

Canopy cover, Partial wetting by localized irrigation, Shading of the ground by the canopy. 

 IV) Field management 

Characteristics of general field management can be specified and are reflecting two groups of 

field management aspects: soil fertility levels and practices that affect the soil water balance. In 

terms of fertility levels one can select from pre-defined levels (none limiting, near optimal, 

moderate and poor) or specify parameters obtained from calibration. Field management options 

influencing the soil water balance that can be specified in AquaCrop are mulching, runoff 

reduction and soil bunds. 

V) Irrigation management 

Simulation of irrigation management is one of the strengths of AquaCrop with the following 

options: 

 rainfed-agriculture (no irrigation) used in this study 

 sprinkler irrigation 

 drip irrigation 

 surface irrigation by basin 

 surface irrigation by border 

 surface irrigation by furrow 
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Scheduling of irrigation can be simulated as fixed timing/Depletion of soil water 

Irrigation application amount can be defined as fixed depth/Back to field capacity 

Climate change 

The impact of climate change can be included in AquaCrop by three factors: adjusting the 

precipitation data file, adjusting the temperature data file and Impact of enhanced CO2 levels. 

The first two options are quite straightforward and require the standard procedure of creating 

climate input files in AquaCrop. Impact of enhanced CO2 levels is calculated by AquaCrop 

itself. AquaCrop uses for this the so-called normalized water productivity (WP*) for the 

simulation of aboveground biomass. The WP is normalized for the atmospheric CO2 

concentration and for the climate, taking into consideration the type of crop (e.g. C3 or C4). 

The C4 crops assimilate carbon at twice the rate of C3 crops. A C4 plant is a plant that cycle’s 

carbon dioxide into four-carbon sugar compounds to enter into the Calvin cycle (maize, 

pineapple, and sugar cane). 

3.5.2. Calibration of AquaCrop  

Calibration of AquaCrop has been achieved by comparing the actual maize production (as 

provided by the Department of Agriculture of southern nations, nationality and peoples of 

Ethiopia regional state, sidama zone) with the maize yield of simulated by the model. Input 

data for various crop and soil parameters used in the model are obtained from South Region 

Agricultural Research Institute and Wondo Genet Agricultural Research Center Hawassa 

Maize Research Sub Center of Ethiopia. By comparing the actual and simulated maize yields 

crop parameters(CCO, canopy development, root deepening, flowering and yield formation, 

canopy expansion relative to water stress,  stomata closure relative to water stress etc..), field 

management(soil fertility stress percentage for biomass production in respective to canopy, 

biomass, water productivity and percentage soil surface covered) and soil characteristics 

(characteristics of soil horizon, soil surface, restrictive soil layer and capillary rise) are 

adjusted through trial and error, until a closest match between recorded and simulated maize 

yield was achieved. Data (recorded maize yields, rainfall, minimum and maximum 

temperature) from Hawassa station for year 2014 has been used to calibrate the model. Table 6 

shows some important final calibrated values of crop parameters (Gebreselassie et al.,2014, 

Abedinpour et al., 2012) which were used in determining the final Biomass, Harvest Index and 

hence Yield of maize using AquaCrop. 
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Table 6: Input crop parameters used in calibration of AquaCrop 

Description of parameter Value used Unit of parameter 

Base temperature 10 oc 

Cut-off temperature 40 oc 

Canopy growth coefficient (CGC) 20.9 %/day 

Canopy decline coefficient (CDC) at 
senescence 

0.98 %/day 

Leaf growth threshold (Pupper) 0.2 
% of TAW (fraction of total available 
water (TAW) 

Leaf growth threshold (Plower) 0.55 % of TAW 

Leaf growth stress coefficient curve 
shape 

3.1 Unit less (moderately convex curve) 

Expansion stress coefficient (Pupper) 0.18 % of TAW 

Expansion stress coefficient 
(PLower) 

0.55 % of TAW 

Expansion stress coefficient curve 
shape 

3.1 % of TAW 

Stomatal conductance threshold 
(Pupper) 

0.55 Unit less 

Stomatal stress coefficient curve 
shape 

1.9 Unit less (high convex curve) 

Senescence stress coefficient curve 
shape 

1.6 Unit less (moderately convex curve) 

Senescence stress coefficient 
(Pupper) 

0.46 Unit less (Initiation of canopy senescence) 

Coefficient, inhibition of leaf growth 
on HI 

12 
Unit less (HI increased by inhibition of 
leaf growth at anthesis 

Coefficient, inhabitation of stomata 
on HI 

5 
Unit less (HI increased by inhibition of 
stomata at anthesis 

Maximum basal crop coefficient 
(Kcb) 

1.25 Unit less 

Time from sowing to emergence 8 Days 

Time to maximum canopy cover 52 Days 

Time from sowing to start flowering 66 Days 

Time from sowing to start 
senescence 

110 Days 

Time from sowing to maturity 148 Days 

Length of the flowering stage 10 Days 

Length of building up HI 66 Days 
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3.5.3. Validation of AquaCrop  

 Having calibrated AquaCrop, it was significant that the model be validated in order to evaluate 

its performance in simulating crop yields. Model validation is important in order to determine 

if the model has the ability to replicate the data, to analyze the effectiveness of model 

calibration and compare synthetic data with those done in previous studies. Loague and Green 

(1991) indicates that there are numerous statistical indicators for evaluating performance of 

AquaCrop, nonetheless, Willmott (1984) argues that each of the statistical indicators have their 

own weaknesses and strengths. To effectively evaluate the performance of the model, the use 

of ensemble statistical indicators is appropriate (Willmott, 1984). In analysis of performance of 

AquaCrop, the following lists of statistical indicators were used: prediction error (Pe), 

coefficient of determination (R2), mean absolute error (MAE), root mean square error (RMSE) 

and Nash and Sutcliffe (Ns). Ns and R2 indicate the predictive power of the model whilst Pe, 

MAE and RMSE are used to signify the amount of error associated with the model prediction 

(Abedinpour et al., 2012).  

Calibrated crop parameters, management practices and soil types and conditions remained 

constant. Maize yields for years 2008 to 2013 were used to compare with those simulated by 

the model within the same time period. Equations 27-31 below show the statistical 

relationships that were used to evaluate the performance of the model based on its predictive 

prowess and amount of error associated with it (Nash and Sutcliffe, 1970). Equation 27 is a 

relationship used to estimate, R2, which is the squared values of Pearson correlation coefficient 

that illustrates squared ratio between covariance and the multiplied standard deviations of the 

observed and estimated maize yields.                                               

R2 = �
∑ (�����)(����̅)

�∑ (�����)� ∑ (�����)�
�

�

--------------------------------------------------------------27 

Ns = 1 −  
∑ (�����)����

���

∑ (�����)����
���

 -------------------------------------------------------------------28 

Pe=
(��� ��)

��
× 100--------------------------------------------------------------------------29 

Where, Si and Oi are synthetic and actual (observed) production 0��  is the mean value of Oi and 

N is the number of observations. 
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RMSE= �∑
(��� ��

)�

�
�
���  -------------------------------------------------------------30 

MAE=
�

�
∑ |�� − ��|�

���  ----------------------------------------------------------------31 

The model is said to perform better when values of E and R2 approaches one and when values 

of Pe, MAE and RMSE approaches zero (Moriasi et al., 2007). 

 

 

 

 

 

 

 

 

 

 

                                                                                                                       

                                                                                                                     

           

                                                                                                   

Figure 4: Schematic overview of the general methodology adopted in this study. 
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CHAPTER FOUR 

4. RESULTS AND DISCUSSIONS 

4.1. Calibration and validation of LARS-WG 

Table 7 shows the results of the p-values for all chi-square (X2), Kolmogorov-Smirnov (K-S) 

and t-tests for rainfall, minimum and maximum temperature from January to December. Figure 

5 presents the monthly p-values of X2
, K-S and t-tests for rainfall; K-S and t-tests plot for 

minimum and maximum temperatures as shown in table. The figure indicates p-value for chi-

square and t-test varies among months whereas p-value for k-S test approaches to unity for all 

months which shows generated and observed climate variables are from the same population.   

