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[bookmark: _Toc166740250]ABSTRACT
Ethiopia is particularly vulnerable to the effects of variability and climate change. This study evaluates the ability of seven (7) Global Climate Models (GCMs) from the Coupled Model Intercomparison Project Phase 6 (CMIP6) to simulate the historical maximum and minimum temperatures at daily and monthly time scale during 1995-2014, for five climate zones of Ethiopia. The study’s purpose is to find which models have the best ability to simulate it. Both observation and model datasets are employed to compare with GCMs, evaluated by three performance metrics namely, percent bias (PBIAS), root mean square error (RMSE), and correlation coefficient (r). GCMs are ranked by using Comprehensive rating index (CRI) method. Results showed that the performance of GCMs vary from one climate zone to another. For simulation of GCMs at daily and monthly time scale for maximum temperature, EC-Earth3-veg, for temperate and alpine, MRI-ESM2-0 and MPI-ESM1-2-LR, for desert and tropical AEZs respectively, ACCESS-ESM-1-5 for sub-tropical AEZ of Ethiopia have the best performance, while MIROC6 performs the worst for all study cases in this study area. And CNRM-CM6-1, for all five (dessert, tropical, sub-tropical, temperate and alpine) AEZs of Ethiopia, has the best performance among all GCMs for simulation of minimum temperature at daily and monthly time scale. The average monthly and daily patterns of minimum and maximum temperature have also revealed resemblance with observed data over all AEZs of Ethiopia. The better performing CMIP6 models at respective AEZ can be used for different climate change and adaptation studies. 
Keywords: Agro-ecological zone, Coupled Model Intercomparison Project Phase 6, Global climate models, Temperature 
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[bookmark: _Toc154320727][bookmark: _Toc166740251]CHAPTER 1. INTRODUCTION
[bookmark: _Toc123592359][bookmark: _Toc154320728][bookmark: _Toc166740252]1.1. Background and Justification 
Global climate models (GCMs) are mathematical models representing the physics of the climate system, including the atmosphere, ocean, land surface, and cryosphere (Randall et al., 2007) . GCMs are beneficial tools widely utilized to study the global climate system for both historical and future periods.  Researchers from several institutions around the world have continually developed GCMs from 1995 to the present, to create efficient and reliable models for simulating climate systems (Edwards, 2011). GCM outputs from the climate modeling groups around the world have been collected by the World Climate Research Programs (WCRP) Working Group on Coupled Modeling (WGCM) to generate climate model experiments that are under the Coupled Model Intercomparison Project (CMIP). Coupled Model Intercomparison Project Phase 6 (CMIP6) is the most recent update of the CMIP. 
The number of experiments that have been designed in CMIP6 is the highest when compared to CMIP5's earlier phases. The CMIP6 models' physical processes are more intricate, and their resolutions are improved (Eyring, Bony, et al., 2016). The CMIP6 GCMs are different from earlier generations in that they include high geographic resolutions, improved cloud microphysical process parameters, and additional earth system processes and components, including ice sheets and biogeochemical cycles (Eyring et al., 2019). 
The major difference between the CMIP5 and CMIP6 future scenarios is that CMIP5 projections are available on the basis of 2100 radioactive forcing values for four GHG concentration pathways (SSP/RCP Based Scenarios for CMIP6, 2021). In contrast, CMIP6 uses socioeconomic pathways (SSPs), which are considered as more realistic future scenarios (Almazroui et al., 2020). The creation and maintenance of the intercomparison model, focused on biases, procedures, and feedback from climate models, is another CMIP6 upgrade (Kawai et al., 2019).
Results from CMIP simulations are used to evaluate climate for several international projects, such as the assessment report of the Intergovernmental Panel on Climate Change (IPCC) for the years 2001, 2007, and 2013 (IPCC., 2014; Taylor et al., 2012); in addition, CMIP6 simulation results are anticipated to appear in the IPCC Sixth Assessment Report (AR6) .  (Yan et al., 2013) assessed 25 CMIP5 historical simulations of temperature over China and found that the multi-model ensemble of CMIP5 could well simulate the spatial pattern. 
Since GCMs participating in CMIPs projects are generated by different climate institutes around the world (Taylor et al., 2012), there are different physical parameterizations and development strategies in each GCM (Hourdin et al., 2006). Moreover, the topography and climate characterization of each region are different (White et al., 2009). The internal determinations of GCMs are key to the different performances of GCMs by region, as it is difficult to input the topography and climate datasets that cover all of the globe. This is why researchers have evaluated the capacity of the GCMs regionally or locally around the world (Kumar et al., 2013; Lovino et al., 2018; Miao et al., 2014; Rupp et al., 2013; Su et al., 2013). 
Ethiopia has a high climate risk due to the combined effects of general atmospheric circulation and oceanic influence, geographical position, and topography. Climate risks are projected to increase because of current vulnerabilities, including increasing urbanized land use, deforestation, and anthropogenic climate change (IPCC, 2014). Among climate parameters, the temperature variable is a common factor in many disasters frequently occurring in Ethiopia, such as drought causing forest fires, which in turn affect human health, agriculture, and corals.
Ethiopia is one of the most ecologically diverse countries in the world (Kindt et al., 2014). Many factors, including Ethiopia's location in the tropics, its vast elevation range, and its diverse terrain, are responsible for this diversity of ecosystems and agro-ecology. This study aims to evaluate the ability of seven (7) Global climate models (GCMs) from the Coupled Model Intercomparison Project Phase 6 (CMIP6) to simulate the historical maximum and minimum temperature at daily and monthly time scales over all five AEZs of Ethiopia. The analysis is carried out to detect the models with the best performance that can be used in studies of maximum and minimum temperatures in Ethiopia.



[bookmark: _Toc166740253]1.2. Statement of The Problem
One of the major obstacles to conducting hydrologic and climate-related studies is the lack of an ideal network of rain gauges and well-organized precipitation and temperature data. Climate models are mathematical representations of the interactions between the atmosphere, oceans, land surface, ice, and the sun. This is a very complex task, so models are built to estimate trends rather than events. For example, a climate model can tell you it was cold in winter, but it can’t tell you what the temperature was on a specific day that’s weather forecasting (Beltrando & Camberlin, 1993). Increasing temperatures and variations in rainfall patterns through time, coupled with frequent drought become clear evidence for the climate has changed in Ethiopia. 
[bookmark: _Hlk142222317]Ethiopia has a high climate risk due to the combined effect of general atmospheric circulation and oceanic influence, geographical position, and topography. Climate risks are projected to increase because of the current vulnerabilities, including increasing urbanized land use, deforestation, and anthropogenic climate change (IPCC, 2014). Among climate parameters, the temperature variable is a common factor in many disasters frequently occurring in Ethiopia such as drought causing forest fires, which in turn affect human health, agriculture, and corals. The lack of long-term data from local stations in the country limits the analysis of historical maximum and minimum temperature, so the study’s purpose is to find or to evaluate which models have the best ability to simulate it by using the updated version of CMIP.
CMIP6 offers the most up-to-date global climate model data, serving as the fundamental basis for the Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Reports. Through the analysis of CMIP data, researchers achieve a more profound comprehension of climate variability, change, and its impacts on society and the environment. It provides insight into historical periods' model performance and offers projections of future scenarios, covering past, present, and future climate changes, with increased complexity involving additional components (such as the atmosphere, oceans, and small-scale processes like clouds and aerosols) and higher spatial resolution. Furthermore, it introduces an advanced set of emissions scenarios known as Shared Socio-Economic Pathways (SSPs).

In contrast to CMIP5, which relied on Representative Concentration Pathways (RCPs), SSPs investigate into the socio-economic circumstances underlying various emissions levels. These scenarios enable a more precise projection of future global climate change.
Previously, few studies have been conducted in Ethiopia using data from some meteorological stations to analyze trends in rainfall and temperature extremes. For example, (Mengistu et al., 2014) in the entire basin and (Worku et al., 2018) in Jemma sub-basin found an increasing trend in the minimum and maximum temperature as well as in the daily extreme rainfall and temperature indices. Few studies have evaluated and utilized CMIP6 models in Ethiopia (Alaminie et al., 2021; Fetene et al., 2022;  Berhanu & Alamirew, 2023). However, there is no national study that investigates the performance of temperature of different CMIP6 models relevant to impact studies of different sectors or stations. Therefore, this study aimed to fill this gap by evaluating CMIP6 climate model to simulating historical maximum and minimum temperature.
[bookmark: _Toc154320730][bookmark: _Toc166740254]1.3. Objectives of the Study 
[bookmark: _Toc95736453][bookmark: _Toc110085684][bookmark: _Toc111670067][bookmark: _Toc112000463][bookmark: _Toc123592362][bookmark: _Toc154320731][bookmark: _Toc166740255]1.3.1. General objective
The general objective of the study was to evaluating the performance of CMIP6 GCMs for historical simulations of temperature over Ethiopia during 1995-2014 using 37 reference observed gauge stations.
[bookmark: _Toc95736454][bookmark: _Toc110085685][bookmark: _Toc111670068][bookmark: _Toc112000464][bookmark: _Toc123592363][bookmark: _Toc154320732][bookmark: _Toc166740256]1.3.2. Specific objectives
· [bookmark: _Hlk153089216]To evaluate the performance of GCMs for maximum and minimum temperature over each traditional AEZs of Ethiopia at daily timescale. 
· To evaluate the performance of GCMs for maximum and minimum temperature over each traditional AEZs of Ethiopia at monthly timescale 
[bookmark: _Toc154320733][bookmark: _Toc166740257]1.4. Research questions
· [bookmark: _Hlk153089404]Which GCM is preferable to simulate maximum and minimum temperature over each AEZ of Ethiopia at daily temporal scale?
· Which GCM is preferable to evaluate maximum and minimum temperature over each AEZ of Ethiopia at monthly temporal scale?
[bookmark: _Toc154320734][bookmark: _Toc166740258]1.5. Significance of the study
The study is helpful for researchers and decision makers to fill the data gap problem when temperature data is needed for research and decision-making process. The study also valuable for analyzing climatology, climate change, and climate variability over any areas of Ethiopia when there is no observed temperature data in the area by considering bias. The findings will also play key roles for applying the most performing temperature product for drought monitoring and hydrological forecasting over the country. And the better performing CMIP6 models at respective AEZ can be used for different climate change and adaptation studies. 
[bookmark: _Toc154320735][bookmark: _Toc166740259]1.6. Scope of the study
The study was covering all traditional AEZs of Ethiopia using 37 reference gauge station data for the period 1995-2014 at daily and monthly temporal scale. Performance evaluation of GCMs temperature products was done in each AEZ separately and draw conclusion AEZ based and for national level at all temporal scales.
[bookmark: _Toc154320736][bookmark: _Toc166740260]1.7. Limitation of the study 
[bookmark: _Toc110085687][bookmark: _Toc111670070][bookmark: _Toc112000466][bookmark: _Toc123592365][bookmark: _Toc154320737]The researcher only selected 37 stations for this study because there aren't many that provide long timeseries and reliable temperature data. Consequently, there was only one station each for the AEZs in the desert and the alpine.


