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from 38.84°C to 55.45°C, significantly impacted device parameters. The short-circuit current (Jsc) 

mirrored POA irradiance trends, while the open-circuit voltage (Voc) showed an inverse 

temperature dependence. The annual PV cell efficiency varied from 13.02% to 22.35%, with clear 

average seasonal variations such as the highest in spring (20.72%) and the lowest in summer 

(16.01%). Besides, optimal PV module tilt angles and implementation of different tracking 

mechanisms were determined. The monthly optimal tilt angles ranged from 0° (July) to 47.90° 

(January), while seasonal averages were observed as 29.40° (winter), 21.65° (autumn), 12.34° 

(spring), and 8.8° (summer). The annual optimal tilt angle varied from 14.51-21.52o. In addition, 

the performance of different tracking mechanisms (dual/full axis: DAT, vertical-axis: V-axis, east-

west/incline east-west: EW/IEW, north-south: NS) were also evaluated. Dual/full axis tracking 

yielded the highest annual average efficiency (44.89%), while NS tracking resulted in a 28.46% 

energy loss compared to horizontal mounting. On the other hand, PV module mounted at optimal 

tilt angle resulted in a 4.12% gain, while EW/IEW and vertical axis tracking yielded 43.12% and 

24.94% energy gains, respectively compared to horizontally mounted. Overall, this study provides 

a valuable resource for selecting, comparing, and designing future solar PV systems in Ethiopia. 

It contributes to strategic PV deployment by aiding in energy assessment and forecasting. 

Moreover, the study offers an optimal tilt angle model, guiding the selection and implementation 

of the best tracking mechanisms for PV modules/panels in Ethiopia. This information is essential 

for effective energy assessment and forecasting across the nation. 
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Chapter 1  

1. Introduction 

1.1. Background of the Study 

Solar radiation, the electromagnetic energy emitting from the Sun, is a primary 

driver of Earth's climatic and weather systems.1,2 It also constitutes a vast source of clean 

energy. Global solar radiation (GSR) is the total amount of solar radiation/energy (both 

direct and diffuse) reaching a horizontal surface on Earth.3  Due to the increasing 

concerns about global warming and depleting fossil fuel reserves require a paradigm 

shift towards sustainable energy sources.4 Of the different sustainable/renewable energy 

sources, solar energy is a top candidate due to its abundance, cleanliness, and long-term 

sustainability.5 Regarding this, photovoltaic (PV) cells/panels, are the most important 

device for converting solar radiation into electrical energy via the photoelectric effect.6 

The working principle and its components of a typical PV cell are illustrated in Figure 1-

1.  Due to their maturity, market dominance (covers roughly 95% of all solar cells)7, long-

term stability (with a typical lifespan > 25 years and an annual power degradation rate 

below 1%)8, standardization, better efficiency9, and cost-effectiveness (i.e., high efficiency 

reduces installation costs)10, silicon solar cells are the most widely used technology for 

solar energy assessment, generation, and forecasting. Crystalline silicon (c-Si) solar cells 

have reduced grain boundaries and fewer charge recombination centers, which makes 

them an ideal material for achieving higher efficiency in silicon-based PV devices 

compared to amorphous silicon (a-Si).11 However, this efficiency is influenced by a 

complex interplay between intrinsic device characteristics and extrinsic environmental 

factors.12,13 Among environmental factors, solar radiation is a primary and key factor 

governing the overall performance of these PV cells.14 Understanding the effect of solar 

radiation pattern on PV cell performance provides insight into the indirect effects of other 

environmental parameters, such as temperature and cloud cover. For instance, a specific 

region with consistently high solar radiation levels often experiences higher ambient 
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temperatures and greater thermal extremes, which can negatively impact cell efficiency. 

Which likely implies that the increased solar irradiance generally leads to higher current 

and power output, but also elevates cell temperature, which can reduce voltage and 

overall efficiency.15 Conversely, area with lower solar radiation levels, often due to 

significant cloud cover, will have reduced power output. Therefore, solar radiation serves 

as a central variable, whose influence on cell performance is inherently linked to and 

reflects the impact of other environmental conditions. Thus, the efficient PV systems 

assessment and forecasting relay on the quality/ability to measure/predict 

spatiotemporal (location and time: hourly, daily, monthly, seasonal and annual) variation 

of solar radiation that will offers vital insights for PV system design, including 

anticipated device performance stability and backup battery capacity requirements. 