Chi-square test is not important for temperatures since chi-square is used to determine the 

existence of any significant difference between simulated and observed frequencies in 

meteorological weather data whereby frequency test is necessary only for rainfall. The results 

indicate that p-values in all months for both rainfall and temperatures are higher than the 

selected significance level of 0.05 for the three tests. Thus the model is satisfactorily to 

simulate future climate data. 

Table 7: Statistical comparison of generated and observed weather data using Q test button of 
LARSWG5.5 (Significant p-value = 0.05) 

Month 
                        Rainfall Min temperature Max temperature 

k-s 
p-
value t 

p-
value x2 

p-
value k-s 

p-
value t 

p-
value k-s 

p-
value t 

p-
value 

Jan 0.1 1 1.64 0.11 1.85 0.057 0.053 1 -0.66 0.511 0.053 1 -0.66 0.512 

Feb 0.05 1 -0.6 0.58 1.78 0.074 0.053 1 -0.878 0.383 0.106 0.99 0.324 0.747 

Mar 0.05 1 0.77 0.45 1.01 0.952 0.106 0.99       0.098 0.923 0.105 0.99 -0.2 0.84 

Apr 0.05 1 1.16 0.25 1.02 0.975 0.106 0.99 1.29 0.201 0.053 1 -0.78 0.435 

May 0.06 1 0.27 0.79 1.1 0.805 0.053 1 -1.185 0.24 0.053 1 0.81 0.421 

Jun 0.12 0.99 0.19 0.85 1.12 0.708 0.053 1 -1.249 0.216 0.053 1 -0.29 0.776 

July 0.02 1 0.29 0.77 1.48 0.26 0.053 1 -0.983 0.329 0.053 1 -0.69 0.492 

Aug 0.05 1 -0.2 0.85 1.11 0.776 0.053 1 0.143 0.887 0.053 1 -1.87 0.066 

Sep 0.11 0.99 -0.1 0.93 1.16 0.627 0.106 0.99 1.636 0.106 0.106 0.99 0.588 0.558 

Oct 0.07 1 0.83 0.41 1.41 0.28 0.053 1 0.028 0.977 0.106 0.99 0.47 0.64 

Nov 0.05 1 0.16 0.87 1.8 0.067 0.053 1 -1.611 0.111 0.053 1 0.72 0.473 

Dec 0.05 1 -0.8 0.44 2.01 0.051 0.053 1 0.194 0.847 0.053 1 -1 0.321 
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Figure 5: Plot of P-values for X2, K-S and t- tests for rainfall and temperatures. 

 

Table 8: Series seasonal distributions statistics for WET and DRY 

Month 

Wet Series Statistics Dry Series Statistics 

Max Mean Sd 
Number Of 
Observation Max Mean Sd 

Number Of 
Observation 

Jan 6 1.73 1.14 88 57 7.41 9.11 90 

Feb 7 2.03 1.39 102 32 4.74 6.05 100 

Mar 16 2.88 2.42 161 21 2.83 3.54 150 

Apr 14 3.35 2.67 163 13 2.3 2.29 162 

May 17 2.81 2.43 175 16 2.22 1.98 176 

Jun 12 2.06 1.63 227 7 1.85 1.21 228 

July 15 2.94 2.45 194 10 1.95 1.35 191 

Aug 19 3.03 2.59 200 7 1.73 1.18 199 

Sep 21 4.08 3.4 155 40 1.81 3.24 158 

Oct 14 2.84 2.52 134 31 4.28 5.47 140 

Nov 7 2.14 1.48 79 58 10.41 11.38 86 

Dec 7 1.68 1.29 79 79 10.56 15.21 79 
 

In addition to these three tests to be more confident on the model we can see the output of wet 

and dry series statistical length of the meteorological data from LARS-WG. Table 8 shows the 

maximum, mean, standard deviation and number of observation of wet and dry statistical series 

of each month from January to December. As we can observe from simulated weather data in 

Table 8 the maximum wet day (rainfall > 0 ��) length is recorded in month from September 
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to August (19-21) and the minimum wet day length is in month from November to January (6-

7). Similarly the maximum dry day (rainfall= 0 mm) length is recorded in the month from 

November to December (10.41-1056) and the minimum dry day length is in month from June 

to August (7-10) for this particular area which is similar to raw data used as input for this 

specific site of study. 

Beside all tests above figure 6 below show that the mean and standard deviation of monthly 

observed data resemble with generated/estimated data for three climate variables rainfall, 

maximum and minimum temperatures. This ensures our confidence to use LARSWG5.5 for 

future synthetic meteorological weather data simulation. 
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Figure 6: Comparison of generated and observed monthly weather data using mean and 

standard deviation. 

 

The model also generated bias, paired t-test with its respective p-value as shown in table 9.The 

three climate variables (rainfall, maximum temperature, and minimum temperature) paired t-

test p-value is higher than significance probability level 5% which increase our confidence on 

the model to simulate future climate variables. 
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Table 9: Paired t-test, bias and p-value for climate variables 

Climate variable Bias Paired t-test p-value 

Rainfall 2.758 1.658 0.123 

Minimum temperature -0.057 -1.248 0.236 

Maximum temperature -0.023 -0.82 0.428 

4.2. Future Climate Variables Generation 

Future mean climate variables (rainfall and temperatures) for fifteen (15) GCMs are generated 

using Generator key function of LARS-WG 5.5 with perspective to two emission scenario 

(SRA1B and SRB1) in the model. Figures 7 to 9 show the simulated mean monthly values of 

rainfall, minimum and maximum temperature in each time horizon in each emission scenarios 

at different probability percentiles. The figures presents that historical observed rainfall mean 

remain in the range of synthetic rainfall mean for three time horizons (2020s, 2055s and 2090s) 

under both emission scenarios; whereas historical observed maximum and minimum 

temperatures mean coming out of the ranges of synthetic temperatures mean generated 

gradually increases  in coming three time periods (2020s, 2055s, 2090) respectively which 

indicate that temperatures increase gradually in coming time periods under both scenarios 

whilst synthetic rainfall increase or decrease is uncertain in coming three time periods in each 

scenario. Figures 7 to 9 also presents the 15 GCMs predictions that indicate a wide range in 

synthetic climate variables. For instance, consider the estimated rainfall amount in the month 

of March estimated under emission scenario A in 2055s (SRA1B-2055s). Simulated rainfall 

amount by all GCMs for this month ranges approximately between 58mm (BCM2) GCM 

model to 136mm (NCPCM) GCM model where the difference is about 70mm. The box plots in 

figure 7 to 9 indicate the lower (25%) and upper (75%) quartiles whereby the line between 

them is the median (50%), and the lower and upper whiskers represent the mean ± standard 

deviation. The straight line shows the historical observed mean monthly rainfall. 
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Figure 7: Box plots showing the simulated mean monthly rainfall for 15 GCMs under scenarios 

A and B for three different time steps.  
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Figure 8: Box plots showing the simulated mean monthly maximum temperature for 15 GCMs 

under scenarios A and B for three different time steps. 
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Figure 9: Box plots showing the simulated mean monthly minimum temperature for 15 GCMs 

under scenarios A and B for three different time periods.  
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Figures 7 to 9 clearly presents those 15 GCMs predictions variations among each model for the 

three climate variables (maximum, minimum temperature and rainfall) but the variation is high 

in rainfall than temperatures. Consider the estimated maximum temperature amount in the 

month of June estimated under emission scenario A in 2090s (SRA1B-2090s); The simulated 

maximum temperature amount by all GCMs for this month ranges approximately between 

27.46 0c (GIAOM) GCM model to 30.23 0c (MPEH5) GCM model where the difference is 

about 2.768 0c. Similarly simulated minimum temperature in the month of December under 

emission scenario B in 2090s (SRB1-2090s) by all GCMs ranges between 11.76 0c (NCCCSM) 

GCM model to 14.02 0c (INCM3) GCM model where the difference is about 2.25 0c. This 

range in magnitude of output data simply confirms the notion that output weather variables 

from GCMs are associated with uncertainties. This phenomenon recurs in the rest of the 

months, scenarios and in all time periods both in simulated rainfall and minimum and 

maximum temperature data. It is therefore significant that such uncertainties are accounted for 

before outputs of GCMs are used in climate change assessment studies. 