[bookmark: _Toc166740261]CHAPTER 2. LITERATURE REVIEW
[bookmark: _Toc166740262]2.1. An overview of climate information
Climate information is the key component of the policy and strategic planning activities in the country. Due to highly variable in space and time as the heterogeneities on a local scale in land surface features rivers, vegetation. affects its distribution (Holder et al., 2006; Giri et al., 2021) Accordingly, observation of the earth system is important for understanding the weather and climate of countries (Kidd et al., 2017). So, climate information is used to improve decision making in agriculture used in three main ways as, strategical purpose, tactical purposes and building resilience (Mavi & Tupper, 2004). 
NMA of Ethiopia has provided early warning information for more than three decades using weather and climate data collected from weather stations (Patt & Winkler, 2007). Nevertheless, most metrological instruments are continuous use, meaning that immediate repair of adjustment is not always possible at some sites. Accordingly, a simple, strong structure along with the easy operation and maintenance are factors. A robust structure is especially important for instruments installed outdoors. Although the equipment used for such units may be expensive, offer better observation results at a lower cost in the long run (Murase et al., 2013).
[bookmark: _Toc166740263]2.2. Definition and terminologies 
[bookmark: _Toc166740264]2.2.1. Climate Models 
[bookmark: _Hlk152354004]Climate models are fundamental tools to acquire past and future climate information through utilization of estimation techniques for the land, ocean, atmosphere, and ice interactions (Randall et al., 2007). Climate models are the primary tools available for investigating the response of the climate system to various forcing’s, for making climate predictions on seasonal to decadal time scales and for making projections of future climate over the coming century and beyond. It is crucial therefore to evaluate the performance of these models, both individually and collectively (Kreienkamp et al., 2012). Climate models are important tools for understanding and predicting the complex Earth’s climate. Several global climate models (GCMs) have been developed by several research centers around the world.

2.2.1.1. Global climate models (GCMs)
Global climate models (GCMs) are mathematical models representing the physics of the climate system, including atmosphere, ocean, land surface, and cryosphere (Randall et al., 2007). GCMs are useful instruments that are often used to research the global climate system for the past, present, and future. Since 1995, scientists from many international institutes have been working to build GCMs in order to produce dependable and effective models for simulating climate systems (Edwards, 2011). Climate variables of GCMs are provided in grid cell format coverage of the globe (Eyring et al., 2019). GCM outputs from the climate modeling groups around the world have been collected by the World Climate Research Programme (WCRP) Working Group on Coupled Modelling (WGCM) to generate climate model experiments that are under the Coupled Model Intercomparison Project (CMIP).
Global Climate Models (GCMs) are very essential to simulate the earth’s climatic conditions and used as an instrument to assess the changes of the earth’s climate system as a result of various radiative forcing (Randall et al., 2007; Flato et al., 2014;Dibaba et al., 2019). For this reason, one of the main applications of the GCMs is an investigation with the aim of improving the understanding and knowledge of the climate system. The GCMs are characterized by uncertainties and the climate of mountain and coastal regions of the world (Fowler et al., 2007). The uncertainties in the GCMs simulation could stem from the spatial and temporal coarse resolution nature of the model, the initial model assumption, and the mathematical formulation considered in the model (Alemseged & Tom, 2015;Ahmadalipour et al., 2018). Regardless of its uncertainty, GCMs were considered the most important tools for future climate projection (Kharin et al., 2007; Loukas et al., 2008). However, it is known that GCMs-based future climate variability and trend studies require performance evaluation of GCMs in simulating climate variables (Dessai et al., 2009;Reifen & Toumi, 2009;Belda et al., 2015;Nasrollahi et al., 2015).




[bookmark: _Toc166740265]2.3.  Meteorological (Station Data)
A collection of weather stations makes up a meteorological or climate observation network. They are typically positioned at remote locations within a region to ascertain the values of the region's meteorological and climatological variables. Each station measures and records a variety of parameters, including air temperature, atmospheric pressure, wind direction and speed, relative humidity, rainfall, solar radiation, etc. Afterwards, the data is transferred to a network central database for processing and archiving (Turrado et al., 2014).
A weather station is a collection of instruments and sensors that measure atmospheric and soil conditions. Commonly measured environmental variables include light, temperature, relative humidity, rain, and wind. Soil conditions include soil moisture, soil temperature, and soil 8 bulk electrical conductivity (Van Iersel et al., 2013). An on-site weather station allows for monitoring of the microclimate in your growing area. Weather conditions can vary over short distances, especially for measurements such as rainfall, which means that off-site measurements often taken miles away as part of a public weather network may not be accurate enough for irrigation and/or temperature scheduling purposes. Additionally, cold pockets created by elevation changes can create temperature variability, making local (adjacent to growing areas) weather stations a valuable tool in monitoring and use for irrigation scheduling and freeze protection.
The equipment in weather stations throughout meteorological networks is not uniform, which leads to variations in the quality of radiation measurements. Obtaining a uniform data base is extremely challenging due to the variety of deployed devices with varying degrees of accuracy and the requirement for frequent equipment calibration (Bojanowski et al., 2014). Weather conditions can vary over short distances, especially for measurements such as rainfall, which means that off-site measurements often taken miles away as part of a public weather network may not be accurate enough for irrigation and/or temperature scheduling purposes. Additionally, cold pockets created by elevation changes can create temperature variability, making local (adjacent to growing areas) weather stations a valuable tool in monitoring and use for irrigation scheduling and freeze protection.


[bookmark: _Toc166740266]2.4. The Coupled Model Intercomparison Project (CMIP)
The Coupled Model Intercomparison Project (CMIP) was established to study and intercompare climate simulations made with coupled ocean, atmosphere, cryosphere, land GCMs. The Coupled Model Intercomparison Project (CMIP) has been coordinating simulations conducted by international modeling groups since the 1990s, with the aim of improving the performance of climate models and enhancing the scientific understanding of the climate system. This project has become a major tool for climate science, and remarkable progress has been achieved for global climate models (GCMs) (Eyring et al., 2016;Stouffer et al., 2017).
 The first gathering of the international global coupled climate modeling community was at a workshop held at Scripps Institution of Oceanography in La Jolla, California, in October 1994 organized under the auspices of the World Climate Research Programme (WCRP). The meeting was convened specifically to examine the state of the art in global coupled climate modeling. It was recommended that an “intercomparison be performed for the set of models (then in use” (Meehl, 1995). At about the same time, data from many of these models were collected and analyzed by S. Lambert and G.J. Boer for the Intergovernmental Panel on Climate Change Second Assessment Report (Gates et al., 1995).
[bookmark: _Hlk159013355][bookmark: _Hlk159013461][bookmark: _Hlk159013591]The Coupled Model Intercomparison Project (CMIP) was initiated by the Climate Variability and Predictability (CLIVAR) Numerical Experimentation Group 2 (NEG2, subsequently reconstituted as the WCRP Working Group on Coupled Models, WGCM) late in 1995, partially as an outgrowth of these two efforts. The next year under the first phase of CMIP (CMIP1), model data from unforced climate from 21 global coupled atmosphere ocean ice models were archived at the U.S. Department of Energy Program for Climate Model Diagnosis and Intercomparison (PCMDI) at the Lawrence Livermore National Laboratory. The second phase of CMIP (CMIP2) was designed to compare the climate changes simulated by the models for an idealized change in forcing of 1% per year increase in CO2. CMIP2 was initiated in early 1997, and data were collected from 17 of the CMIP1 models.



[bookmark: _Toc166740267]2.4.1. Coupled Model Intercomparison Project Phase 6 (CMIP6)
CMIP6 models have typically updated versions of the models that participated in previous phases of CMIP. Most recent, simulations from state-of-the-art versions of GCMs have become available through the Coupled Model Intercomparison Project Phase 6 (CMIP6), with a substantial increase in the number and scope of experiments (Eyring, Bony, et al., 2016). These simulations provide a new opportunity to evaluate the Earth system response to change in radiative forcings during the 21st century. 
This new set of models has improved spatial resolution, physical parameterizations (i.e., cloud microphysics), and better representations of various earth system processes (such as biogeochemical cycles) and components (such as ice sheets) (Eyring et al., 2016;Stouffer et al., 2017). The evaluation of CMIP6 simulations over several regions suggests that model output exhibits differences from earlier CMIP phases (Almazroui et al., 2020) .Some studies evaluated CMIP6 GCMs historical runs over several parts of the globe, including South America (SA), Brazil, Thailand, Guatemala, and Ethiopia.
A study by (Alaminie et al., 2021b) revealed that, MRI-ESM2-0 for temperature and BCC-CSM-2MR for precipitation were selected based on their highest performance. And the MRI-ESM2-0 mean annual maximum temperature for the near (long)-term period shows an increase of 1.1 (1.5) ◦C, 1.3 (2.2) ◦C, 1.2 (2.8) ◦C, and 1.5 (3.8) ◦C under the four SSPs. On the other hand, the BCC-CSM-2MR precipitation projections show slightly (statistically insignificant) increasing trend for the near (long)-term periods by 5.9 (6.1) %, 12.8 (13.7) %, 9.5 (9.1) %, and 17.1(17.7) % under four SSPs scenarios. 
Using its long-term historical runs, (Rivera & Arnould, 2020) conducted a preliminary analysis to assess the performance of CMIP6 over Southwestern SA. The subset of models that most accurately depict the variability of precipitation in this area was listed. (Fan et al., 2020) observed that although there was significant variation between models and regions, the majority of CMIP6 models accurately replicated the spatial pattern of climatological annual mean temperature over the global land surface. Additionally, even though CMIP6 showed less spatial variability than the observations, it was nevertheless able to reflect the direction of trends in mean global surface temperatures throughout the years 1901–1940 (rising), 1941–1970 (cooling), and 1971–2014 (fast warming) as revealed by the observational data.
[bookmark: _Toc166740268]2.5. CMIP6 Model Evaluation System
[bookmark: _Hlk159013746]The evaluation of models has advanced significantly over the past few decades. The CMIP community has now reached a key point when a great deal of efficiency is needed to be achieved in many baseline elements of model evaluation. This will allow for a systematic and quick performance assessment of the various models included in CMIP. Such an evaluation system will be implemented for CMIP6. the initial goal is that two capabilities will be used to produce a broad characterization of CMIP DECK and historical simulations as soon as new CMIP6 model experiments are published to the Earth System Grid Federation (ESGF):
It was decided at the WGCM conference that these tools' outputs might be seen on a public website instead of one that was password-protected. Watermarking will be applied to the results at first till a quality control has taken place. The WGCM approved of this tactic.
[bookmark: _Hlk159013840][bookmark: _Hlk159014006] (a) the Earth System Model Evaluation Tool (ESMValTool) (Eyring, Righi, et al., 2016) is a community-developed diagnostic and performance metrics tool for the evaluation of Earth system models with observations. It includes other well-established model evaluation packages such as the NCAR Climate Variability Diagnostics Package (CVDP) (Phillips et al., 2014). The collection of standard name lists for example allows to reproduce the figures from the climate model evaluation chapter of IPCC AR5 (Chapter 9) and parts of the projection chapter (Chapter 12). The ESMValTool is available as open-source software on GitHub. The website here shows results produced with the ESMValTool for CMIP5 simulations. This website will be updated with CMIP6 results as soon as the model output is submitted to the ESGF. All modelling groups are encouraged to check the results for their model.
[bookmark: _Hlk159014108](b) the PCMDI Metrics Package (PMP)(Gleckler et al., 2016) emphasizes a diverse suite of summary statistics to objectively gauge the level of agreement between model simulations and observations across a broad range of space and time scales. It is built on the Python based Ultra scale Visualization Climate Data Analysis Tools (UV-CDAT), a powerful software tool kit that provides cutting-edge data management, diagnostic and visualization capabilities. The PMP is available as open-source software on GitHub.
Since these tools are freely available on GitHub, modelling groups participating in CMIP can additionally make use of these packages. They could choose, for example, to utilize the tools during the model development process in order to identify relative strengths and weaknesses of new model versions also in the context of the performance of other models or they could run the tools locally before publishing the model output to the ESGF. Mechanisms are in place to enable contributions from the broader community. Both tools are designed to readily work across ESGF nodes with the intent of ultimately expediting routine analysis by alleviating the needs for data transfer. More details on this approach can be found in (Eyring, Gleckler, et al., 2016).