Furthermore, these fluctuations, in turn, affect the intricate processes within the PV cell, 

including light absorption, charge carrier generation, and separation, charge transport 

and collection, and leakage currents.16 This inherent link between PV performance and 

solar irradiance underscores the critical need for spatiotemporal irradiance 

prediction/estimation.  Such predictions provide a key parameter for accurately 

assessing PV power generation potential.17  Besides, linking the operating parameters of 

the PV cell/module with detailed device physics, incorporating the spatiotemporal 

dimension of irradiance for a specific site or region, forms the foundation for 

comprehensive PV power assessment and generation prediction. 

However, accurate spatiotemporal solar irradiance prediction is a complex task 

due to the high variability of atmospheric conditions, leading to a spectrum of modeling 

approaches with varying trade-offs between complexity and accuracy. Simple empirical 

models, such as the Angström-Prescott model, are easy to implement and require 

minimal data, making them useful in data-scarce regions.18,19 However, their primary 

limitation is the oversimplification of atmospheric physics, which fails to account for 

dynamic factors like cloud type, aerosol content, and water vapor, resulting in poor 

accuracy outside of their specific calibration conditions. Linear regression and time series 

models offer a balance of simplicity and interpretability but often struggle to capture 
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complex non-linear relationships or long-term trends effectively.20 A significant leap in 

complexity involves advanced machine learning (ML) models like tree-based and simple 

neural networks.21,22 These data-driven models learn complex, non-linear relationships 

from multiple atmospheric parameters, surpassing empirical and time-series models in 

accuracy. Yet, their performance is constrained by the need for relative substantial 

historical data and their less ability to effectively capture the intricate spatiotemporal 

dependencies inherent in weather patterns. The most sophisticated methods are deep 

learning (DL) models, particularly Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTMs), which excel at learning long-term dependencies in sequential 

data, making them ideal for time-series forecasting.23,24 Additionally, Convolutional 

Neural Networks (CNNs) can analyze satellite imagery to assess cloud cover and its 

impact on irradiance.25 While DL models offer the highest predictive accuracy, their 

drawbacks are the immense computational resources and vast datasets required for 

training, as well as their "black box" nature, which makes their decision-making process 

difficult to interpret. On the other hand, hybrid or ensemble models that combine the 

strengths of different approaches are increasingly being explored to achieve a better 

balance of accuracy, efficiency, and interpretability.26 The GSR is converted to plane of 

array (POA) irradiance through the application of decomposition models and 

transposition models and further incorporated in to PV cell/module model.27  

 

Figure 1-1: A typical PV cell components and its working principle. 
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Ethiopia, a nation endowed with substantial solar irradiation in East Africa, 

currently demonstrates a significantly low level of solar energy utilization within the 

regional context.28 Despite being one of the least electrified countries, Ethiopia is actively 

exploring alternative energy sources, with solar power emerging as a promising path for 

sustainable development.29 Indeed, the implementation of solar energy technologies 

offers a multifaceted approach to address the nation's energy challenges and global 

climate/environmental concerns. 30,31 Consequently, this study presents a novel hybrid 

approach for assessing solar radiation estimation and solar cell performance's spatial and 

temporal variability across Ethiopia. For this purpose, a 15-minute GSR data were 

obtained from sixteen Ethiopian synoptic stations operated by the National Meteorology 

Institute (NMI) for 2020-2022. Upon the twelve distinct machine learning models such as 

Multiple Linear Regression (MLR)32, Artificial Neural Network (ANN)33, k-nearest 

Neighbors (KNN)34, Decision Tree (DT)35, and Support Vector Regression (SVR)36, 

AdaBoost (Ada)37, XGBoost (XGB)38, Random Forest (RF)39, Light Gradient Boosting 

Regressor (LGB)40, and Gradient Boosting (GB)41, Long Short-Term Memory (LSTM)42 

and Convolutional Neural Networks (CNN)43 and a single stacked/ensembled model 

(i.e., constructed by stacking kNN, XGB, RF, GB, DT, and LGB) were trained and 

evaluated across diverse climatic conditions to estimate GSR. The 15-minute interval GSR 

data by Pyranometer SP-Lite and CMP3 instruments, were aggregated to the desired time 

resolutions (like hourly, daily, and monthly) to enhance computational efficiency during 

the analysis. High-resolution (i.e., hourly) temperature, wind speed and wind direction 

data were also obtained from the same station. Furthermore, supplementary feature 

variables, including all-sky surface downward radiation (ASSD), clear sky-surface 

downward radiation (CSSD), aerosol optical depth (AOD), particulate matter with a 

diameter of 2.5 micrometers or less (PM2.5), and others, were incorporated from the 

Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-

2) archive maintained by the National Aeronautics and Space Administration (NASA). 