4.3. Uncertainty Analysis of GCMs  

It was explained well under section 4.2 how much difference exist among GCMs output 

peculiarly in rainfall (70mm) which leads to uncertainty on the result. High uncertainties 

associated with GCMs’ output greatly affect the confidence levels of the results of any climate 

assessment studies. Several methods have been proposed for dealing with uncertainties of 

GCMs as explained under section 3.4. This study employs the use of probability assessment of 

bounded range with known probability distribution in order to deal with uncertainties of the 15 

GCMs. This process first involves determination of individual weights of each model, 

generation of probability distribution functions (PDFs) and construction of cumulative 

distribution functions (CDFs) based on the generated PDFs.  

4.3.1. Weighting of GCMs  

Each GCM is weighted according to its potential to simulate climate variables using formula 

explained in aforementioned section. Table 10 shows the weight of each GCM in simulating 

future changes in rainfall; Table 11 shows the weight of each GCM in simulating future 

changes in minimum temperature and Table 12 shows the weight of each GCM in simulating 

future changes in maximum temperature in each month. Generally, the expected relative 
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precipitation changes are more uncertain about 0.83 weight differences among GCMs models 

than the relative expected temperatures change which only is about 0.09 weight differences 

among GCM models. This result shows that LARS WG 5.5 model is more certain to predict 

monthly mean temperatures than to predict monthly mean rainfall. 

4.3.2. Probability Distribution Functions (PDFs)  

This is the second process of uncertainty analysis of GCMs. It involves generating monthly 

PDFs of rainfall and minimum and maximum temperature. Table 1-7 under Appendix A shows 

sample example of relative change of precipitation, minimum temperature and maximum 

temperature under scenario of SRA1B and SRB1 for the three time periods (2020s, 2055s, and 

2090s). Figures 10-12 show sample monthly discrete PDFs for the 15 GMs under scenarios A 

(SRA1B) and B (SRB1) against weight of each model to simulate climate variables in coming 

three time horizons. For instance, first figure under figure 10 shows relative rainfall change 

against GCMs weight for the month of March for the period of 2020s under scenario SRA1B. 

The figure show that massive rainfall changes from 0.8 to 1.2 ranges in GCM weight of 0 to 

0.1.   

Table 10: Calculated weight of each GCM in simulating future rainfall 

  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

BCM2 0.05 0.15 0.01 0.08 0.06 0.33 0.26 0.06 0.06 0.05 0.01 0.06 

CGMR 0.02 0.04 0.26 0.05 0.03 0.02 0.02 0.04 0.05 0.05 0.01 0.04 

CNCM3 0.02 0.06 0.02 0.17 0.08 0.03 0.05 0.05 0.06 0.03 0.01 0.03 

CNCM3 0.04 0.11 0.02 0.12 0.06 0.17 0.07 0.05 0.05 0.09 0.02 0.09 

FGOALS 0.03 0.04 0.02 0.03 0.06 0.04 0.09 0.05 0.06 0.03 0.01 0.04 

GFCM21 0.03 0.1 0.03 0.15 0.12 0.02 0 0.04 0.16 0.05 0.01 0.1 

GIAOM 0.07 0.07 0.04 0.04 0.04 0.04 0.19 0.06 0.06 0.05 0.01 0.07 

HADCM3 0.05 0.04 0.01 0.03 0.16 0.07 0.11 0.06 0.06 0.06 0.01 0.05 

HADGEM 0.02 0.16 0.23 0.06 0.1 0.07 0.01 0.03 0.04 0.22 0.83 0.2 

INCM3 0.01 0.03 0.02 0.04 0.05 0.03 0.01 0.16 0.07 0.03 0.01 0.04 

IPCM4 0.44 0.06 0.04 0.03 0.02 0.02 0.02 0.07 0.08 0.05 0.01 0.05 

MIHR 0.02 0.04 0.09 0.03 0.02 0.02 0.07 0.05 0.06 0.05 0.01 0.04 

MPEH5 0.13 0.05 0.09 0.11 0.1 0.08 0.04 0.18 0.09 0.05 0.01 0.06 

NCCCSM 0.06 0.05 0.13 0.05 0.05 0.02 0.01 0.06 0.05 0.06 0.01 0.05 

NCPCM 0.01 0.01 0 0.02 0.05 0.05 0.04 0.04 0.05 0.13 0.04 0.08 
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Table 11: Calculated weight of each GCM in simulating future minimum temperature 

  Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec 

BCM2 0.06 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 

CGMR 0.05 0.06 0.06 0.05 0.05 0.05 0.05 0.04 0.04 0.05 0.06 0.06 
CNCM3 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.05 0.05 0.05 
CSMK3 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.09 0.10 0.09 0.08 0.08 
FGOALS 0.09 0.08 0.08 0.09 0.09 0.08 0.08 0.08 0.08 0.08 0.09 0.09 
GFCM21 0.06 0.06 0.06 0.05 0.06 0.06 0.06 0.07 0.06 0.06 0.07 0.06 
GIAOM 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.09 0.08 0.07 0.08 
HADCM3 0.06 0.06 0.06 0.06 0.05 0.05 0.05 0.06 0.05 0.06 0.06 0.06 
HADGEM 0.09 0.09 0.09 0.09 0.08 0.08 0.07 0.07 0.08 0.08 0.09 0.08 
INCM3 0.04 0.04 0.04 0.04 0.05 0.05 0.06 0.06 0.06 0.05 0.04 0.04 
IPCM4 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.06 
MIHR 0.04 0.05 0.05 0.04 0.05 0.05 0.05 0.05 0.04 0.05 0.05 0.05 
MPEH5 0.05 0.06 0.05 0.05 0.05 0.04 0.04 0.05 0.05 0.05 0.06 0.06 
NCCCSM 0.08 0.08 0.08 0.07 0.07 0.08 0.07 0.07 0.07 0.07 0.07 0.08 
NCPCM 0.11 0.10 0.11 0.13 0.12 0.12 0.12 0.11 0.13 0.10 0.09 0.10 

 