[bookmark: _Toc166740269]2.6. Performance Metrics (continuous statistical metrics)
Statistical metrics are normally used for assessing the differences between model simulations and observed datasets, and each metric can show the overall (relative) performances differently for the model simulations (P. J. Gleckler et al., 2008). Additionally, statistical metrics are often found in the comparison of the climate simulation results between GCMs and observed datasets (Kamworapan & Surussavadee, 2019).Continuous statistical metrics have been employed over different study areas to evaluate the performance of  temperature at different spatial and temporal scales (Nashwan et al., 2019).

The continuous statistical indices most commonly employed  by most studies are: Root mean square error (RMSE), Mean error (ME), Mean absolute error (MAE), Pearson correlation coefficient (r) and Coefficient of determination (R2),Kling-Gupta Efficiency (KGE), Nash-Sutcliffe Efficiency (NSE), Percent bias (PBIAS), RMSE-observations standard deviation ratio (RSR) and Mean square error (MSE) (Moriasi et al., 2015). The RMSE was used to compare between GCMs and reference data, to indicate the magnitudes of errors in each grid cell. The ME and MAE measure the average magnitude of the error between the rainfall products and the ground-based observation. The major differences between the ME and MAE is that ME can give positive and negative results, whereas MAE only gives positive results (Tan & Santo, 2018). 

The RMSE, MAE, ME, and MSE value of 0.0 indicates a perfect fit between temperature products and observed data set. (Singh et al., 2005) A study by state that RMSE and MAE values less than half the standard deviation of the measured data may be considered as low and that either is appropriate for model evaluation. The r and R2 describe the degree of collinearity between simulated and observed temperature data. The correlation coefficient, which ranges from -1 to 1, is an index of the degree of linear relationship between observed and simulated data. If r= 0, no correlation between observed and simulated data. If r=1 or -1, a perfect positive or negative relationship exists between the observed and simulated data set. The R2 is the proportion of the variance in measured data explained by the model. The value of R2 ranges from 0 to 1, with a higher value indicating less error variance, and typically values greater than 0.5 are considered acceptable. Even though r and R2   have been widely used for model evaluation, these statistics are over sensitive for high extreme values (outliers) and in sensitive to additive and proportional differences between model prediction and measured data. 

The KGE integrates the correlation, bias, and variability of the ground observed and Rainfall products in to one index. As compared with the Nash-Sutcliffe Efficiency (NSE), the KGE is less sensitive to extreme rainfall and therefore can be describe and measure the overall fitness of rainfall having different intensities. The NSE is the normalized statistic which determines the relative magnitude of the residua variance compared to the measured data variance. The NSE indicates how well the plot of the observed versus simulated data fits the 1:1 line. The value of NSE ranges from -∞ to 1, with the optimal value of 1. The NSE value of 0.0 to 1.0 are generally acceptable levels of performance, whereas NSE values less than or equal to 0.0 indicates that the mean observed value is a better predictor than the simulated) value. 

The RMSE-observations standard deviation ratio (RSR), standardizes RMSE using the observations standard deviation, and it combines both an error index and the additional information recommended by. Even though the lower the RMSE, the better the model performance, a study by have published a guide line to qualify what was considered a low RMSE based on the observation’s standard deviations. The PBIAS measures the average tendency of the rainfall products or models to the larger or smaller than their observed counterparts. The optimal value of PBIAS is 0.0, with low magnitude values indicate accurate model or simulated estimation performance. The positive values of PBIAS indicates a model   underestimation bias, and negative values indicate model overestimation bias.

The literature demonstrated that several studies have evaluated temperature performance using various statistical criteria. For instance a study by (Kamworapan et al., 2021), used  statistical metrics like RMSE, M, MBE,PBIAS , and r  , a study by (Alaminie et al., 2021a) includes RMSE, NRMSE, PBIAS, NSE, and R2 . And (Demessie et al., 2023) used continuous statistical metrics like r, RMSE, and PBIAS. More over a study by (Beck et al., 2017) used  only KGE  statistical metrics.

[bookmark: _Toc166740270]2.7. Climate systems in Ethiopia 
The first traditional Agro climate categorization, categorized the country in to three Agro climate zones as Kola, Weynadega, and Dega. This classification system enables farmers to recognize broad vegetation types adapted to the environmental conditions and select crops and livestock best suited to the climate regimes and still highly implemented at the community level. This classification systems were scientifically supported by considering the relationship between elevation and temperature (MoA, 1998). Further improvement considering annual rainfall and extend these tree Agro climate zones in to five as Wurch, Dega, Weyna Dega, Kolla, and Bereha.
From Global point of view, world was classified in to five climate categories, which are designated by A, B, C, D, and E, based on monthly mean rainfall and temperature data, these five climatic groups can be further divided in to sub principle climatic types (Koeppen climate classification system). By using this climate classification systems, the country was categorized in to ten heterogeneous categorizes (Gonfa, 1996).
1. Bwh (Hot arid climate)                               
2. Bsh (Hot semi-arid climate)                      
3. Bsk (Cool semi-arid climate)
4. Aw (Tropical rainy climate)
5. Am (Tropical rain forest climate) 
6. Cwb (Warm temperate rainy climate)   
7. Cfb (Warm temperate rainy climate)
8. Aws (Tropical climate)
9. Cws (Warm Temperate climate) and 
10. H (Highland climate)
There is traditional evidence indicating that this kind of season classification system along with Agro climatic zoning (as Dega, Weynadega and Kola) has been practiced hundred years before by central Ethiopian farmers. In this regard, the contribution of NMA can be considered as supporting the traditional season classification system with scientific evidences.  

[bookmark: _Toc154320752]
[bookmark: _Toc166740271]CHAPTER 3. MATERIALS AND METHODS
[bookmark: _Toc154320753][bookmark: _Toc166740272]3.1. Description of study area
[bookmark: _Toc154320754][bookmark: _Toc166740273]3.1.1. Location
[bookmark: _Toc139485551]The study is conducted in Ethiopia, which is in the horn of Africa. Ethiopia lies between equator and tropic of cancer between 3o and 15 o N and 33 o and 48 o E and covers 1.12 million squares kilometers (Degefu & Bewket, 2023). The country is bordered by Sudan and South Sudan on the west, Eritrea in the North, Djibouti and Somalia on the east and Kenya on the south (Wubaye et al., 2023).
[image: C:\Users\HP\Desktop\Alehegn study area.jpg] 
[bookmark: _Toc159149301][bookmark: _Toc154320755]Figure 3. 1.  The location of Ethiopia from Africa and the meteorological stations used in this study

[bookmark: _Toc166740274]3.1.2. Topography
Ethiopia is characterized by very complex topography with elevation ranging from 152 meter below sea-level in the north eastern part (Denkel depression) to more than 4600 m.a.s.l at mount Ras Dejen in the northern part of the country (Wubaye et al., 2023). The country has varied topography including craggy, high mountains, deep gorges with rolling plains, rivers, and plateaus with flat tops (Cheung et al., 2008). About 40% of the country is covered by mountains and plateaus with elevation greater than 1500 m.a.s.l and is classified as highland. The remaining part of the area of less than 1500 m.a.s.l is classified as lowland (Degefu et al., 2022). 
[bookmark: _Toc154320756][bookmark: _Toc166740275]3.1.3. Traditional agroecology zone
Ethiopia is characterized by five traditional AEZs (Figure 3.1; Appendix Table 1). These zones are known as Bereha/Desert, Kolla/Tropical, Woina Dega/Sub-tropical, Dega/Temperate, and Wurch/Alpine. Each AEZ is associated with specific elevations: Bereha/Desert encompasses areas below 500 meters above sea level (m.a.s.l.), Kolla/Tropical ranges from 500 to 1500 m.a.s.l., Woina Dega/Subtropical spans from 1500 to 2300 m.a.s.l., Dega/Temperate covers elevations between 2300 and 3200 m.a.s.l., while Wurch/Alpine represents regions above 3200 m.a.s.l. (Miller & Moa, 1998). These AEZs have been distinguished and defined through the examination of altitude, annual rainfall, and temperature patterns in various studies. A brief discussion of the definition and specific characteristics of the traditional AEZs can be found in the work of (Miller & Moa, 1998).
[bookmark: _Toc154320757][bookmark: _Toc166740276]3.1.4. Climate
The complex topographic features have created many local climatic conditions that range from hot deserts in the northeast and southern lowland to very cold mountain. ranges in the Semein and Arsi-Bale mountains systems (Degefu et al., 2022). Ethiopia has three distinct seasons, locally known as Bega, Belg, and Kiremt. For the majority of Ethiopia, the short rainy season, known as the Belg lasts from February to May, while the main rainy season/Kiremt stays from June to September and the dry season/Bega lasts from October to January. Geographically speaking, the length of each season on average and the amount of rainfall varies from season to season (Evangelista et al., 2013). 
[bookmark: _Toc154320758][bookmark: _Toc166740277] 3.2. Data types and sources
[bookmark: _Toc166740278]3.2.1. Observational Data and Quality Control
Daily temperature for 20 years for the period of 1995-2014 were obtained from the National Metrological Agency (NMA) of Ethiopia, to verify model simulations. This dataset includes the observed temperature from 37-gauge stations in Ethiopia dating from 1995. In this study, this observed data for 1995–2014 were used to align the climate models from the CMIP6. The number of stations was evenly spread throughout Ethiopia, with a higher concentration in the central and southern regions and less in the eastern and northwestern regions. The observation data has missing values. Preliminary quality controls were done for each series of station data to ensure that there were no gaps in the data, and only stations with fewer than 25% of missing values were saved for analysis (Haylock et al., 2006,Mekasha et al., 2014). Those daily values above or equal to four standard deviations from the long-term mean value between 1995 and 2014 were considered invalid (Worku et al., 2019,). Additionally, the quality control involves errors such as minimum temperature greater than maximum temperature, both maximum and minimum temperatures were set to empty values, which were corrected using the nearby stations. Missing data could be the result of an unreliable machine or carelessness on the part of a station reader.
The missing data from observed climate data was completed using Multivariate Imputation by Chained Equations (MICE) algorithm (Buuren et al., 2017), which is available on R statistical software. The MICE algorithm is better than other methods, such as inverse distance weighting (IDW) and multiple linear regressions (MLR), due to its ability to complete missing values at a single station using the complete observed values of all examined stations as predictors (Turrado et al., 2014). It also makes several predictions for each missing value, accounts for uncertainties, and provides standard errors (Buuren et al., 2017). Outliers in daily maximum and minimum temperatures were also detected by the quality control procedure using RClimDex 1.1 (Zhang & Yang, 2004). Finally, data from 37 temperature stations with a period from 1995 to 2014 were used for the analysis. The location and detailed information about the selected meteorological stations can be found in Appendix Table 1.
[bookmark: _Toc166740279]3.2.2 Model Data
The performance of seven (7) GCMs of CMIP6 (Table 3.1) from several institutions around the world, are evaluated in this study. Table 3.1 provides basic information about the 7 GCMs in CMIP6, the study was used the outputs of these 7 GCMs during 1995-2014 in historical simulations. Data associated with this study have been deposited at https://esgf-n ode.llnl.gov/search/cmip6/, by choosing the features as: Source ID = GCMs’ names in Table 3.1, Variable = Tmax, tmin, Frequency = day, Experiment ID = amip-historical. The variant labels of each model are used to uniquely distinguish each member of an ensemble based on realizations (r), initialization schemes (i), different physics (p), and forcing (f) indices (Papalexiou et al., 2020). 
The GCMs were chosen based on daily data availability, optimal performance in various regions of Ethiopia (Alaminie et al., 2021a), East Africa (Gebrechorkos et al., 2023) and other parts of the world (Iqbal et al., 2021). The models were also chosen since they have been used more widely in various regions of Ethiopia in their previous iterations (CMIP5) (Worku et al., 2019). For example, the inclusion of BCC-CSM2-MR and MRI-ESM2-0 was based on their best performance for simulating rainfall and temperature, respectively in the Upper Blue Nile Basin of Ethiopia (Alaminie et al., 2021a). MRI-ESM2-0, and EC-Earth3-Veg were selected since they demonstrated best performance in mainland southeast Asia (Iqbal et al., 2021).
The GCMs maximum and minimum temperature data were extracted for each station to match the GCM data with the observed climate data. In this study, the GCMs data were extracted using the CMhyd tool, which was developed for the extraction and bias correction of GCMs data. The steps of bias corrections are provided as shown in Figure 3.2. 