Thereafter, we generated accurate, high resolution (1o by 1o), average GSR maps for the 

entire country by leveraging a stacked/ensemble machine learning model for the year 
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actionable insights for practitioners and policymakers. The site-specific and seasonal 

recommendations for tilt angles will enable a significant increase in energy yield for 

fixed-tilt installations, while the detailed quantification of performance enhancement 

from tracking systems will provide a clear cost-benefit analysis for more advanced 

configurations. The comparative analysis of different PV module configurations 

(horizontal, fixed-tilt, single-axis, and dual-axis) will serve as a comprehensive guide for 

selecting the most effective strategy to maximize energy generation and efficiency, 

thereby accelerating the deployment of solar energy technologies and contributing to 

national energy security and sustainability goals. 

Furthermore, this study probes into the device physics of crystalline silicon (c-Si) 

solar cells, aligning with the global scientific community's concerted efforts to harness 

solar energy for electricity generation. The research contributes directly to the urgent 

transition towards zero-carbon energy, a critical step required to mitigate the dangerous 

impacts of climate change. 

1.6. Dissertation Structure  

Chapter 2: Discusses the need for renewable energy, PV energy assessment across 

the world, renewable energy distribution in Ethiopia, and factors that affect PV 

cell/module performance. It should also explore the different modeling approaches, 

including empirical, physical, and data-driven methods like machine learning and deep 

learning, that have been employed to predict solar radiation and PV performance.  

Chapter 3: Introduce the study area, Ethiopia, and describe the ground-based 

observational and satellite data used in the research. It should also outline the pre-

processing and post-processing techniques applied to integrate the data and models. The 

chapter should present the various POA irradiance models, PV cell models, tilt angles, 

and tracking mechanisms considered for optimizing PV performance. 





 

 

Chapter 2  

2. Literature Review 

 Energy, a fundamental cornerstone of human civilization, has witnessed a 

dramatic rush in demand since the Industrial Revolution.60 This rising consumption is 

primarily powered by population growth and technological advancements. Developing 

nations, such as China and India, have emerged as significant contributors to this rising 

trend.61 As depicted in Figure 2-1, the historical trajectory and future perspective of world 

population and energy consumption reveal a clear correlation. To meet this growing 

energy demand, humanity has primarily relied on two broad categories of energy sources 

such as conventional (non-renewable) and non-conventional (renewable).   

 

Figure 2-1: World population and energy consumption: A historical overview and future 
projections. 

 Conventional fossil fuels, such as oil, coal, and natural gas, account for 81.5-82% 

of global energy consumption, with oil being the primary source, followed by coal and 

natural gas (IEA: 2024).62 Despite their prevalent utilization, they face critical limitations 

as illustrated in Figure 2-2. These resources are inherently finite and geographically 

concentrated, leading to geopolitical vulnerabilities. Furthermore, their extraction, 



 

12 
 

transportation, and combustion processes are substantial contributors to environmental 

degradation (see Figure 2-2a). As Kelvin et al., highlighted, the reliance on fossil fuels 

accounts for approximately 75% of global greenhouse gas emissions and a staggering 90% 

of carbon dioxide (CO2) emissions.63 Consequently, the heavy dependence on these 

energy sources has driven a significant increase in per capita CO2 emissions, as visually 

represented in Figure 2-2b. This rising trend underscores the urgent need to transition 

towards more sustainable energy alternatives, such as renewable energy sources, to 

mitigate environmental pollution and climate change. 

 

Figure 2-2: Effect of using conventional energy sources on climate change (a) and CO2 emission 
by type (World, Africa, Ethiopia: adopted from Kelvin et al., and H. Ritchie et al., 2024) (b).  

  

 On the other hand, the renewable energy sources, particularly solar power, are 

widely accessible, non-polluting, and have a minimal environmental impact, making 

them ideal for sustainable energy generation as presented in Figure 2-3. For example, the 

observation from Figure 2-3a, indicating a consistent rise in per capita renewable energy 

utilization globally and across Africa, suggests a growing global commitment towards 

transitioning to cleaner energy sources and a recognition of the need to decouple energy 

consumption from fossil fuels.64 This trend likely reflects increasing awareness of climate 

change impacts, advancements in renewable energy technologies making them more 
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constraints due to the limited availability of suitable locations with sufficient water flow 

and topography, adverse impacts on local communities through displacement and 

altered livelihoods, and its inherently centralized nature which can pose challenges for 

widespread and decentralized energy access. 