Table 12: Calculated weight of each GCM in simulating future maximum temperature 

  Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec 

BCM2 0.08 0.06 0.05 0.05 0.05 0.06 0.06 0.07 0.07 0.08 0.09 0.09 
CGMR 0.05 0.05 0.06 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.04 0.05 
CNCM3 0.05 0.04 0.05 0.04 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.04 
CSMK3 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.08 0.08 0.07 
FGOALS 0.08 0.08 0.08 0.08 0.09 0.08 0.08 0.08 0.08 0.08 0.08 0.08 
GFCM21 0.05 0.05 0.05 0.05 0.05 0.06 0.06 0.07 0.06 0.06 0.05 0.05 
GIAOM 0.10 0.11 0.09 0.10 0.10 0.09 0.09 0.09 0.09 0.09 0.09 0.10 
HADCM3 0.05 0.05 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 
HADGEM 0.08 0.10 0.09 0.09 0.08 0.08 0.07 0.07 0.07 0.08 0.08 0.08 
INCM3 0.08 0.08 0.08 0.08 0.07 0.08 0.09 0.10 0.10 0.10 0.11 0.09 
IPCM4 0.05 0.04 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.04 0.05 
MIHR 0.05 0.04 0.05 0.04 0.04 0.05 0.05 0.05 0.04 0.04 0.04 0.05 
MPEH5 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.05 0.05 0.05 0.04 0.05 
NCCCSM 0.07 0.07 0.07 0.07 0.07 0.08 0.07 0.07 0.07 0.07 0.06 0.07 
NCPCM 0.10 0.12 0.10 0.13 0.14 0.13 0.11 0.11 0.11 0.10 0.09 0.09 
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Figure 10: Sample Discrete PDFs outlining the relationship between weights of 15 GCMs and 

monthly changes in relative rainfall. 
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Figure 11: Sample Discrete PDFs outlining the relationship between weights of 15 GCMs and 

monthly changes in relative minimum temperature. 
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Figure 12: Sample Discrete PDFs outlining the relationship between weights of 15 GCMs and 

monthly changes in relative maximum temperature. 
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4.3.3. Cumulative Distribution Functions (CDFs)  

The climate variables extracted at 25%, 50% and 75% probability percentiles from the 

developed CDFs as explained in section 3.4.3. Climate values at these three percentiles were 

then used as input data for maize yield climate impact assessment using AquaCrop model. 
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Figure 13: Sample CDFs for rainfall based on sample PDFs shown above under figure 10. 
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Figure 14: Sample CDFs for minimum temperature based on sample PDFs shown above under 

figure 11. 
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Figure 15: Sample CDFs for max temperature based on sample PDFs shown above under 

figure 12 
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4.4. Generation of Probability Percentiles  

The magnitude of the expected changes in rainfall, minimum and maximum temperature at 

three different probability percentiles (25%, 50% and 75%), were determined from the 

synthetic CDFs for both scenarios (SRA1B and SRB1) and in three time steps (2020s, 2055s 

and 2090s). Figure 16 shows the expected changes in future rainfall amounts under two 

scenarios. The simulated results describe that higher rainfall changes are expected under 

scenario A than scenario B in all three time periods excepting in period 2055s at 25% 

probability percentile. The expected changes in monthly rainfall for each time period varies 

between risk levels. Results indicate high increase in rainfall in some months like December, 

January, and February (DJF) which is winter (‘bega’) season of the country. However, some 

months of year like May to August indicate low increase in rainfall under both scenarios for 

three time periods at each risk level and very low rainfall increase is generated in summer 

(‘kiremt’) season of the country from June to August (JJA). Table 8 under appendix A shows 

the general seasonal rainfall variability at each time periods under both emission scenarios at 

three probability percentile. The result shows the seasonal increase of rainfall in descending 

order as winter (‘bega’, DJF), autumn (‘tseday’, SON), spring (‘belg’, MAM), summer 

(‘kiremt’, JJA).  Therefore as we observe from this result planting date schedule should be 

taken into account based on the result to overcome plant water scarcity for this particular study 

area. On average, summer rainfall amounts are expected to increase and/or decrease with the 

ranges of -2.34% to 2.67%, -5.5% to 4.67% and -4% to 8.34% in 2020s, 2050s and 2090s 

respectively and winter rainfall amounts are expected to increase and/or decrease with ranges -

3.67% to 15%, 6.34 to 37.5% and 7.84% to 66.34% in 2020s, 2050s and 2090s respectively. 

However, overall mean monthly rainfall prediction indicate rainfall increase in the study area 

which ranges -2.3 to 7%, 0.375 to 15.83% and 2.625 to 31.0% in three time periods 

2020s,2055s and 2090s respectively, whereas the same study using 10 GCMs models (Gohari 

A.et al, 2013) conducted in Iran show that precipitation decrease from 11%-31% in mid  

period(2046-2065).  

Ethiopia national meteorological agency (NMA) released climate projections for Ethiopia that 

has been generated using the software MAGICC/SCENGEN (Model for the Assessment of 

Greenhouse-gas Induced Climate Change)/ (Regional and global Climate SCENario 

GENerator) coupled model (Version 4.1) for three periods centered on the years 2030, 2050 
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and 2080. Rainfall prediction for coming three time periods based on 19 GCMs models for 

different parts of the country under scenario A1B and B1 with relative to baseline period of 

1961-1990 normal. The study result outlined that rainfall projections from different models in 

the ensemble are broadly consistent in indicating increases in annual rainfall in Ethiopia. 

However these increases are likely to occur in the October, November and December rainfall 

season (OND) in southern Ethiopia and in an increasing amount of rainfall occurring in “heavy 

events.” Annual changes in heavy events range from ‐1 to +18%. The largest increases are seen 

in JAS and OND rainfall (F.D.R.E, MoWR-NMA, 2011). Projections of change in the rainy 

seasons April, May, June (AMJ) and July, August, September (JAS) rainfall seasons which 

affect the larger portions of Ethiopia are more mixed, but tend towards slight increases in the 

south west and deceases in the north east (F.D.R.E, MoWR-NMA, 2011). Figure 16 to 18 

present estimated future changes in rainfall, maximum temperature and minimum temperature 

at three probability percentiles.  The top two plots indicate changes for the near future (2020s), 

the middle plots indicate changes for the middle period (2055s) and the bottom plots indicate 

the changes in the long term period (2090s), for each climate variables all under SRA1B and 

SRB1 
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Figure 16: The estimated future changes in relative rainfall at three probability percentiles.  

 

Figures 17 and 18 are plots of minimum and maximum temperatures for scenarios A and B 

under three percentiles at three time periods. Overall, temperature is expected to increase in all 

cases, with higher temperature changes expected under scenario A than in scenario B. Absolute 

values for changes in minimum temperature for 2020s, 2055s and 2090s are 0.34oC to 0.58oC, 

0.94oC to 1.8oC and 1.42oC to 3.2oC respectively. Similarly, changes in maximum temperature 

for the same time periods were estimated as follows; 0.32oC to 0.56oC, 0.91oC to 1.8oC and 

1.34oC to 3.035oC respectively.  
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The same study released by national meteorological agency (NMA) of Ethiopia as explained 

above for rainfall using the IPCC mid-range (A1B) emission scenario, the mean annual 

temperature will increase in the range of 0.9 -1.1 °C by 2030, in the range of 1.7 - 2.1 °C by 

2050 and in the range of 2.7-3.4 °C by 2080 over Ethiopia compared to the baseline 1961-1990 

normal. Other sources of data have also substantiated the variability of climate and its trends in 

a somewhat similar ways. Historical climate analysis for Ethiopia indicates that mean annual 

temperature has increased by 1.3°C between 1960 and 2006, an average rate of 0.28°C per 

decade. The result of the study also declared that an increase in temperature in Ethiopia has 

been most rapid in June, August and September at a rate of 0.32°C per decade (F.D.R.E, 

MoWR-NMA, 2011) whereas the result of this study indicates rapid temperature increase is 

simulated in December, January and March. Therefore the result of the study confirms this 

study result even though that study result didn’t downscale the climate variables to specific site 

and only outlined direct GCMs outputs for all the country whereas this study is for some 

specific area in southern region by using LARS WG weather generator downscaling tool; 

Hawassa as center of grid resolution which depends on the model spatial resolution. Even 

though the study uses 19 GMCs models with baseline 1961-1990 which is normal whereas this 

study depends on 15 GCM model with baseline 1985-2014, three climate change variables are 

in the same range. A summary of average changes in precipitation, minimum and maximum 

temperature for each scenario and time period is shown in Table 13.  
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Figure 17: Estimated future changes in minimum temperature at three probability percentiles.  
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Figure 18: Estimated future changes in maximum temperature at three probability percentiles.  