[bookmark: _Toc160098820]Table 3. 1. Basic information of the GCMs of the CMIP6 used in this study










	[bookmark: _Hlk133924906]

Number
	
	
CMIP6 Model 



	

Institute

	

Country
	
Resolution (Lon. by lat. in degrees

	

Variant label

	1
	ACCESS-ESM1-5

	Australian Community Climate and Earth System Simulator
	 Australia
	1.9°×1.2°

	r1i1p1f1

	2
	BCC-CSM2-MR
	
Beijing Climate Center (BCC)
	
China
	
1.1°×1.1°

	r1i1p1f1

	3
	CNRM-CM6-1
	Recherches Météorologiques
	France
	1.4 × 1.4◦
	r1i1p1f2

	4
	EC-Earth3-veg

	EC-Earth-Consortium
	 
Sweden
	0.7° × 0.7°
	r1i1p1f1

	5
	MIROC6
	Japan Agency for Marine-Earth Science and Technology (JAMSTEC)
	
Japan
	
1.4°×1.4°

	r1i1p1f1

	6
	MPI-ESM1-2-LR
	Max-Planck-Institute für Meteorology
	
Germany
	
1.9°×1.9°

	r1i1p1f1

	7
	MRI-ESM2-0
	Meteorological Research Institute
	
 Japan
	
1.1°×1.1°

	r1i1p1f1







[image: ]
[bookmark: _Toc159149302] Figure 3. 2. Bias correction framework



[bookmark: _Toc166740280]3.3 Methods of Analysis 
[bookmark: _Toc166740281]3.3.1 Research framework 
[bookmark: _Hlk142329575]The overall research framework of this study is shown in Figure 3.3. CMIP6 GCM outputs and the observed datasets evaluated in this research. The historical outputs of 7 CMIP6 GCMs were evaluated over Ethiopia for the years 1995–2014 by three statistical metrics (PBIAS, RMSE and r), separately for dessert, tropical, sub-tropical, temperate, and alpine AEZs, and the GCMs maximum and minimum temperature data were extracted for each station to match the GCM data with the observed climate data. In this study, the GCMs data were extracted using the CMhyd tool, which was developed for the extraction and bias correction of GCMs data. The necessary observational climate data cleaning and management task was also implemented using R software. The performance of CMIP6 models under different GCMs were evaluated in simulating historical  temperature (Tmax and Tmin) over Ethiopia based on efficiency criteria found under “hydroGOF” R package (Zambrano-Bigiarini et al., 2017), then after, the ranks of GCMs in capturing daily and monthly scale were obtained by aggregating these three metrics using comprehensive rating index (CRI). Details of methods and metrics used in this study are provided as shown in Figure 3.3.
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[bookmark: _Toc159149303]Figure 3. 3.  Research framework of the study


[bookmark: _Toc166740282]3.3.2 Performance Metrics for Evaluation of GCMs
Several performance metrics for evaluating the performances of GCMs have been proposed. Statistical metrics are normally used for assessing the differences between model simulations and observed datasets, and each metric can show the overall (relative) performances differently for the model simulations (P. J. Gleckler et al., 2008). Additionally, statistical metrics are often found in the comparison of the climate simulation results between GCMs and observed datasets (Kamworapan & Surussavadee, 2019). The 7 GCMs, evaluated by three performance metrics for analysis of maximum and minimum temperature variable, are divided into five AEZs: Desert, Tropical, Sub-tropical, Temperate, and Alpine. The three-performance metrics (PBIAS, RMSE and R) are used in this study to evaluate the performance of all GCM temperature outputs. PBIAS, RMSE and R are calculated to quantify the uncertainties of GCMs to capture the variation of the daily and monthly time scales. Details about the statistical metrics used in this study are as follows.
Percent bias (PBIAS): The models’ data tendency to under- or overestimate the observed data is measured by the PBIAS. A model performance is better when the PBIAS values are closer to zero. A negative PBIAS value is an indication of overestimation, while a positive one indicates underestimation (Gupta et al., 1999). The PBIAS could be calculated using equation (1). Root Mean square error (RMSE) is a statistical metric of the magnitude of the error between the GCM and the observed data. RMSE summarizes errors between the GCM data and reference data (magnitude). The lower RMSE value, the less the error is found from simulation (Lovino et al., 2018).The RMSE could be calculated using equation (2). Correlation coefficient (r) is employed to assess the relationship degree or to assess the similarity between the spatial patterns in GCM data and in observed data. Between the observed and the modeled climate variables data, −1 and +1 correlation coefficient means a perfect negative and positive correlation among the mean of GCM and observational temperature, respectively. The formula of correlation coefficient (r) is obtained in equation (3).
       ×100%                                                                                                  (1)
                                                                                                                      (2)                                                                                                         
[bookmark: _Toc154260647]                                                                                                                         (3)
Where G is observed maximum and minimum temperature,  is the average observed maximum and minimum temperature, S is the GCMs of CMIP6 derived maximum and minimum temperature,  is the average of GCMs of CMIP6 derived maximum and minimum temperature, N is the number of data pairs compared, r is Pearson’s correlation coefficient. When multiplied by 100, indicates the degree of overestimation or underestimation as a percentage.
[bookmark: _Toc160098821]Table 3. 2. Summary of continuous performance metrics used in this study
	Continuous metrics
	Statistical Formula
	Value range
	Unit
	Best value
	Reference

	RMSE
	
	0 to ∞
	mm
	0
	(Ageet et al., 2022)

	PBIAS
	 ×100%
	-∞ to ∞
	%
	0
	(Dangol et al., 2022)

	r
	
	-1 to 1
	none
	1
	(Dinku et al., 2007)



[bookmark: _Toc166740283]3.3.2 Comprehensive Rating Index (CRI) 
The CRI is an effective ranking model that has been widely used to rank the performance of GCMs (Rivera & Arnould, 2020; Zhang et al., 2018). Here, the CRI is used in two ranking processes: Firstly, it is used to rank the ability of GCMs to capture the daily and monthly cycle by combining three indicators (PBIAS, RMSE and r). Finally, the overall performance of each GCM over different AEZs were ranked based on the CRI. The formula of CRI is given in equation 4.
                                                                                                 (4)
Where n is the number of indices used to evaluate model performance, m is the total number of GCMs. The rank value of the model with the best performance is assigned as 1. Therefore, the closer to 1 the value of CRI is the better the model performs.
[bookmark: _Toc154320765][bookmark: _Toc166740284]CHAPTER 4. RESULTS AND DISCUSSIONS
[bookmark: _Toc166740285]4.1. RESULTS
[bookmark: _Toc166740286]4.1.1. Ranking of GCMs for daily maximum temperature 
The performance metrics for maximum temperature at daily scale over desert AEZ are calculated for all GCMs and the ranking of GCMs for all AEZs from 1995-2014 provided using CRI is presented in Table 4.1. The highest ranking GCMs of daily maximum temperature over desert AEZ are EC-Earth3-veg, MRI-ESM2-0, CNRM-CM6-1, BCC-CSM-2-MR, and MPI-ESM1-2-LR in their respective order. The least-ranked GCMs are ACCESS-ESM-1-5, and MIROC6 to simulate maximum temperature at a daily scale over desert AEZ. Over this AEZ the PBIAS value of daily maximum temperature for most GCMs are positive (+), this positive value of PBIAS implies that those GCMs underestimate the daily maximum temperature over desert AEZ. But MRI-ESM2-0 and, MIROC6 GCMs are highly overestimated by 0.5% to 8.40% respectively.
The ranking value of GCM for daily maximum temperature over tropical AEZ is presented in Table 4.1. MPI-ESM1-2-LR, EC-Earth3-veg, BCC-CSM-2-MR, and MRI-ESM2-0 ranked the highest daily maximum temperature over tropical AEZ, while ACCESS-ESM-1-5, CNRM-CM6-1, and MIROC6 are the lowest. The PBIAS patterns under tropical AEZ showed that from seven models six GCMs underestimated daily maximum temperature but MIROC6 overestimate daily maximum temperature over tropical AEZ by 10.90%.
The performance of statistical metrics for daily maximum temperature over sub-tropical AEZ calculated for all GCMs and ranking of GCMs by using the CRI method is presented in Table 4.1. The performance of GCMs for this sub-tropical AEZ from high to low-ranking value is ACCESS-ESM-1-5, MPI-ESM1-2-LR, BCC-CSM-2-MR, EC-Earth3-veg, MRI-ESM2-0, CNRM-CM6-1, and MIROC6. The PBIAS value of GCMs for this AEZ ranges from -1.90% to 4.30%. Generally, two GCMs (BCC-CSM-2-MR and MIROC6) overestimate while the remaining ones underestimating the daily maximum temperature over sub-tropical AEZ, and ACCESS-ESM-1-5 is the preferable model to detect the daily maximum temperature over sub-tropical AEZ.