 In contrast, over 1.3 kW/m2 of solar energy is delivered to the atmosphere by our 

primary source, the Sun.65 Approximately 1.8 × 1011 megawatts (MW) of solar energy are 

absorbed globally, which is sufficient to meet the world's current power demands.66,67 

The IEA predicts that solar PV could contribute 11% of global green energy, reducing 

CO2 emissions by 2.3 gigatons annually.68 The International Renewable Energy Agency 

(IRENA) also forecasted that the global solar energy generation capacity will increase by 

8,519 gigawatts (GW) by 2050.69 Figure 2-5 shows a significant increase in solar energy 

generation capacity over the past decade and the future projections.  

 

Figure 2-4:  A regional breakdown of globally installed PV capacity [in GW]; (Source: IRENA). 

 

 Consequently, the cumulative installed capacity of solar photovoltaic (PV) 

systems worldwide has experienced a remarkable surge in recent years, surpassing the 1 

terawatt (TW) milestone in 2022. China, the United States, and India have emerged as the 
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accredited leaders in solar PV deployment, collectively accounting for most of the world's 

total installed capacity as reported by IEA-PVPS.70 China's dominance is particularly 

noteworthy, with its capacity exceeding that of the world combined. Figure 2-6 

graphically depicts the escalating global solar PV capacity trend from 2005 to 2022  [in 

GW]. The steep upward trajectory clearly illustrates the accelerating adoption of solar 

energy as a clean and renewable energy source. This rapid expansion underscores the 

increasing recognition of solar PV as a viable and cost-effective solution to address both 

energy security and climate change challenges.  

 

Figure 2-5: Cumulative installed capacity of most leading countries (source: IEA PVPS). 

 

On the other hand, Africa, endowed with abundant solar resources ('the sun 

continent'), has traditionally relied heavily on fossil fuels for energy. Despite receiving an 

average annual solar irradiation exceeding 2,119 kWh/m² in many regions, translating to 

a substantial theoretical solar energy reserve (nearly 40% of the global total), solar power 

adoption remains limited (report by IRENA).  
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2.1. Solar Potential in Africa 

Africa, particularly North and South Africa, possesses significant solar energy 

potential due to their equatorial location and high solar irradiation levels, as evidenced 

by IRENA.71 Figure 2-7 demonstrates substantial PV solar power potential across the 

continent. Notably, South Africa exhibits considerable capacity for both Concentrating 

Solar Power (CSP) and PV solar power, estimated at 43,275 TWh/year and 42,243 

TWh/year, respectively.72 With over 2,500 annual sunshine hours and an average solar 

irradiation of 220 W/m², South Africa presents favorable conditions for solar energy 

development. Similarly, North Africa's Sunbelt region, encompassing countries like 

Algeria, Morocco, Egypt, and Tunisia, receives high levels of annual solar irradiance 

(2,700, 2,600, 2,800, and 2,300 kWh/m², respectively).73 Notably, a solar farm occupying 

a mere 0.3% of Africa's land area could potentially meet the entire electricity demand of 

the European Union.74 Despite these abundant resources, many African nations, 

particularly in sub-Saharan Africa (like Ethiopia), face challenges such as limited 

financing, high initial costs, low electricity tariffs, inadequate grid infrastructure, 

regulatory barriers, and a shortage of skilled personnel that hinder their widespread 

deployment and fully harnessing their solar energy potential.75 

 

Figure 2-6: Spatial distribution of PV power potential across Africa (Source: Solar Atlas). 
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2.2. Factors that Affect Solar Energy Harvesting 

Even though solar PV energy offers a sustainable alternative to fossil fuels, it faces 

the challenge of low efficiency. Granting theoretically achievable at 29%, the actual 

maximum efficiency of commercial PV panels is currently 26%.76 Several external and 

internal factors contribute to the degradation of PV cell/module efficiency as presented 

in Figure 2-8. While advancements have been made in PV construction and installation, 

environmental factors remain a significant obstacle to overcome.77  

 

Figure 2-7: Factors that affect PV cell/module performance. 