 

Table 13: Summary of mean annual and overall ranges of estimated climate variables in each 

time period, at different scenarios and probability percentiles 

Climate 
Variable 

Scenario 
percentile 

A B 
Range 

25A 50A 75A 25B 50B 75B 

Rainfall 
Change (%) 

2020 7 3.33 -2.3 6.75 2.67 0.67 -2.3 7 

2055 15.83 8.17 0.375 14 7.83 2.625 0.375 15.83 

2090 31.1 22.17 9 18.54 10.42 2.625 2.625 31.1 

Minimum 
Temperature 
Change(0C) 

2020 0.37 0.51 0.58 0.34 0.45 0.55 0.34 0.58 

2055 1.3 1.6 1.8 0.94 1.18 1.4 0.94 1.8 

2090 2.11 2.67 3.2 1.42 1.75 2.29 1.42 3.2 

Maximum 
Temperature 
Change(0C) 

2020 0.33 0.47 0.56 0.32 0.41 0.5 0.32 0.56 

2055 1.18 1.58 1.8 0.91 1.04 1.36 0.91 1.8 

2090 1.98 2.54 3.035 1.34 1.6 2.14 1.34 3.035 
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Even though no similar study conducted in this area using GCMs models on climate change 

impacts on crop production to compare the result of this study with it, the result of this study 

indicate that precipitation change is increasing in all time period and all probability percentiles 

except it decreases in 2020s at 75 probability percentile under scenario A. In general as  

summarized in table 13 rainfall increases with ranges from -2.3 to 7%,0.375 to 15.83% and 

2.625 to 31.0% in three time periods 2020s,2055s and 2090s respectively relative to baseline 

1985-2014. Like precipitation temperature increase in all months in the coming three time 

periods gradually as explained above.  

According Manfred K. and Netsanet Z., (2013) research conducted in Upper Blue Nile River 

Basins using mono and multi-modal statistical downscaling of GCMs Climate Predictors based 

on A2 and A1B SRES suggests that increase of the seasonal temperatures for both downscaling 

tools and both SRES scenarios. Thus, for the 2050s time period the seasonal maximum 

temperatures Tmax rise between 0.6 0C to 2.7 0C and the minimum ones Tmin by 2.44 0C. 

Similarly, during the 2090s the seasonal Tmax increase by 0.9 0C to 4.63 0C and Tmin by 1 0C to 

4.5 0C relative to baseline (1970-2000), whereby these increases are generally higher for the 

A2 than for the A1B scenario.  For both SRES scenarios and both simulated future time 

periods, the Tmax and Tmin for spring and summer seasons are warmer than for the autumn and 

winter seasons.  

Study done in Malawi Saka et al. (2003) used four GCMs (CSIRO, ECHAM, CGCMI and 

HadCM2) to estimate future changes in weather data for years 2020, 2075 and 2100 using 

baseline weather data of 1961-1990 also indicate that mean temperature will increase by 1oc by 

the year 2020, 20C by the year 2075 and 40C by the year 2100. In terms of rainfall, they also 

discovered that its pattern was not so certain with increase and decrease in different months in 

a year. However, they predicted a decrease in annual rainfall amounts ranging from 2% to 8% 

relative to the baseline. Study in Iran using 10 GCMs (Gohari et al.2013) based on base line 

1961-1990 also indicate that expected monthly precipitation changes under climate change 

with respect to the baseline are very different for different probability percentiles. Results 

suggest negative changes for some months of the year and positive changes in other months at 

different probability percentiles. In most cases winter precipitations are expected to decrease 

with climate change in contrast to this study where a precipitation in winter is expected to 

increase. The projected annual and seasonal changes of 30-year mean temperature and total 
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precipitation were calculated under different probability percentiles of climate change indicate 

that 11–31% decrease in precipitation and 1.1–1.5 °C increase in temperature by 2050s. 

4.5. Maize Yield Estimation with AquaCrop  

4.5.1. Model Calibration 

By inputting the 2014 weather data into the model benchmark for future simulation is set at 

three probability percentiles and three time periods. The model grossly overestimated maize 

yields when compared with recorded data in the study area for year 2014. It was therefore 

essential that adjustment of important and sensitive parameters in the model be carried out. By 

adjusting crop, management and soil properties in the main menu of AquaCrop, an output yield 

close in value to the recorded yield in 2014 was derived. Before calibrating the model, first the 

potential evapotranspiration (ETo) was estimated using the FAO ETo Calculator which uses 

the Penman-Monteith equation. Recorded data for maize production in year 2014 for Hawassa 

district was averagely 7.5 tons per hectare. After varying the model parameters, the closest 

simulated production was 7.496 tons per hectare. Once model calibration was complete, the 

model was then validated to determine its potential to simulate maize yields. 

4.5.2. Model Validation  

Historical recorded maize yields for the area from 2008-2013 were used to compare with those 

simulated by AquaCrop in order to determine its potential to simulate future maize yields at 

three probability percentiles and time periods. Table 14 presents observed versus estimated 

maize yield production with their respective statistical indicators used for the validation of 

AquaCrop model. 

Table 14: AquaCrop validation statistical analysis results for maize yields. 

Year Yields(ton/ha) 
Pe(±%) Ns R2 RMSE MAE(ton/ha) 

  observed simulated 

2008 6.5 6.39 1.69         

2009 6.4 6.56 2.50         

2010 6.7 6.746 0.69         

2011 6.8 6.852 0.76         

2012 7.25 7.245 0.07 0.906 0.908 0.11 0.12 

2013 7.2 7.06 1.67         
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The minimum and maximum prediction error (Pe) for maize yields for four growing season 

(2008-2013) ranges 0.07 to 2.5% whereas RMSE and MAE are 0.11 and 0.12 respectively. The 

three statistical parameters are close to zero, which indicates the suitability of the model to 

simulate future maize yields for three time periods and three percentiles. Estimated values of 

Nash and Sutcliffe (Ns) and coefficient of determination (R2) of 0.906 and 0.908 respectively 

are both close to 1, which further increases confidence in the model’s potential to simulate 

future maize yields. The validation results indicate that the model can be used to simulate 

future maize yields within acceptable deviations from the true values. 

 

Figure 19: AquaCrop validation results using the 2008-2013 simulated and recorded maize 

yields. 

 

4.5.3. Simulating Future Maize Yields with Climate Change  

Simulating future potential rainfed maize yields with climate change is the main objective of 

this study. To achieve this objective calibrated and validated crop model (AquaCrop) was used 

to estimate both average historical maize yields for the baseline period (1985-2014) and future 

potential maize production at three probability percentiles and time periods. Climate data 

(rainfall, minimum and maximum temperature, sunshine hours, relative humidity) for the 30 

years baseline period (1985-2014) were broken down into monthly averages in each of the 12 

months. By keeping all parameters the same and changing only climate parameters which used 
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during model calibration and validation the results from the model run indicated an average 

baseline period maize production of 7.2 ton/ha. This value is considered as maize production 

without climate change. Average values of future potential maize yields at various probability 

percentiles were calculated in a similar manner. Table 15 summarizes the simulated maize 

yields as a percentage, relative to the baseline period. 

 

Table 15: Maize production (tons/hectare) at different probability percentiles and time periods 

Period Percentile 
Production Change (%) 

Range (%) 
Scenario A Scenario B 

2011-2030 
(2020s) 

25 3.89 3.63 

3.63 7 50 7 4.13 

75 5.43 4.53 

2046-2065 
(2055s) 

25 6.79 5.39 

5.39 14.08 50 9.32 6.36 

75 14.08 10.03 

2080-2099 
(2090s) 

25 9.33 6.83 

6.83 15.61 50 12.04 9.26 

75 15.61 12.58 
 

In general, the results suggest an increase in maize yields for all the three time periods, 

scenarios and percentiles. The expected percentage changes in maize yields for 2011-2030, 

2046-2065, and 2080-2099 are 3.63% to 7%, 5.39% to 14.08%, and 6.83% to 15.61% 

respectively. This result indicates that in coming three time periods maize production increases 

with climate change, whereby all crop parameters, soil fertility and field management were 

kept the same or improved relative to baseline of (1985-2014).  
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CHAPTER FIVE 

5. CONCLUSIONS AND RECOMMENDATIONS 

The main focus of this study was to evaluate climate change impacts on rainfed maize 

production in Ethiopia. 15 GCMs were used to estimate future climate variables in three 

different time periods (2020s, 2055s and 2090s) using two scenarios (SRA1B and SRB1). 