The EC-Earth3-veg, MRI-ESM2-0, ACCESS-ESM-1-5, CNRM-CM6-1, and MPI-ESM1-2-LR are the best-performing GCMs based on CRI ranking methods for daily maximum temperature over temperate AEZ. However, the BCC-CSM-2-MR, and MIROC6 and models exhibit poor performance. The percentage bias (PBIAS) of all GCMs for daily maximum temperature over temperate AEZ ranges from -23.10% to 0.50%. All most all GCMs, such as ACCESS-ESM-1-5, BCC-CSM-2-MR, EC-Earth3-veg, MRI-ESM2-0, MIROC6, and MPI-ESM1-2-LR, consistently overestimate maximum temperature at the daily scale over temperate AEZ. While CNRM-CM6-1 underestimates those variables in temperate AEZ with a PBIAS value of 0.50%.
During daily maximum temperatures over alpine AEZ, the best-performing models are in the order EC-Earth3-veg, CNRM-CM6-1, MPI-ESM1-2-LR, ACCESS-ESM-1-5, and MRI-ESM2-0, while Similar to the temperate AEZ, BCC-CSM-2-MR, and MIROC6 depicted the poorest performance. All GCMs consistently overestimate the daily maximum temperature in the alpine AEZ, with a PBIAS value ranging from -15.60% to -42.90%, as a whole EC-Earth3-veg GCM are highly overestimate daily maximum temperature over alpine AEZ with a PBIAS value of 15.60%.












[bookmark: _Toc159149145]Table 4. 1. Performance metrics and ranking of GCMs for daily maximum temperature using CRI methods.
	 
AEZs
	CMIP6 Models
	Continuous statistical metrics                                                               
	
CRI 
	
RANK

	
	
	RMSE
	PBIAS

	r

	
	

	   Desert
	ACCESS-ESM-1-5
	9.62
	23.80
	0.77
	0.19
	6

	
	BCC-CSM-2-MR
	4.62
	8.20
	0.76
	0.43
	4

	
	CNRM-CM6-1
	3.99
	6.00
	0.72
	0.48
	3

	
	EC-Earth3-veg
	3.89
	6.70
	0.78
	0.67
	1

	
	MIROC6
	6.82
	 -8.40
	0.30
	0.14
	7

	
	MPI-ESM1-2-LR
	5.82
	13.10
	0.80
	0.43
	4

	
	MRI-ESM2-0
	3.84
	-0.50
	0.73
	0.67
	1

	   Tropical
	ACCESS-ESM-1-5
	2.93
	6.40
	0.53
	0.43
	5

	
	BCC-CSM-2-MR
	2.90
	5.80
	0.47
	0.52
	3

	
	CNRM-CM6-1
	3.06
	6.00
	0.19
	0.19
	6

	
	EC-Earth3-veg
	2.73
	4.80
	0.46
	0.62
	2

	
	MIROC6
	5.35
	-10.90
	0.18
	0.00
	7

	
	MPI-ESM1-2-LR
	2.17
	2.30
	0.46
	0.76
	1

	
	MRI-ESM2-0
	2.88
	4.20
	0.23
	0.52
	3

	Sub-tropical
	ACCESS-ESM-1-5
	1.84
	0.70
	0.62
	0.86
	1

	
	BCC-CSM-2-MR
	2.53
	-1.90
	0.48
	0.48
	3

	
	CNRM-CM6-1
	2.68
	3.90
	0.21
	0.19
	6

	
	EC-Earth3-veg
	2.26
	4.30
	0.61
	0.48
	3

	
	MIROC6
	4.50
	-12.00
	0.32
	0.05
	7

	
	MPI-ESM1-2-LR
	2.04
	1.90
	0.55
	0.67
	2

	
	MRI-ESM2-0
	2.39
	3.90
	0.39
	0.38
	5

	 Temperate
	ACCESS-ESM-1-5
	3.58
	-13.00
	0.58
	0.48
	3

	
	BCC-CSM-2-MR
	4.07
	-13.40
	0.43
	0.24
	6

	
	CNRM-CM6-1
	2.67
	0.50
	0.25
	0.48
	3

	
	EC-Earth3-veg
	2.40
	-4.90
	0.57
	0.71
	1

	
	MIROC6
	6.19
	-23.10
	0.33
	0.05
	7

	
	MPI-ESM1-2-LR
	2.73
	-6.30
	0.53
	0.48
	3

	
	MRI-ESM2-0
	2.63
	-4.30
	0.36
	0.57
	2

	    Alpine
	ACCESS-ESM-1-5
	6.42
	-28.90
	0.41
	0.48
	4

	
	BCC-CSM-2-MR
	6.74
	-29.60
	0.29
	0.24
	6

	
	CNRM-CM6-1
	4.45
	-15.60
	0.22
	0.57
	2

	
	EC-Earth3-veg
	4.10
	-15.60
	0.39
	0.76
	1

	
	MIROC6
	9.67
	-42.90
	0.13
	0.00
	7

	
	MPI-ESM1-2-LR
	5.76
	-24.80
	0.40
	0.52
	3

	
	MRI-ESM2-0
	4.90
	-18.90
	0.28
	0.42
	4




[bookmark: _Toc166740287]4.1.2. Ranking of GCMs for daily minimum temperature 
[bookmark: _Hlk155117395]The ranking of GCMs for all AEZs from 1995 to 2014 computed using CRI is provided in Table 4.2, along with the performance indicators for minimum temperature at a daily scale over desert AEZ. In order, CNRM-CM6-1, BCC-CSM-2-MR, and EC-Earth3-veg, and MRI-ESM2-0 are the top-ranking GCMs for daily minimum temperatures across the desert AEZ. The lowest-ranked GCMs are, MPI-ESM1-2-LR, ACCESS-ESM-1-5, and MIROC6 for simulating minimum temperature at a daily scale over desert AEZ. Some GCMs consistently overestimate or underestimate maximum temperature at the daily scale over desert AEZ. For instance, the ACCESS-ESM-1-5, BCC-CSM-2-MR, CNRM-CM6-1 and Earth3-veg underestimate minimum temperature with APBIAS values ranging from 2.60% to 16.60%, and the ACCESS-ESM-1-5 highly underestimates daily minimum temperature by 16.60%. Whereas MRI-ESM2-0, MPI-ESM1-2-LR, and MIROC6 overestimates minimum temperature across this AEZ.
The ranking value of the GCM for the daily minimum temperature over the tropical AEZ is shown in Table 4.2. The GCMs with the highest daily minimum temperatures across tropical AEZ are ACCESS-ESM-1-5, CNRM-CM6-1, EC-Earth3-veg, and MRI-ESM2-0. while the GCMs with the lowest daily minimum temperatures are, BCC-CSM-2-MR, MIROC6, and MPI-ESM1-2-LR. The same is true for minimum temperature at the daily scale over desert AEZ; BCC-CSM-2-MR, and CNRM-CM6-1 underestimate minimum temperature at the daily scale over tropical AEZ and GCMs, namely, MIROC6 and MPI-ESM1-2-LR, overestimated the minimum temperature over this AEZ.
Table 4.2 lists the performance of statistical metrics for the daily minimum temperature across the sub-tropical AEZ calculated for all GCMs and ranks them according to their performance using the CRI method. CNRM-CM6-1, EC-Earth3-veg, BCC-CSM-2-MR, ACCESS-ESM-1-5, and MRI-ESM2-0 have the highest daily minimum temperatures, whereas MPI-ESM1-2-LR, and MIROC6 have the lowest. All of these GCMs, with a PBIAS value ranging from -14.40% to -56.90%, overestimate the minimum temperature at the daily scale over the sub-tropical AEZ, and MIROC6 highly overestimates the minimum temperature at the daily scale across the sub-tropical AEZ with a PBIAS value of 56.90%.
Based on CRI ranking techniques for daily minimum temperature over temperate AEZ, the CNRM-CM6-1, BCC-CSM-2-MR, EC-Earth3-veg, and MRI-ESM2-0, are the top-performing GCMs. However, the ACCESS-ESM-1-5, MPI-ESM1-2-LR and MIROC6 models perform the lowest. All GCMs underestimate the minimum temperature across this AEZ in a manner similar to that of the sub-tropical AEZ, and the MIROC6 underestimates significantly with a PBIAS value of 63.70%.
The best-performing models during daily minimum temperatures across the alpine AEZ are in the following order: CNRM-CM6-1, BCC-CSM-2-MR, MRI-ESM2-0, and ACCESS-ESM-1-5. while EC-Earth3-veg, MIROC6 and MPI-ESM1-2-LR showed the worst performance. Similar to sub-tropical and temperate AEZs, all GCMs inside this AEZ underestimate the minimum temperature on a daily basis. The same is true for four AEZs MIROC6, which greatly underestimates the minimum temperature on a daily scale with a PBIAS value of 155.50%.













[bookmark: _Toc159149146]Table 4. 2.  Performance metrics and ranking of GCMs for daily minimum temperature using CRI method.
	 
AEZs
	CMIP6 Models
	Continuous statistical metrics                                                               
	
CRI 
	
RANK

	
	
	RMSE
	PBIAS

	r

	
	