 

The PV modules/panels heat up when exposed to the sun, and the amount of light 

absorbed by non-solar cell parts contributes to this heating. This heating decreases 

bandgap energy and results in poor power output. Solar modules/panels are mounted 

at a certain height to escape excess heat energy.78 Adding ventilation, fans, winds, or 

cooling systems can increase PV module/panel output power by assisting air movement 

around the panels.79 While wind can cool the PV panel, it also carries dust and sand 

particles, reducing PV power output. Therefore, operational and maintenance works are 

required to mitigate the negative environmental effects in some cases. As a result, a 

detailed analysis incorporating all environmental, operational, and maintenance factors 
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and their corresponding effects is necessary to increase PV performance. Figure 2-9 

illustrates the effect of environmental factors on current-voltage (I-V) curve of PV 

cell/modules. 

 

Figure 2-8: Environmental factors on current-voltage (I-V) PV cell/module; 1) solar radiaition, 2) 
temperature, 3) shadig, 4) dust, 5) solar angle or orientation, 6) solar tracking, and 7) relative 
humidity. 

 

2.3. Solar Radiation Estimation 

 Solar radiation, a crucial component of Earth's energy balance, is pivotal in various 

fields, from renewable energy to agriculture.80 Countries with high solar energy 

potential, such as those in Africa, Australia, South America, Southern Europe, and Asia, 

have witnessed likely they seem have  a substantial economic and environmental gains 

from large-scale solar energy adoption.81 These benefits have urged increased investment 

in solar power plants, leading to a growing share of solar energy in national electricity 

production. The distribution of global horizontal irradiance worldwide is illustrated in 

Figure 2-10. 
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Figure 2-9: The global horizontal irradiance (GHI) worldwide, [source: solar atlas]. 
 

However, its accurate measurement and prediction pose significant challenges 

due to atmospheric conditions, cloud cover, and the high cost of traditional measurement 

devices. Figure 2-11 illustrates the various factors that influence the amount of solar 

radiation reaching the Earth's surface.  

 

Figure 2-10: Illustrates the interaction of incident solar radiation with the Earth's atmosphere 

under clear (a) and cloudy (b) conditions; [source: Pv-education and Encyclopædia Britannica]. 

Despite the importance of solar radiation data for effective solar energy planning, 

the scarcity of measurements due to the high cost and maintenance of devices like 

a b
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pyranometers, pyrheliometers, and solar meters hinders accurate solar energy potential 

estimation and assessments.82,83 Figure 2-12 illustrates the pyranometers, pyrheliometers, 

devices, and their underlying principles. 

 

Figure 2-11: Solar irradiance measurement devices: pyranometer (a), and pyrheliometer (b). 

 

To overcome these challenges, AI-based approaches, including machine learning 

(ML) and hybrid models, offer a promising solution by effectively handling incomplete 

data, learning complex relationships between solar radiation and various factors, and 

adapting to changing conditions.84 These advantages make AI particularly suitable for 

regions with limited measurement infrastructure, such as Ethiopia, enabling improved 

understanding of solar energy resources and optimizing renewable energy systems.85,86,87  

2.3.1. Machine Learning (ML) and Deep Learning (DL) Models 

The rapid advancement of computer science, particularly AI, has revolutionized 

human life by enhancing efficiency and convenience.88 AI, encompassing ML and DL, 

empowers systems to compete with human intelligence, learn from data (i.e., supervised 

learning), and adapt dynamically. Unlike traditional methods, AI excels in handling 

uncertainty and responding quickly to unforeseen events, making it vital in today's 

complex world.89 The fundamental differences between AI, ML, DL, and the basic 

working principles of ML and DL are illustrated in Figure 2-13. 
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Figure 2-12: Components of AI algorithms, encompassing ML and DL (a), basic operational 

principles of ML and DL algorithms (b). 

 

2.3.2. Stacked/Ensemble Model 

Predicting solar radiation accurately is challenging due to the variability of 

atmospheric conditions and the dynamic nature of solar radiation itself. While 

single/separate methods like empirical, separate ML or DL, and time series models have 

limitations, hybrid/ensemble/stacked models, combining the strengths of multiple 

approaches, have shown significant promise in enhancing prediction accuracy.90,91 

Examples include the RFs-FFA, which optimizes random forests using the firefly 

algorithm, and the ANN/SA, which employs simulated annealing to improve neural 

network performance.92  Numerous studies have explored using nature-inspired 

metaheuristic algorithms (e.g., firefly, cuckoo search, genetic algorithms) to optimize 

prediction structures and network parameters. Other hybrid approaches, such as the 

SOM-SVR-PSO, combine data pre-processing techniques (like SOM: self-organizing 

maps clustering) with prediction models (like SVR: support vector regression) and 

optimization algorithms (like PSO: particle swarm optimization) to effectively handle the 

diverse characteristics of solar radiation data.93   These ensemble methods demonstrate 

the potential to overcome the complexities of solar radiation prediction and achieve 

higher accuracy levels. Figure 2-14 illustrates the basic framework of the 
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stacked/ensemble model. This estimated solar radiation is global solar radiation from 

any surface, to determine amount of solar radiation  on a tilted surface we incorporated 

different plain of array irradiance models.  