Historical weather data (1985-2014) for Hawassa Meteorological Station in Hawassa town was 

utilized for future climate projections under climate change. Hawassa district was selected as a 

case study site.  

Due to low resolution of GCMs that result in a mismatch between simulated global and local 

data, it was significant to downscale the outputs of GCMs (rainfall and temperature data). 

Downscaling of GCMs simulated weather data was achieved using latest version LARS-WG 

5.5 model, a stochastic weather generator that has been extensively used in climate change 

studies. The model was calibrated and validated in order to determine its potential to estimate 

significant and reliable future climate variables. High p-values of chi-square, K-S and t-tests 

signified high similarity and reliability between observed and simulated climate data. GCMs 

are also associated with high uncertainty levels which negatively impact on the credibility of 

the output data. This study employed the use of probability analysis in which a bounded range 

with known probability distribution was used to account for the uncertainties of fifteen (15) 

GCMs. The procedure involved  

 weighting of GCMs,  

 generating monthly probability distribution functions (PDFs) 

 Constructing monthly cumulative probability functions (CDFs) from which weather 

data at three risk levels (25%, 50% and 75%) in three time periods and two scenarios, 

were extracted and used as input data for the crop model. 

AquaCrop Version 4, a new model developed by FAO that simulates the yield response to 

water deficit conditions, was used to assess potential maize production under rainfed farming 

with and without climate change. The model was first calibrated and validated using historical 

data to determine its reliability to simulate maize yields and statistical indicators like R2, Ns, 

RMSE, MAE and Pe were used to assess the suitability of the model to simulate potential 

maize yields. AquaCrop does not include an algorithm for calculating ETo, therefore, the FAO 



66 

 

ETo Calculator was used to estimate evapotranspiration for potential crop production in 

AquaCrop. 

5.1. Conclusions 

The study result indicates that LARS-WG 5.5 model is more uncertain to simulate future mean 

rainfall than generating maximum and minimum temperature whereby GCMs weight 

difference for rainfall is about 0.83 and 0.09 for temperatures. The results of this study also 

indicate that mean annual rainfall changes of the area ranges -2.3 to 7%, 0.375 to 15.83% and 

2.625 to 31.1% in 2020s, 2055s and 2090s respectively. However, mean monthly rainfall 

patterns depicted both increase and decrease behavior in different months and time period; 

indicating relatively rainfall decrease in summer and rainfall increase in winter for all three 

time periods and three probability percentiles. An overall increase in mean monthly 

temperature in all three time periods was observed. Average minimum temperature changes 

range for 2020s, 2055s and 2090s are 0.340C to 0.580C, 0.940C to 1.80C and 1.420C to 3.20C 

respectively. Similarly, changes in maximum temperature for the same time periods are 0.320C 

to 0.560C, 0.910C to 1.80C and 1.340C to 3.0350C respectively. An overall temperature change 

for three time periods ranges 0.320C to 0.580C, 0.910C to 1.80C and 1.340C to 3.20C in 2020s, 

2055s and 2090s respectively. Simulated temperature results compare well with the 2007 

report of the Intergovernmental Panel on Climate Change (IPCC) which indicates that in sub-

Saharan Africa, temperatures will rise by over 3°C in 21st century. The results from the crop 

model show an overall increase in maize production yields in all three time periods for this 

particular district with climate change by keeping all crop parameters, soil fertility and field 

management constant or improved under both emission scenarios (SRA1B and SRB1). The 

expected range of changes in maize production for changed climate for three time periods 

2020s, 2055s, and 2090s are 3.63% to 7%, 5.39% to 14.08%, and 6.83% to 15.61% 

respectively. 

Many studies discussed above conducted in different countries show that maximum and 

minimum temperature will increase whereas rainfall decreases in coming three time periods 

under different emission scenarios; on the other hand climate change study released by 

Ethiopian National Meteorological Agency indicate that temperature and rainfall change 

increase in the same range with this study. This study shows that minimum and maximum 
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temperature will increase with rainfall in coming times periods what makes maize yield to 

increase for this particular study area. 

5.2. Recommendations  

Even though maize productions yield responds positively to the climate change impact the 

following recommendations should be taken in account. 

 Since there is seasonal climate change variability (inter seasonal variation) planting 

date should be considered. 

 Well managed field which improve the water retaining of soil through mulching and 

erecting soil bunds considered during yield simulation. Therefore since crop water 

requirement depends on rainfall water management should be taken into account. 

  Soil fertility should be improved since soil fertility stress free considered during yield 

simulation. 

 Maize variety should be considered since this study uses BH-546 maize variety which 

is highly resistance water stress during simulation. 

5.3. Study Limitations  

Like any other work, this study also has some limitations which may to a certain extent affect 

the overall results. Human error is one of the crucial areas which may affect the results. The 

AquaCrop model uses annual average yield of different area in the district which grow with 

different soil type and different planting schedule for calibration and validation. Long term 

averages do not account for intra-annual weather variability which may be critical in assessing 

climate change impacts on crop production. Additionally, AquaCrop a crop simulation model 

used in this study, does not consider the effect of pests and weeds on maize yields. Pests and 

weeds play a significant role in total biomass production and hence yield. However, the 

assumption is that proper field management practices are employed which retards the growth 

of weeds and outbreak of pests.  
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APPENDIX A. LIST OF TABLES 

Table 1: Sample relative Rainfall change example for scenario SRA1B of period 2020s 

Mont
h 

BC
M2 

CG
MR 

CNC
M3 

CSMK
3 

FGO
ALS 

GFCM
21 

GIAO
M 

HADC
M3 

HADGE
M 

INCM
3 

IPCM
4 

MIH
R 

MPEH5 
NCC
CSM 

NCPC
M 

Jan 1.09 1.33 1.2 1.14 0.94 0.82 1.03 0.97 0.84 1.4 0.92 1.12 1.12 1.13 1.24 
Feb 0.96 1.18 1.09 1.01 0.94 0.9 1.03 1.07 0.86 1.29 1 1.05 1.1 1.04 1.83 
Mar 0.91 1.08 1.02 0.93 1.02 0.95 1.07 1.14 0.92 1.21 1.05 1.03 1.07 1.03 1.66 
Apr 0.95 0.99 1.01 0.95 1.02 1 1.06 1.04 0.94 1.13 1.04 1.07 1.02 1.01 1.17 
May 0.97 0.99 1 0.99 0.99 1.04 1.03 0.95 0.94 1.04 1.06 1.05 0.96 1.01 1.04 
Jun 0.95 1.03 0.98 0.98 0.98 1.05 1 0.96 0.93 1.02 1.1 0.99 0.94 1.04 1.02 
Jul 0.95 1.02 0.96 0.97 0.99 1.05 0.99 0.98 0.91 1.03 1.09 0.98 0.99 1.03 0.99 
Aug 1 0.99 0.96 0.99 1.01 1.02 1.01 0.98 0.92 1.03 1.05 0.99 1.05 1 0.96 
Sep 1.01 0.98 0.99 0.98 1.01 1 1.04 0.98 0.93 1.01 1.05 0.99 1.06 1 0.97 
Oct 1.02 1.02 1.04 1 1.09 1.01 1.04 0.99 0.95 1.06 1.03 0.98 1.04 1.02 0.99 
Nov 1.1 1.18 1.09 1.11 1.19 0.95 1.05 1 0.96 1.17 0.98 0.96 1.08 1.11 0.94 
Dec 1.16 1.36 1.18 1.19 1.11 0.83 1.06 0.99 0.91 1.35 0.92 1.04 1.14 1.2 0.86 
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Table 2: Sample relative Rainfall change example for scenario SRB1 of period 2020s 