	   Desert
	ACCESS-ESM-1-5
	5.07
	16.60
	0.63
	0.14
	6

	
	BCC-CSM-2-MR
	3.23
	4.50
	0.70
	0.76
	1

	
	CNRM-CM6-1
	3.37
	4.50
	0.71
	0.76
	1

	
	EC-Earth3-veg
	3.67
	2.60
	0.68
	0.52
	3

	
	MIROC6
	5.38
	-16.70
	0.50
	0.00
	7

	
	MPI-ESM1-2-LR
	3.72
	-4.70
	0.70
	0.48
	5

	
	MRI-ESM2-0
	3.57
	-6.50
	0.70
	0.52
	3

	   Tropical
	ACCESS-ESM-1-5
	1.63
	-4.20
	0.59
	0.62
	1

	
	BCC-CSM-2-MR
	1.64
	5.50
	0.58
	0.33
	5

	
	CNRM-CM6-1
	1.65
	4.90
	0.64
	0.62
	1

	
	EC-Earth3-veg
	1.72
	4.30
	0.64
	0.62
	1

	
	MIROC6
	4.20
	-21.50
	0.42
	0.00
	7

	
	MPI-ESM1-2-LR
	3.39
	-17.30
	0.61
	0.29
	6

	
	MRI-ESM2-0
	1.60
	-5.40
	0.60
	0.57
	4

	Sub-tropical
	ACCESS-ESM-1-5
	5.16
	-42.80
	0.66
	0.43
	4

	
	BCC-CSM-2-MR
	2.55
	-17.20
	0.65
	0.62
	3

	
	CNRM-CM6-1
	2.52
	-17.60
	0.67
	0.71
	1

	
	EC-Earth3-veg
	2.28
	-14.40
	0.58
	0.67
	2

	
	MIROC6
	6.79
	-56.90
	0.49
	0.00
	7

	
	MPI-ESM1-2-LR
	5.59
	-45.60
	0.50
	0.14
	6

	
	MRI-ESM2-0
	3.80
	-30.30
	0.64
	0.43
	4

	 Temperate
	ACCESS-ESM-1-5
	5.35
	-49.50
	0.55
	0.24
	5

	
	BCC-CSM-2-MR
	2.69
	-17.80
	0.62
	0.71
	2

	
	CNRM-CM6-1
	2.06
	-7.40
	0.60
	0.81
	1

	
	EC-Earth3-veg
	2.58
	-20.30
	0.52
	0.48
	3

	
	MIROC6
	6.66
	-63.70
	0.53
	0.10
	7

	
	MPI-ESM1-2-LR
	4.91
	-44.20
	0.52
	0.24
	5

	
	MRI-ESM2-0
	3.32
	-28.10
	0.56
	0.48
	3

	    Alpine
	ACCESS-ESM-1-5
	8.39
	-120.00
	0.43
	0.48
	4

	
	BCC-CSM-2-MR
	6.72
	-89.30
	0.36
	0.57
	2

	
	CNRM-CM6-1
	5.55
	-67.80
	0.41
	0.76
	1

	
	EC-Earth3-veg
	6.92
	-94.50
	0.32
	0.38
	5

	
	MIROC6
	10.38
	-155.50
	0.34
	0.05
	7

	
	MPI-ESM1-2-LR
	8.60
	-121.90
	0.38
	0.24
	6

	
	MRI-ESM2-0
	7.24
	-99.10
	0.42
	0.52
	3



[bookmark: _Toc166740288]4.1.3. Ranking of GCMs for monthly maximum temperature 
The statistical evaluation metrics achieved by the CMIP6 model simulations from 1995-2014 for desert monthly maximum temperature calculated for all GCMs and the ranking of GCMs derived using CRI are presented in Table 4.3. The best-performing models (the highest-ranking GCMs) of desert monthly maximum temperature are MRI-ESM2-0, BCC-CSM-2-MR, CNRM-CM6-1, and EC-Earth3-veg, which showed underestimation of maximum temperature except MRI-ESM2-0 GCMs. The poor-performance models such as MPI-ESM1-2-LR, ACCESS-ESM-1-5, and MIROC6 GCMs also showed underestimation of maximum temperature except MIROC6. Generally, MIROC6 and MRI-ESM2-0 GCMs are overestimate the monthly maximum temperature over this AEZ, and MRI-ESM2-0 model is more preferable for monthly maximum temperatures over the desert AEZ.
The scores and final rankings of different GCMs for monthly maximum temperature over tropical AEZ derived using CRI are shown in Table 4.3. The highest ranking GCMs are MPI-ESM1-2-LR, BCC-CSM-2-MR, MRI-ESM2-0, and EC-Earth3-veg and, which rank highest for maximum temperature over tropical AEZ, while the lowest ranking GCMs are, ACCESS-ESM-1-5, CNRM-CM6-1, and MIROC6 which rank lowest for these variables in tropical AEZ. Except MIROC6 GCM all these GCMs underestimated the monthly maximum temperature, and ACCESS-ESM-1-5 is highly underestimated with a PBIAS value of 60.40%.
[bookmark: _Hlk155070260][bookmark: _Hlk155070291]The GCMs are ranked based on the values of the performance measures using CRI (Table 4.3). For the monthly maximum temperature over sub-tropical AEZ, the ACCESS-ESM-1-5, MPI-ESM1-2-LR, BCC-CSM-2-MR, and EC-Earth3-veg are defined as the best-performing GCMs. On the other hand, MRI-ESM2-0, CNRM-CM6-1, and MIROC6 show poor performance. The percentage bias of the GCMs for the monthly maximum temperature over sub-tropical AEZ that ranges from -1.90% to 4.30%. Five GCMs namely ACCESS-ESM-1-5, CNRM-CM6-1, EC-Earth3-veg, MPI-ESM1-2-LR, and MRI-ESM2-0 and two GCMs namely BCC-CSM-2-MR, and MIROC6 consistently underestimate and overestimate the monthly maximum temperature across this AEZ respectively.

The best GCMs at the monthly scale for maximum temperature over temperate AEZ are presented in Table 4.3 by calculating their ranks using CRI methods. The, EC-Earth3-veg CNRM-CM6-1, MPI-ESM1-2-LR, and MRI-ESM2-0 have the best performance, and the ACCESS-ESM-1-5, BCC-CSM-2-MR, and MIROC6 have the poorest performance to simulate maximum temperature on monthly scale over a temperate AEZ. Over this AEZ, all GCMs overestimate maximum temperature, and its percentage bias (PBIAS) value ranges from -0.80% to -24.70%.
The, EC-Earth3-veg, CNRM-CM6-1, MPI-ESM1-2-LR, ACCESS-ESM-1-5, and MRI-ESM2-0 are the best performing GCMs (have the highest ranks) for simulating maximum temperature at a monthly scale over alpine AEZ, while BCC-CSM-2-MR, and MIROC6 from all 7 GCMs exhibits poor performance (Table 4.3). All GCMs the same to that of temperate AEZ overestimate maximum temperature at the monthly scale over alpine AEZ by a PBIAS value that ranges from -15.60% to -43.0% and MIROC6 is highly overestimated by a PBIAS value of 43.0%.













[bookmark: _Toc159149147]Table 4. 3.  Performance metrics and ranking of GCMs for monthly maximum temperature using CRI method.
	 
AEZs
	CMIP6 Models
	Continuous statistical metrics                                                               
	
CRI 
	
RANK

	
	
	RMSE
	PBIAS

	r

	
	

	   Desert
	ACCESS-ESM-1-5
	9.29
	23.90
	0.92
	0.24
	6

	
	BCC-CSM-2-MR
	3.75
	8.20
	0.92
	0.52
	2

	
	CNRM-CM6-1
	3.11
	6.00
	0.87
	0.52
	2

	
	EC-Earth3-veg
	3.14
	6.80
	0.91
	0.52
	2

	
	MIROC6
	4.97
	-8.40
	0.47
	0.19
	7

	
	MPI-ESM1-2-LR
	5.35
	13.20
	0.94
	0.38
	5

	
	MRI-ESM2-0
	2.50
	-0.50
	0.89
	0.67
	1

	   Tropical
	ACCESS-ESM-1-5
	2.51
	6.40
	0.71
	0.38
	5

	
	BCC-CSM-2-MR
	2.17
	5.80
	0.74
	0.67
	2

	
	CNRM-CM6-1
	2.59
	6.00
	0.28
	0.19
	6

	
	EC-Earth3-veg
	2.34
	4.90
	0.59
	0.48
	4

	
	MIROC6
	4.46
	-10.90
	0.28
	0.05
	7

	
	MPI-ESM1-2-LR
	1.52
	2.30
	0.65
	0.76
	1

	
	MRI-ESM2-0
	2.30
	4.30
	0.33
	0.52
	3

	Sub-tropical
	ACCESS-ESM-1-5
	1.37
	0.70
	0.76
	0.81
	1

	
	BCC-CSM-2-MR
	1.38
	-1.90
	0.74
	0.67
	3

	
	CNRM-CM6-1
	2.13
	3.90
	0.30
	0.19
	6

	
	EC-Earth3-veg
	1.87
	4.30
	0.74
	0.38
	4

	
	MIROC6
	3.81
	-12.00
	0.49
	0.05
	7

	
	MPI-ESM1-2-LR
	1.35
	1.90
	0.74
	0.76
	2

	
	MRI-ESM2-0
	1.84
	4.00
	0.54
	0.33
	5

	 Temperate
	ACCESS-ESM-1-5
	3.53
	-14.50
	0.75
	0.48
	5

	
	BCC-CSM-2-MR
	3.60
	-14.80
	0.70
	0.24
	6

	
	CNRM-CM6-1
	1.90
	-0.80
	0.38
	0.57
	2

	
	EC-Earth3-veg
	2.03
	-6.20
	0.74
	0.67
	1

	
	MIROC6
	5.90
	-24.70
	0.52
	0.10
	7

	
	MPI-ESM1-2-LR
	2.25
	-7.70
	0.74
	0.52
	3

	
	MRI-ESM2-0
	2.11
	-5.70
	0.52
	0.52
	3

	    Alpine
	ACCESS-ESM-1-5
	6.06
	-28.90
	0.69
	0.48
	4

	
	BCC-CSM-2-MR
	6.14
	-29.60
	0.59
	0.24
	6

	
	CNRM-CM6-1
	3.75
	-15.60
	0.36
	0.57
	2

	
	EC-Earth3-veg
	3.56
	-15.60
	0.63
	0.76
	1

	
	MIROC6
	9.00
	-43.00
	0.29
	0.00
	7

	
	MPI-ESM1-2-LR
	5.27
	-24.70
	0.66
	0.52
	3

	
	MRI-ESM2-0
	4.30
	-18.90
	0.47
	0.48
	4



Figure 4.1 represents monthly average maximum temperature for observed and GCMs over five AEZs for the period 1995-2014. the line graph of GCMs were under-estimates over desert and tropical AEZs in dry and small rainy or Belg season and MRI-ESM2-0 and MPI-ESM1-2-LR model is better closer with observed for dry (NDJ) and rainy months (FMAM) over desert and tropical AEZs respectively. Over sub-tropical AEZs the line graph of ACCESS-ESM-1-5, CNRM-CM6-1 and MIROC6 GCMs were overestimates the monthly average maximum temperature for wet months (Jully and August) however over temperate and alpine AEZs all GCMs overestimates in wet months and EC-Earth3-veg is better closer with observed over those AEZs in dry months (NDJ). But for all five AEZs MIROC6 GCM is far away from the observed, so it is not recommended to represent monthly average maximum temperature. 
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[bookmark: _Toc159148033]Figure 4.1. Line graph of observed monthly average maximum temperature (℃) with seven GCMs over desert, tropical, sub-tropical, temperate, and alpine AEZs of Ethiopia for the period of 1995-2014.
 4 represents monthly 

[bookmark: _Toc166740289]4.1.4 Ranking of GCMs for monthly minimum temperature
Table 4.4, lists the statistical performance metrics attained by the CMIP6 model simulations from 1995 to 2014 for desert monthly minimum temperature determined for all GCMs and the ranking of GCMs derived using CRI. The top-ranking GCMs for desert monthly minimum temperatures include CNRM-CM6-1, BCC-CSM-2-MR, EC-Earth3-veg, MRI-ESM2-0, and MPI-ESM1-2-LR which all under-estimated minimum temperatures at monthly scale over desert AEZ except MRI-ESM2-0, and MPI-ESM1-2-LR GCMs. The minimum temperature was likewise underestimated and overestimated by the low performance models, with percentage bias (PBIAS) value that ranges from -16.70% to 16.60.
Table 4.4, displays the results of the various GCMs' evaluations and final rankings for the monthly minimum temperature across the tropical AEZ as determined by CRI. The GCMs with the greatest rankings for minimum temperature across tropical AEZ are CNRM-CM6-1, ACCESS-ESM-1-5, EC-Earth3-veg, and MRI-ESM2-0 whereas the GCMs with the lowest rankings are BCC-CSM-2-MR, MPI-ESM1-2-LR and MIROC6. Over this AEZ, certain GCMs routinely overestimate or underestimate the monthly minimum temperature. For instance, the monthly minimum temperature over tropical AEZ is overestimated by ACCESS-ESM-1-5, MIROC6, MPI-ESM1-2-LR, and MRI-ESM2-0 with a PBIAS values between -4.20% and -21.50%, while the monthly minimum temperature is underestimated by BCC-CSM-2-MR, CNRM-CM6-1, EC-Earth3-veg, with PBIAS values between 4.30% and 5.50%.
The best-performing GCMs are determined to be the, CNRM-CM6-1, BCC-CSM-2-MR, EC-Earth3-veg, ACCESS-ESM-1-5, and MRI-ESM2-0 for the monthly minimum temperature across sub-tropical AEZ. The, MPI-ESM1-2-LR, and MIROC6, on the other hand, perform poorly. All GCMs overestimate minimum temperature, according to the percentage bias (PBIAS) of GCMs for the monthly minimum temperature across sub-tropical AEZ, which ranges from -17.20% to -56.90%.