 

Figure 2-13: The schematic framework of the stacked/ensembled model. 

2.4. Solar Radiation on Tilted Surface 

The amount of solar radiation on a tilted surface is referred to as a plane of array 

(POA) irradiance. It's a key factor in determining the energy output of a photovoltaic (PV) 

system. POA irradiance is affected by the sun's position, the panel's orientation (tilt and 

azimuth), and the amount of direct, diffuse, and reflected sunlight. Accurately estimating 

POA irradiance is crucial for predicting PV power output. This typically involves a two-

stage process. First, decomposition models separate Global Solar/Horizontal 

Radiation/Irradiance (GSR/GHI) into Direct Normal Irradiance (DNI) and Diffuse 

Horizontal Irradiance (DHI).94 Subsequently, transposition models convert these 

components into POA irradiance. While established models exist, research continues to 

refine combined approaches for improved accuracy of these transposition models. 

However, a universally accepted standard for GSR-to-POA irradiance conversion 

remains elusive.95 Studies comparing various model combinations, such as Pelland et al., 

who examined 12 combinations, have shown that the choice of specific models may have 
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a limited impact on overall PV power estimation accuracy.96 Figure 2-15 illustrates 

different compositions and components of solar irradiance and POA irradiance on PV 

modules.  

 

Figure 2-14: Components of POA irradiance impinging upon PV modules.44 

 

2.5. Solar Radiation Maximization: Tilt Angle and Tracking Model 

Maximizing solar energy capture hinges on optimizing solar module tilt angles. 

While latitude-based rules of thumb offer initial guidance, they often lack precision for 

specific locations due to variations in solar radiation influenced by elevation, longitude, 

and local conditions, particularly for low latitude regions.97 To accurately determine 

optimal tilt angles, site-specific solar radiation data analysis is crucial. On the other hand, 

solar tracking systems, which dynamically adjust panel orientation to follow the sun's 

path, significantly enhance energy capture compared to fixed-tilt systems.98 These 

systems are classified into single-axis tracking (SAT) and dual-axis tracking (DAT).99 SAT 

configurations include north-south100, east-west101, vertical102, and inclined east-west axis 

tracking103. Figure 2-16 illustrates schematic diagrams of these configurations, while 

Table 2-1 provides solar angle parameters for each mechanism.  
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Chapter 3  

3. Study Area, Data, and Methodology 

3.1. Study Area 

Ethiopia's intricate topography, encompassing both landforms and inland water 

bodies, combined with diverse vegetation cover, plays a critical role in shaping its 

climate. Additionally, large-scale atmospheric and oceanic circulation patterns exert a 

significant influence. These patterns include the seasonal movement and intensity of 

semi-permanent subtropical high-pressure systems situated over the Indian and Atlantic 

Oceans, the Tropical Easterly Jet (TEJ), the low-level Somali Jet, and the Intertropical 

Convergence Zone (ITCZ). The complex interplay between these local and large-scale 

factors ultimately determines the weather systems and climatic conditions observed 

across Ethiopia. Figure 3-1 describes the map of the study area and some of the synoptic 

weather stations. 

 

Figure 3-1: The study area with 16 synoptic weather stations (green circled). Stations marked by 
black dotted squares were withheld from the model development for generality test and represent 
the Bahir Dar, Arba Minch, and Harar stations. 
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experiencing temperate mediterranean climate), Arba Minch (from south, experiencing 

tropical savanna climate ), and Harar (from east, experiencing warm semi-arid climate). 

These stations exhibit significant differences in seasonal climate patterns as illustrated in 

Figure 3-2 (Koppen climate classification of Ethiopia). By selecting these geographically 

dispersed stations with distinct climatic characteristics, the model's ability to adapt to 

varying conditions can be rigorously evaluated. 

 

Figure 3-2: Koppen climate classification of Ethiopia [Source: Wikipidia]. 
 