 Mont
h 

BCM
2 

CGM
R 

CNC
M3 

CS
MK
3 

FGOA
LS 

GFCM21 
GIAO
M 

HADC
M3 

HADGE
M 

INCM
3 

IPCM
4 

MIHR 
MPEH
5 

NCCC
SM 

NC
PC
M 

Jan 0.99 0 0 1.01 1.08 1.16 1.04 1.08 0 1.13 0.96 1.22 1.04 1.03 0 
Feb 1.01 0 0 0.89 0.97 1.23 1.06 1.07 0 1.09 0.94 1.17 1.13 0.96 0 
Mar 0.92 0 0 0.86 1.04 1.08 1.09 1.13 0 1.05 0.98 1.1 1.08 0.98 0 
Apr 0.91 0 0 0.92 1.06 0.98 1.07 1.09 0 1.02 1.08 1.05 1.01 0.97 0 
May 0.97 0 0 1 1.02 0.99 1.02 0.99 0 0.99 1.1 1.03 0.99 0.98 0 
Jun 0.99 0 0 1.03 1 1.05 1 0.92 0 1 1.04 1 0.98 1.04 0 
Jul 1.01 0 0 1.01 1 1.14 1.01 0.92 0 1.02 0.97 0.99 1 1.05 0 
Aug 1.05 0 0 1 1.01 1.14 1.03 0.93 0 1.01 0.96 0.99 1.03 1.02 0 
Sep 1.04 0 0 0.97 1.02 1.04 1.02 0.93 0 1.01 0.99 0.98 1.06 1.01 0 
Oct 1.03 0 0 0.98 1.08 1.01 1.01 0.96 0 1.07 1.01 1.01 1.05 1.03 0 
Nov 1 0 0 1.03 1.2 1 1 1.06 0 1.12 1 1.12 1.06 1.15 0 
Dec 0.95 0 0 1.06 1.24 1 1.02 1.13 0 1.13 0.98 1.22 1.02 1.18 0 
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Table 3: Sample example relative minimum temperature change for scenario SRA1B of period 2020s 

  BCM2 
CGM
R 

CNCM
3 

CSMK
3 

FGOAL
S 

GFCM
21 

GIAO
M 

HADC
M3 

HAD
GEM 

INC
M3 

IPCM
4 

MIHR 
MPEH
5 

NCCC
SM 

NCPC
M 

Jan 0.54 0.61 0.6 0.35 0.33 0.66 0.38 0.56 0.42 1.22 0.61 0.69 0.35 0.54 0.36 
Feb 0.45 0.51 0.54 0.31 0.34 0.58 0.37 0.52 0.37 1.31 0.6 0.6 0.32 0.56 0.35 
Mar 0.37 0.46 0.51 0.3 0.32 0.6 0.38 0.53 0.4 1.35 0.57 0.59 0.3 0.54 0.34 
Apr 0.36 0.56 0.51 0.33 0.32 0.67 0.37 0.55 0.48 1.11 0.56 0.64 0.3 0.55 0.32 
May 0.33 0.62 0.5 0.32 0.34 0.66 0.32 0.57 0.52 0.8 0.54 0.66 0.45 0.57 0.33 
Jun 0.29 0.55 0.49 0.29 0.35 0.63 0.31 0.56 0.53 0.64 0.53 0.64 0.62 0.55 0.34 
Jul 0.34 0.57 0.53 0.28 0.36 0.56 0.3 0.51 0.55 0.55 0.57 0.59 0.57 0.59 0.31 
Aug 0.38 0.74 0.58 0.29 0.35 0.52 0.31 0.47 0.55 0.55 0.57 0.56 0.45 0.62 0.34 
Sep 0.4 0.79 0.58 0.27 0.34 0.53 0.33 0.47 0.5 0.64 0.56 0.57 0.41 0.57 0.4 
Oct 0.43 0.67 0.56 0.25 0.3 0.49 0.34 0.51 0.43 0.92 0.58 0.56 0.42 0.51 0.39 
Nov 0.46 0.61 0.56 0.3 0.24 0.46 0.37 0.57 0.41 1.23 0.59 0.61 0.41 0.49 0.39 
Dec 0.52 0.64 0.58 0.35 0.27 0.58 0.4 0.6 0.44 1.28 0.59 0.71 0.39 0.52 0.39 
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Table 4: Sample example relative minimum temperature change for scenario SRB1 of period 2020s 

Month BCM2 
CGM

R 
CNC
M3 

CSMK
3 

FGO
ALS 

GFCM
21 

GIAO
M 

HADC
M3 

HADG
EM 

INCM
3 

IPCM4 MIHR 
MPE
H5 

NCC
CS
M 

NCP
CM 

Jan 0.54 0 0 0.3 0.29 0.61 0.4 0.58 0 0.84 0.6 0.76 0.36 0.47 0 
Feb 0.51 0 0 0.29 0.32 0.51 0.42 0.5 0 0.92 0.65 0.66 0.31 0.53 0 
Mar 0.43 0 0 0.29 0.28 0.45 0.4 0.45 0 0.77 0.62 0.62 0.27 0.54 0 
Apr 0.43 0 0 0.28 0.24 0.42 0.39 0.45 0 0.6 0.52 0.62 0.26 0.6 0 
May 0.42 0 0 0.27 0.24 0.45 0.37 0.48 0 0.63 0.47 0.63 0.36 0.61 0 
Jun 0.4 0 0 0.27 0.27 0.46 0.34 0.49 0 0.63 0.5 0.63 0.46 0.47 0 
Jul 0.42 0 0 0.27 0.31 0.43 0.32 0.49 0 0.51 0.56 0.62 0.44 0.43 0 

Aug 0.4 0 0 0.26 0.31 0.44 0.31 0.49 0 0.48 0.58 0.59 0.35 0.5 0 
Sep 0.38 0 0 0.23 0.3 0.49 0.31 0.5 0 0.61 0.55 0.59 0.31 0.5 0 
Oct 0.39 0 0 0.23 0.26 0.5 0.3 0.53 0 0.88 0.53 0.67 0.29 0.45 0 
Nov 0.36 0 0 0.29 0.23 0.51 0.3 0.6 0 0.95 0.53 0.79 0.31 0.38 0 
Dec 0.42 0 0 0.31 0.23 0.61 0.33 0.63 0 0.8 0.54 0.83 0.37 0.39 0 
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Table 5: Sample example relative maximum temperature change for scenario SRA1B of period 2055s 