[bookmark: _Hlk155157728]The GCMs with the highest performance are the, CNRM-CM6-1, BCC-CSM-2-MR, EC-Earth3-veg, and MRI-ESM2-0 as determined by CRI ranking techniques for monthly minimum temperatures over temperate AEZ. The ACCESS-ESM-1-5, MPI-ESM1-2-LR and MIROC6 models, on the other hand, perform poorly. all GCMs overestimate the minimum temperature across this AEZ, and MIROC6 significantly overestimates the minimum temperature with a percentage bias (PBIAS) value of 70.90 percent. 
In the alpine AEZ, the following models have shown the highest performance during monthly minimum temperatures: The best performance was demonstrated by CNRM-CM6-1, BCC-CSM-2-MR, MRI-ESM2-0, and ACCESS-ESM-1-5 whereas, EC-Earth3-veg, MPI-ESM1-2-LR, and MIROC6 had the worst performance. All GCMs inside of this AEZ overestimate the minimum temperature on a monthly basis, just like sub-tropical and temperate AEZs do. Similar to the sub-tropical and temperate AEZ MIROC6, which has a PBIAS value of 155.60%, this model significantly overestimates the monthly minimum temperature.



 









[bookmark: _Toc159149148]Table 4. 4.  Performance metrics and ranking of GCMs for monthly minimum temperature CMIP6 using CRI method.
	 
AEZs
	CMIP6 Models
	Continuous statistical metrics                                                               
	
CRI 
	
RANK

	
	
	RMSE
	PBIAS

	r

	
	

	   Desert
	ACCESS-ESM-1-5
	4.34
	16.60
	0.80
	0.14
	6

	
	BCC-CSM-2-MR
	2.06
	4.50
	0.87
	0.76
	1

	
	CNRM-CM6-1
	2.11
	4.50
	0.89
	0.76
	1

	
	EC-Earth3-veg
	2.35
	2.70
	0.86
	0.67
	3

	
	MIROC6
	4.56
	-16.70
	0.70
	0.00
	7

	
	MPI-ESM1-2-LR
	2.65
	-4.70
	0.86
	0.43
	4

	
	MRI-ESM2-0
	2.50
	-6.50
	0.86
	0.43
	4

	   Tropical
	ACCESS-ESM-1-5
	1.21
	-4.20
	0.76
	0.57
	2

	
	BCC-CSM-2-MR
	1.27
	5.50
	0.78
	0.38
	5

	
	CNRM-CM6-1
	1.20
	4.90
	0.84
	0.76
	1

	
	EC-Earth3-veg
	1.29
	4.30
	0.81
	0.57
	2

	
	MIROC6
	4.03
	-21.50
	0.55
	0.00
	7

	
	MPI-ESM1-2-LR
	3.19
	-17.30
	0.80
	0.29
	6

	
	MRI-ESM2-0
	1.25
	-5.40
	0.78
	0.48
	4

	Sub-tropical
	ACCESS-ESM-1-5
	5.06
	-42.80
	0.81
	0.43
	4

	
	BCC-CSM-2-MR
	2.26
	-17.20
	0.81
	0.67
	2

	
	CNRM-CM6-1
	2.19
	-17.60
	0.87
	0.71
	1

	
	EC-Earth3-veg
	1.98
	-14.40
	0.75
	0.67
	2

	
	MIROC6
	6.72
	-56.90
	0.63
	0.00
	7

	
	MPI-ESM1-2-LR
	5.44
	-45.60
	0.66
	0.14
	6

	
	MRI-ESM2-0
	3.65
	-30.30
	0.80
	0.43
	4

	 Temperate
	ACCESS-ESM-1-5
	5.61
	-56.00
	0.73
	0.24
	5

	
	BCC-CSM-2-MR
	2.65
	-22.90
	0.79
	0.71
	2

	
	CNRM-CM6-1
	1.64
	-12.10
	0.84
	0.86
	1

	
	EC-Earth3-veg
	2.68
	-25.60
	0.73
	0.52
	3

	
	MIROC6
	7.00
	-70.90
	0.69
	0.00
	7

	
	MPI-ESM1-2-LR
	5.09
	-50.50
	0.71
	0.24
	5

	
	MRI-ESM2-0
	3.46
	-33.70
	0.76
	0.48
	4

	    Alpine
	ACCESS-ESM-1-5
	7.87
	-119.90
	0.68
	0.43
	4

	
	BCC-CSM-2-MR
	6.13
	-89.30
	0.56
	0.52
	2

	
	CNRM-CM6-1
	4.70
	-67.80
	0.70
	0.86
	1

	
	EC-Earth3-veg
	6.38
	-94.50
	0.53
	0.38
	5

	
	MIROC6
	10.05
	-155.60
	0.58
	0.10
	7

	
	MPI-ESM1-2-LR
	8.09
	-121.90
	0.59
	0.24
	6

	
	MRI-ESM2-0
	6.64
	-99.00
	0.64
	0.48
	3



Figure 4.2 depicts the average monthly minimum temperature for observed and GCMs. As the graph shows BCC-CSM-2-MR, CNRM-CM6-1 and EC-Earth3-veg models are more closeness with observed for monthly average minimum temperatures over the desert AEZ, during Kiremt season (JJAS) and closer in dry (NDJ) and small rainy months (FMAM) over tropical, sub-tropical and temperate AEZs but over alpine AEZ it is closer in wet months (Jully and August). All GCMs were overestimates the monthly average minimum temperature for all months over sub-tropical, temperate and alpine AEZs. But the line graphs of some GCMs underestimate over desert and tropical AEZs. Over all AEZs MIROC6 GCM is far away from the observed line graph, hence not recommended for all months. 
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[bookmark: _Toc159148034]Figure 4. 2. Line graph of observed monthly average minimum temperature (℃) with seven GCMs over desert, tropical, sub-tropical, temperate, and alpine AEZs of Ethiopia for the period of 1995-2014.









[bookmark: _Toc166740290]4.2. DISCUSSION 
This study evaluated the performance of seven GCMs of CMIP6 with observed temperature over five AEZs of Ethiopia. for the purpose of evaluating 37-gauge station data were used as a reference. The study made quality control of the observed data and grouped those into five AEZs based on its elevation. The overall performance of each GCM over different AEZs were ranked based on the Comprehensive Rating Index (CRI). Most of the previous studies included the 3–10 best performing models for computing ensembles based on the descending order of GCMs (Ahmadalipour et al., 2017; Jiang et al., 2016; Khan & Koch, 2018; Xuan et al., 2017). In this section, the study divides all 7 models into two groups, 1 the top ranked GCMs (i.e., GCMs ranked 1, 2, 3, and 4) and 2 the lowest-ranked GCMs (i.e., GCMs ranked 5, 6. and 7) group.  Spatial assessment of the GCMs in relation to the observed shows the highest ranked GCMs by the CRI were able to better reproduce the properties (have best performance) of the GCMs for maximum and minimum temperatures. Whereas the least ranking GCMs by CRI were the worst to reproduce GCMs for maximum and minimum temperature. 
The performance evaluation of GCMs is an effective tool to investigate the mechanisms of climate change and estimate future climate regimes (Wu et al., 2020).  Though the newly released CMIP6 has been used for the evaluation of climate over the globe including Africa (Almazroui et al., 2020; Zhai et al., 2020), no study has yet specifically applied it in Ethiopia as at the time of this study. Therefore, the evaluation of climate using CMIP6 is essential for the country, Ethiopia’s economy depends largely on agriculture and it is considered to be among the countries that are most vulnerable to climate extremes. This emphasizes the need to conduct climate using reliable GCMs.
A comparison of most performance measures for GCM models (PBIAS, RMSE, r and CRI) over five (5) AEZS showed that the performance of daily maximum temperature was best described (explained) by EC-Earth3-veg for dessert, temperate and alpine, MPI-ESM1-2-LR for tropical and ACCESS-ESM-1-5 for sub-tropical AEZs of Ethiopia and MIROC6 GCM is the worst over all five AEZs (Table 4.1). Aligned with the findings of this study, (Shiru & Chung, 2021), MIROC6 performs the worst for all study cases (for land-only, sea-only, and both land and sea) over Thailand. Whereas for daily minimum temperature the CNRM-CM6-1 for dessert, sub-tropical, temperate and alpine, and ACCESS-ESM-1-5 for tropical were the models found to be the best performing in this study. Our finding is similar with (Shiru & Chung, 2021) which study over Thailand. in their result CNRM-CM6-1 has the best performance and is the most appropriate choice to simulate the temperature for the overall Thailand area.
In addition to  in the eastern part of East Africa, covering Kenya, Rwanda, Tanzania, Uganda, and Burundi, thirteen CMIP6 temperature GCMs were used in evaluating mean surface temperature (Ayugi et al., 2021) by employing statistical metrics. Since that study and this mostly considered different GCMs and different temperature parameters, and maximum and minimum temperature in the later, in their ability to replicate observed temperature, conclusions as to the generally performing models based on both studies are undeterminable. And similar to this study, CNRM-CM6-1 were the models found to be the best performing in the study. The study found that most of the GCMs overestimated the mean temperature, with a few underestimating it. But in this study, the minimum temperature at the daily scale the most GCMs overestimated the minimum temperature, with a few underestimating it (the reverse is true for this study).
The models with the highest ability in simulating monthly maximum temperature and minimum temperature for the GCMs compared to the observed for 1995–2014 are presented in Table 4.3 and Table 4.4 respectively. The MRI-ESM2-0, GCM is more preferable for monthly maximum temperatures over desert AEZ of Ethiopia, but for minimum temperature CNRM-CM6-1, and BCC-CSM-2-MR is more preferable GCMs over desert AEZ of Ethiopia. And for maximum temperature over tropical and sub-tropical AEZs, the MPI-ESM1-2-LR GCMs has best performance and the EC-Earth3-veg is best over temperate and alpine AEZs of Ethiopia. However, CNRM-CM6-1 GCM have best performance for monthly minimum temperature all five AEZs of Ethiopia.
[bookmark: _Hlk141811582][bookmark: _Hlk141812460] According to (Klutse et al.,2021) there are significant differences between the models and in comparison to the observations. The findings showed that no single model could adequately represent every characteristic of the observational datasets. Results in this study are consistent with their study in that no GCM was able to accurately reproduce the spatial pattern and monthly cycle of maximum and minimum temperatures. According to this, it is necessary to evaluate models in order to choose the most realistic ones or to group observations together into five AEZs in order to evaluate the climate while minimizing the individual uncertainties related to various GCMs. However, this selection does not necessarily rank a GCM similar under different variables. For example, ACCESS-ESM-1-5 which ranked high for monthly maximum temperature over the sub-tropical AEZ of Ethiopia, had the least performances for the minimum temperature over desert and temperate AEZs of Ethiopia. Similarly, MPI-ESM1-2-LR, which ranked high for monthly maximum temperature over tropical AEZ and showed a lower ranking for minimum temperature over tropical, sub-tropical temperate and alpine AEZs. This can be linked to a number of things, including how well the observed data were collected (Miao et al., 2012), where it is possible for the observed climatological records to have inhomogeneities as a result of things like altered measuring techniques, station relocation, and shifting environmental conditions throughout time (Ducré‐Robitaille et al., 2003). Another consideration is a location's topography and climate. A researcher over the Tibetan Plateau (Lun et al., 2021) found notable variations in how some GCMs simulated various climatic factors.