Furthermore, we implemented comprehensive data preprocessing techniques to 

optimize model performance and computational efficiency. This involved normalizing 

numerical features,113 imputing missing values using methods like mean/median 

substitution or KNN imputation114, and detecting and handling outliers through the 

interquartile range (IQR) method115. Visualizing data distributions using scatter, Taylor, 

violine, and box plots enabled us to assess data quality and make informed decisions 

regarding outlier treatment.116 By addressing these data quality issues, we enhanced 

model performance and reduced computational costs relatively. 

3.3. Global Solar Radiation (GSR) Estimation 

 Table 3-2 describes the input fields (parameters) for model implementations for 

estimating global solar radiation (GSR). 
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Figure 3-3: Correlation of each input field with the others. 

 

3.3.1. Data Processing and ML Implementation  

Data preprocessing, model construction, and model evaluation are key elements 

of ML experiments. Figure 3-4 illustrates the schematic representation of the basic 

working principles of ML algorithms. 

 

Figure 3-4: Basic principle of a machine learning algorithm. 
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The four data preparation steps were data quality assurance, dataset splitting, data 

scaling, and variable selection.120,121 During the model-building process, the ML 

algorithm, parameter selection, model construction, and model saving were the main 

steps.122 Figure 3-5 provides a visual representation of the data processing flows during 

model implementation. Model performance skill is assessed using various skill metrics 

based on the test dataset and the saved model from the model construction step as 

described from Equation 3.1 to 3.7.  

 

Figure 3-5: Flow chart diagram of data processing and assessing ML models to predict solar 

radiation. 

 

3.3.2. Stacked (Ensemble) Model Implementation  

A stacked ensemble ML model, comprising six base better performing models 

such as GB, XGB, DT, kNN, RF, and LGB, was utilized to generate high-resolution (1° x 

1°) solar radiation data for 2022 across Ethiopia as illustrated in Figure 3-6.  
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Figure 3-6: The stacked/ensembled model that implemented for this particular study. 

 

The model was trained on observational data acquired from Ethiopia's NMI. The 

projection of data from observational to estimated (1° x 1°) is presented in Figure 3-7. 

 

Figure 3-7: Projecting observational data into regular 1-1o by using the stacked model; map of 

Africa (a), Ethiopia; synoptic weather stations (b), estimated 1° by 1° GSR map (c). 
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Figure 3-8: Schematic diagram to model POA irradiance. 
 

3.5. PV Cell Parameters 

Finally, we successfully integrated POA irradiance data into a PV cell parameter 

model. This integration enabled the better determination of key PV cell/module 

parameters, including short-circuit current (Isc), maximum power point current (Imp), 

short-circuit current density (Jsc), open-circuit voltage (Voc), maximum power point 

voltage (Vmp), and others. Figure 3-9 illustrates the schematic diagram outlining the 

integration process.  

 

Figure 3-9: Integrating POA irradiance into PV cell (a), and PV module (b) model. 
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Chapter 4  

4. Results and Discussion 

Section 4 offers a comprehensive analysis of solar energy potential assessment in 

Ethiopia. Subsection 4.1 probes into the estimation of global solar radiation (GSR), a 

crucial factor in solar energy assessment across the nation. By quantifying GSR across the 

country, this section provides valuable insights for optimizing solar power generation. 

Subsection 4.2 focuses on the evaluation of single-crystalline silicon photovoltaic (PV) 

cells performance which is a widely used technology in solar energy conversion. This 

analysis examines the suitability of these cells for Ethiopia's specific solar conditions, 

considering factors such as efficiency and performance under diverse climates. Finally, 

Subsection 4.3 investigates the impact of tilt angles and tracking mechanisms on 

photovoltaic module performance. By comparing different configurations, this section 

explores strategies for maximizing solar energy capture and improving system efficiency 

in Ethiopia's diverse solar environments. 

4.1. Estimate Global Solar Radiation (GSR) 

Twelve ML models and one stacked/ensembled model were evaluated for their 

ability to predict global solar radiation at various time scales (hourly, daily, monthly). 

The models were trained and tested on data from thirteen stations, with 25% reserved for 

independent testing. Additionally, the transferability and scalability of the top-

performing models were assessed using data from three separate stations (i.e., with likely 

distinct climatic conditions). Feature importance analysis, using a random forest model, 

revealed that ASSD as the largest contributor to model estimation, followed by Lon., 

CSSD, Lat., Temp., Eleva., Declin., PM, and AOD. The importance of the input variables 

as contributor to model prediction of global solar radiation by using a random forest 

model is illustrated in Figure 4-1. 
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Figure 4-1: Importance of feature variables to estimate GSR (i.e., the contribution of each 
variable to model estimation). 