Month BCM2 CGMR CNCM3 
CSMK
3 

FGOAL
S 

GFCM
21 

GIA
OM 

HADC
M3 

HAD
GEM 

INC
M3 

IPCM4 MIHR 
MPE
H5 

NCCC
SM 

NCPC
M 

Jan 1.25 1.86 1.94 1.34 1.19 2.14 0.81 1.72 1.54 1.02 1.88 1.9 1.65 1.57 1.25 
Feb 1.61 1.69 1.86 1.3 1.25 2.02 0.87 1.62 1.4 1.09 1.89 1.9 1.55 1.47 1.25 
Mar 1.9 1.55 1.83 1.09 1.22 1.93 0.83 1.58 1.33 1.03 1.87 2.03 1.52 1.4 1.09 
Apr 1.99 1.63 1.79 1.18 1.13 1.93 0.82 1.69 1.34 1.02 1.79 2.07 1.62 1.44 0.92 
May 1.65 1.68 1.65 1.35 1.07 1.91 0.92 1.85 1.45 1.17 1.73 1.95 1.81 1.46 0.9 
Jun 1.36 1.58 1.64 1.41 1.07 1.86 1 1.92 1.61 1.2 1.79 1.91 1.93 1.43 0.91 
Jul 1.31 1.66 1.72 1.46 1.13 1.77 1.04 1.8 1.7 0.84 1.89 1.91 1.81 1.5 0.98 
Aug 1.19 1.86 1.73 1.35 1.14 1.67 1.03 1.66 1.69 0.68 1.91 1.85 1.6 1.54 1.06 
Sep 1.14 1.83 1.75 1.19 1.1 1.64 1 1.65 1.57 0.85 1.87 1.86 1.56 1.5 1.06 
Oct 1.1 1.69 1.83 1.11 1.06 1.65 1.01 1.68 1.41 0.89 1.88 1.99 1.62 1.49 1.09 
Nov 0.87 1.66 1.89 1.08 1.03 1.73 0.92 1.74 1.41 0.87 1.9 2.06 1.65 1.54 1.16 
Dec 0.87 1.79 1.95 1.16 1.09 1.99 0.8 1.76 1.56 0.92 1.89 1.99 1.7 1.6 1.21 
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Table 6: Sample example relative rainfall change for scenario SRA1B of period 2090s 

Month 
BCM2 

CGM
R 

CNC
M3 

CS
MK
3 

FGO
ALS 

GFCM
21 

GIAO
M 

HADC
M3 

HAD
GEM 

INCM
3 

IPCM
4 

MIH
R 

MPEH
5 

NCCC
SM 

NCPC
M 

Jan 1.12 1.67 1.63 0.88 1.51 1.27 1.14 1.71 0 1.68 1.61 2.14 1.63 1.58 0 
Feb 0.84 1.37 1.06 0.85 1.39 1.23 1.06 1.65 0 1.49 1.22 1.61 1.56 1.47 0 
Mar 0.89 1.14 0.86 0.79 1.36 1.01 1.12 1.64 0 1.3 1.13 1.18 1.27 1.42 0 
Apr 0.9 1.08 0.94 0.75 1.2 0.95 1.14 1.29 0 1.11 1.22 1.17 0.96 1.2 0 
May 0.87 1.13 1.02 0.8 1.04 0.97 1.06 0.92 0 1.01 1.21 1.18 0.81 1.09 0 
Jun 0.89 1.13 1.06 0.86 0.97 0.96 1 0.86 0 0.97 1.1 1.09 0.76 1.12 0 
Jul 0.95 1.01 1.07 0.91 0.98 1.15 1 1 0 1.07 1.03 1.03 0.93 1.1 0 
Aug 1.01 0.94 1.03 0.94 0.99 1.37 1.03 1.1 0 1.13 1.06 1.04 1.09 1.06 0 
Sep 1.03 0.99 1.1 0.95 1.09 1.28 1.08 1.1 0 1.14 1.15 1.1 1.11 1.06 0 
Oct 1.07 1.14 1.36 1.05 1.42 1.17 1.15 1.16 0 1.31 1.25 1.23 1.15 1.09 0 
Nov 1.31 1.41 1.77 1.14 1.83 1.18 1.24 1.45 0 1.7 1.52 1.54 1.44 1.35 0 
Dec 1.48 1.69 1.99 1.03 1.83 1.2 1.26 1.76 0 1.87 1.79 2.04 1.66 1.66 0 
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Table 7: Sample example relative maximum temperature change for scenario SRA1B of period 2090s 

month BCM2 CGMR 
CNC
M3 

CSMK
3 

FGOA
LS 

GFCM
21 

GIAOM 
HADC

M3 
HAD
GEM 

INCM3 
IPCM

4 
MIH

R 
MPE
H5 

NCC
CSM 

NCP
CM 

Jan 2.26 2.57 2.96 2.31 2.06 3 1.67 3.03 0 1.76 3.47 3.11 3.83 2.24 0 
Feb 2.6 2.41 2.99 2.35 2.11 2.82 1.83 2.88 0 1.96 3.52 3.26 3.71 2.01 0 
Mar 2.75 2.35 3 2.31 1.96 2.79 1.83 2.76 0 1.91 3.45 3.52 3.6 1.69 0 
Apr 2.96 2.49 2.88 2.4 1.83 2.9 1.69 2.85 0 1.85 3.22 3.63 3.67 1.76 0 
May 2.95 2.58 2.62 2.43 1.8 2.87 1.73 3.15 0 1.98 3.15 3.53 4.17 1.96 0 
Jun 2.82 2.49 2.55 2.44 1.87 2.75 1.79 3.31 0 2.08 3.31 3.5 4.63 1.94 0 
Jul 2.75 2.58 2.68 2.42 1.94 2.44 1.74 3.1 0 1.66 3.41 3.41 4.4 1.99 0 

Aug 2.45 2.9 2.75 2.24 1.95 2.1 1.65 2.86 0 1.22 3.37 3.28 3.94 2.13 0 
Sep 2.18 2.94 2.75 2 1.89 2.14 1.59 2.87 0 1.27 3.27 3.33 3.65 2.07 0 
Oct 2.1 2.63 2.78 1.74 1.78 2.33 1.6 2.95 0 1.32 3.24 3.43 3.5 2.03 0 
Nov 1.99 2.44 2.8 1.67 1.7 2.46 1.61 3.01 0 1.19 3.34 3.35 3.59 2.16 0 
Dec 1.97 2.55 2.87 1.96 1.82 2.8 1.6 3.08 0 1.35 3.43 3.16 3.8 2.24 0 
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Table 8: Seasonal Rainfall variability output under each scenario and in each time horizons at different risk levels. 

Periods Seasons 
Scenaro A Scenario B 

Range 
25A 50A 75A 25B 50B 75B 

2020s 

DJF('bega') -3.67 9 15 -0.17 5.34 12.34 -3.67 15 

MAM('belg') -1.34 1.67 5.5 -1.84 2 5.67 -1.87 5.67 

JJA('kiremt') -2.34 -0.67 2.17 -0.5 0.67 2.67 -2.34 2.67 

SON('tseday') -1.84 3.34 5.34 -0.17 2.67 6.34 -1.84 6.34 

2055s 

DJF('bega') 6.34 20.67 37.5 10 18.34 25.5 6.34 37.5 

MAM('belg') -3.67 4.67 10.34 -2.34 3 9.84 -3.67 10.34 

JJA('kiremt') -5.5 -0.67 1.84 -2.84 0.34 4.67 -5.5 4.67 

SON('tseday') 4.34 8 13.67 5.67 10.34 16 4.34 16 

2090s 

DJF('bega') 27 55.67 66.34 7.84 24 36.5 7.84 66.34 

MAM('belg') -4 9 19.67 -2 5.34 16.84 -4 19.67 

JJA('kiremt') -4 0.67 8.34 -3.34 1 5.34 -4 8.34 

SON('tseday') 17 20.34 30 8 11.34 15.5 8 30 
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Figure 1: Monthly 15 GCMs model output of Simulated Versus Observed Rainfall 

mean under two emission scenarios and three time periods. The solid lines show 

mean of each 15GCMs output and short dash black line is observed historical mean. 
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Figure 2: Monthly 15 GCMs model output of Simulated Versus Observed maximum 

temperature under two emission scenarios and three time periods. The solid lines 

show mean of each 15GCMs output and short dash black line is observed historical 

mean. 
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Figure 3: Monthly 15 GCMs model output of Simulated Versus Observed minimum 

temperature under two emission scenarios and three time periods. The solid lines 

show mean of each 15GCMs output and short dash black line is observed historical 

mean. 