[bookmark: _Toc154320774][bookmark: _Toc166740291]CHAPTER 5. CONCLUSION AND RECOMMENDATIONS
[bookmark: _Toc154320775][bookmark: _Toc166740292]5.1. CONCLUSION
This study assesses the performances of 7 CMIP6 GCMs in simulating historical maximum and minimum temperature over Ethiopia at daily and monthly scale for the 20- year period of 1995–2014, in order to identify best GCMs for five AEZs of Ethiopia using three statistical metrics, PBIAS, RMSE, and r, and CRI method. The overall performance of each GCM over five AEZs were ranked based on the Comprehensive Rating Index (CRI). 
The main results are concluded as follows:
1. [bookmark: _Hlk142330916]The performance of GCMs varies from one climate zone to another. ACCESS-ESM-1-5 depicted the poorest performance at daily and monthly maximum temperature over desert and tropical AEZs of Ethiopia. However, it depicted the best performance at both daily and monthly scale for maximum temperature over sub-tropical AEZ of Ethiopia. Most of the GCMs overestimated the minimum temperature, with a few underestimating it at daily and monthly time scale.
2. [bookmark: _Hlk141902057]Based on the CRI the general performance considering daily and monthly time scale for maximum temperature, EC-Earth3-veg, for temperate and alpine, MRI-ESM2-0 and MPI-ESM1-2-LR, for desert and tropical AEZs respectively, ACCESS-ESM-1-5 for sub-tropical AEZ of Ethiopia for Climate Modeling have the best performance.
3. In addition, results indicated that for minimum temperature simulations at daily and monthly scale, CNRM-CM6-1, for all five (dessert, tropical, sub-tropical, temperate and alpine) AEZs of Ethiopia, has the best performance among all GCMs, however, MIROC6 GCM depicts the worst performance over all GCMs at both daily and monthly time scale. 






[bookmark: _Toc154320776][bookmark: _Toc166740293]5.2. RECOMMENDATION
The results of this study can assist climatologists, hydrologists, and water resources managers to choose suitable Global climate models (GCMs) for their related applications. Although this study ranked the GCMs for Ethiopia, the results can be useful for other locations that have the same physical features (e.g., topography and climate) as Ethiopia. Finally, the researcher recommends CNRM-CM6-1 GCM for the study of daily and monthly minimum temperature over all five AEZs of Ethiopia. Using MIROC6 GCM for study of daily and monthly for minimum and maximum temperature leads to error over all AEZs of Ethiopia.
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	 Geographic Coordinate
	Traditional AEZs
	Period of record

	No
	Station Name
	Longitude
	Latitude
	Elevation
	AEZs (Amharic name)
	AEZs (English name)
	

	1
	Adama
	39.28
	8.56
	1648
	Woyina Dega
	Subtropical
	1995-2014

	2
	Addis Ababa
	38.75
	9.02
	2386
	Dega
	Temperate
	1995-2014
	
	

	3
	Ambo
	37.84
	8.99
	2068
	Woyina Dega
	Subtropical
	1995-2014
	
	

	4
	Asela
	39.14
	7.96
	2420
	Dega
	Temperate
	1995-2014
	
	

	5
	Asebe Teferi
	40.87
	9.07
	1796
	Woyina Dega
	Subtropical
	1995-2014
	
	

	6
	Bahir Dar
	37.42
	11.6
	1770
	Woyina Dega
	Subtropical
	1995-2014
	
	

	7
	Boditi
	37.86
	6.96
	2043
	Woyina Dega
	Subtropical
	1995-2014
	
	

	8
	Bonga
	36.24
	7.28
	1599
	Woyina Dega
	Subtropical
	1995-2014
	
	

	9
	Dangila
	36.85
	11.43
	2116
	Woyina Dega
	Subtropical
	1995-2014
	
	

	10
	Debre Birhan
	39.51
	9.67
	3206
	Wurchi
	Alpine 
	1995-2014
	
	

	11
	Debre Markos
	37.74
	10.33
	2446
	Dega
	Temperate
	1995-2014
	
	

	12
	Debre Tabor
	38
	11.87
	2612
	Dega
	Temperate
	1995-2014
	
	

	13
	Dire Dawa
	41.9
	9.61
	1045
	Kolla
	Tropical
	1995-2014
	
	

	14
	Dubity
	41.09
	11.73
	381
	Bereha
	Desert
	1995-2014
	
	

	15
	Fiche
	38.74
	9.77
	2798
	Dega
	Temperate
	1995-2014
	
	

	16
	Gewane
	40.66
	10.16
	744
	Kolla
	Tropical
	1995-2014
	
	

	17
	Gonder
	37.43
	12.52
	1973
	Woyina Dega
	Subtropical
	1995-2014
	
	

	18
	Gore
	35.55
	8.16
	2024
	Woyina Dega
	Subtropical
	1995-2014
	
	

	19
	Haramaya
	42.04
	9.42
	2025
	Woyina Dega
	Subtropical
	1995-2014
	
	

	20
	Hawassa
	38.48
	7.07
	1694
	Woyina Dega
	Subtropical
	1995-2014
	
	

	21
	Hosanna
	37.86
	7.57
	2306
	Dega
	Temperate
	1995-2014
	
	

	22
	Jijiga
	42.72
	9.37
	1557
	Woyina Dega
	Subtropical
	1995-2014
	
	

	23
	Kombolcha
	39.72
	11.08
	1857
	Woyina Dega
	Subtropical
	1995-2014
	
	

	24
	Konso
	37.44
	5.34
	1431
	Kolla
	Tropical
	1995-2014
	
	

	25
	Lalibela
	39.04
	12.04
	2487
	Dega
	Temperate
	1995-2014
	
	

	26
	Mekele
	39.53
	13.47
	2221
	Woyina Dega
	Subtropical
	1995-2014
	
	

	27
	Mojo
	39.11
	8.61
	1763
	Woyina Dega
	Subtropical
	1995-2014
	
	

	28
	Moyale
	39.05
	5.05
	1166
	Kolla
	Tropical
	1995-2014
	
	

	29
	Negele
	39.27
	5.33
	1439
	Kolla
	Tropical
	1995-2014
	
	

	30
	Nekemte
	36.55
	9.08
	2119
	Woyina Dega
	Subtropical
	1995-2014
	
	

	31
	Pawe
	36.41
	11.31
	1119
	Kolla
	Tropical
	1995-2014
	
	

	32
	Robe
	40.05
	7.13
	2480
	Dega
	Temperate
	1995-2014
	
	

	33
	Teppi
	35.44
	7.2
	1208
	Kolla
	Tropical
	1995-2014
	
	

	34
	Tulu bolo
	38.22
	8.67
	2100
	Woyina Dega
	Subtropical
	1995-2014
	
	

	35
	Wolaita Sodo
	37.75
	6.82
	1854
	Woyina Dega
	Subtropical
	1995-2014
	
	

	36
	Yirgachefe
	38.21
	6.15
	1856
	Woyina Dega
	Subtropical
	1995-2014
	
	

	37
	Yirgalem
	38.43
	6.8
	1786
	Woyina Dega
	Subtropical
	1995-2014




image2.jpeg
APPROVAL SHEET
As member of the Board of Examiners of the Master of Sciences (M.Sc.) thesis open defense
examination, we have read and evaluated this thesis prepared by Mr. Alehegn Belay Tagele
entitled Evaluating the performance of CMIP6 GCMs for historical simulations of
temperature over Ethiopia. We hereby certify that: the thesis is accepted for fulfilling the
requirements for the award of the degree of M
Climate change”,

aster of Sciences (M.Sc.) in “Environment and

Board of Examiners

Gashaw Mulu Gessese ﬁ“"’ 06/09/2016 EC
Gashaw Mulu Gessese

Name of External Examiner Signatyre Date
S; Lieats ‘ . s [9 [re
Name of Internal Examiner % Slgnaturn

Date
[} / “_JF 2 9/0l6

Name of Chairman Signature Date





image3.jpeg
: DECLARATION
1o certify that this thesis entitled “Evaluating the performance of CMIP6 GCMs for
ical simulations of temperature over Ethiopia™ submitted in partial fulfillment of the
requirements for the award of the degree of Master of Science in “Environment and Climate
change” to the Graduate Program of College of Agriculture and Environmental Sciences, Bahir
Dar University by Mr. Alehegn Belay Tagele (ID. No. BDU1401328) is an authentic work
carried out by him under our guidance. This thesis is my work and has not been presented for a

degree in any other university or any other award.

*

i | Adleheasn v e\, @%h —ozlo1 116

Name of the Student Si/g?ixlurc Date

Name of advisor

Date





image4.jpeg
Africa

z
B

a Ethiopia N

. A
5
2
Legend b

Elevation (m) & Agro Ecological Zones
Africa Z
o]
o
Ethiopia it
A >3200 (Alpine) -
A 2300-3200 (Temperate) g
. 1500-2300 (Sub-tropical) ©
A 500-1500 (Tropical)

r4
A <500 (Desert) o |
o
P





image5.png
Simulated
(?bserved historical climate
climate data data
Identify biases/
parameterize bias
correction algorithm

Corrected
historical climate
data





image6.png
Monthly average Tmax (0.C)

D
-

8
-

20

Desert

2 3 4 5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCG == MRI-ESM2-0
== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image7.png
38

W
o)

Qo
D

W
-

Monthly average Tmax (0.C)
Qo
N

N
oo

26

Tropical

2 3 4 5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCG == MRI-ESM2-0
== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image8.png
Sub-tropical

32.5

W
O
=

N
.
o

Monthly average Tmax (0.C)

25.0

1 2 3 4 5 o [ 8 9 10 11 12
Months
ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCS6 == MRI-ESM2-0

== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed




image9.png
Monthly average Tmax (0.C)

30.0

27.5

N
O
=

N
N
o

20.0

Temperate

2 3 4 5 o [ 8 9 10 11
Months
ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCS6 == MRI-ESM2-0

== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image10.png
32

N
oo

N
AN

Monthly average Tmax (0.C)

N
-

Alpine

5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCOG == MRI-ESM2-0

== BCC-CSM2-MR

== EC Earth3-veg  MPI-ESM1-2-LR == Observed

12




image11.png
Monthly average Tmin (0.C)

30

N
O

N
-

15

Desert

2 3 4 5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCG == MRI-ESM2-0
== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image12.png
Monthly average Tmin (0.C)

N
N

N
-

—
OO

-\
o)

14

Tropical

2 3 4 5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCG == MRI-ESM2-0
== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image13.png
Monthly average Tmin (0.C)

17.5

—
O
-

— N
N
o

10.0

Sub-tropical

2 3 4 5 o [ 8 9 10 11
Months
ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCS6 == MRI-ESM2-0

== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image14.png
17.5

—
ek
o

— N
Iy
o

Monthly average Tmin (0.C)

—
O
o

7.9

Temperate

2 3 4 5 o [ 8 9 10 11
Months
ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCS6 == MRI-ESM2-0

== BCC-CSM2-MR

== EC Earth3-veg  MPI-ESM1-2-LR == Observed

12




image15.png
Monthly average Tmin (0.C)

-\
)

—
o

Alpine

2 3 4 5 o [ 8 9 10 11
Months

ACCESS-ESM-1-5 == CNRM-CM6-1 == MIROCG == MRI-ESM2-0
== BCC-CSM2-MR == EC Earth3-veg ~ MPI-ESM1-2-LR == Observed

12




image1.jpeg