 

4.1.1. Predicting Hourly Solar Radiation 

 Figure 8 illustrates the performance of nine ML algorithms in predicting hourly 

solar radiation. Statistical metrics revealed promising results for most models. The R² 

values ranged from 0.834 to 0.985, indicating a strong positive correlation between 

predicted and observed values. However, models like SVM, LSTM, and CNN were 

excluded due to their lower R² (<0.5) and computationally expensive nature. The models, 

XGB, RF, GB, DT, KNN, and LGB emerged as top performers, achieving high R² values 

of 0.98, 0.98, 0.96, 0.95, 0.97, and 0.96, respectively. Notably, these models demonstrated 

superior predictive performance while maintaining computational efficiency, making 

them suitable for relatively small datasets. These findings suggest that tree-based models 

offer a compelling alternative to computationally intensive neural networks and deep 

learning models, particularly for datasets of moderate size. Conversely, Ada and MLR 

displayed the lowest accuracy (R² = 0.834 and 0.828, respectively). RMSE served as 

another performance indicator. All models achieved RMSE values between 33.62 and 

115.25 W/m². The top-performing models (XGB, RF, KNN, and LGB) exhibited the lowest 

RMSEs (XGB = 33.62, RF = 38.54, KNN = 47.44, and LGB = 51.02 W/m²), highlighting 
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their superior accuracy. Notably, the XGB model achieved the absolute lowest RMSE 

(33.62 W/m²), solidifying its position as the most accurate predictor. MAE complemented 

the analysis by measuring the average prediction error. XGB once again emerged as the 

leader with the smallest MAE value (33.62 W/m²), signifying minimal deviation between 

predicted and measured values. Conversely, the MLR model displayed the highest MAE 

(84.93 W/m²), indicating a larger prediction bias. Notably, most other models achieved 

MAE values below 35 W/m². The details of evaluation metrics are described in Table 3. 

 

 
Figure 2: Scatter plots of the cross-validation results for 9 ML models to predict hourly solar 

radiation. 

Table 3: Model evaluation metrics for hourly predicted solar radiation. 

ML Ada ANN DT GB KNN LGB MLR RF XGB 

MAE 79.77 31.43 33.70 30.30 26.35 32.69 84.93 22.41 20.03 

RMSE 112.4 53.66 58.27 54.92 47.44 51.02 115.2 38.54 33.62 

nRMSE 0.11 0.05 0.06 0.05 0.04 0.05 0.11 0.03 0.03 
NSE 0.82 0.96 0.95 0.96 0.97 0.96 0.82 0.98 0.98 
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R2 0.83 0.96 0.95 0.96 0.97 0.96 0.82 0.98 0.98 

 Figure 9 presents the distribution of variance in hourly deviation probabilities 

for nine ML models used to predict solar radiation.  The error frequency distribution 

revealed a wide error range, with some models exhibiting errors up to ±200 W/m². In 

contrast, a  six models - KNN, RF, XGB, GB, LGB, and DT demonstrated significantly 

high accuracy. These models showed a more concentrated error distribution, with 

approximately 50% of hourly errors centered within a narrow range of ~< ±50 W/m² and 

a mean close to zero. This concentration  indicates the robustness and superior 

performance of these models for hourly solar radiation estimation. Consequently, these 

six models were selected as prime base learners for a stacking ensemble, which is 

expected to exploit their individual strengths and complementary behaviors to achieve 

more accurate and stable daily and monthly solar radiation estimations than any a single-

model approach. . By mitigating the limitations inherent in single-model predictions, the 

Stacked model is anticipated to  enhanced both predictive accuracy and stability. In 

addition, the mean bias analysis provided further insight into model behavior (Figure 9). 

For instance, AdaBoosting (Ada) model showed a mean bias of -23.79 W/m², suggesting 

a consistent over-prediction of hourly solar radiation. In contrast, the DT model, with a 

mean bias of 9.65 W/m², was the only one among the nine models to consistently under-

predict the values. These models indicate relatively higher biases in both Ada and DT 

model, while the remaining models displayed in intermediate bias levels. The GB model 

on the other hand, showed a mean bias close to zero, indicating it is a relatively unbiased 

model for hourly solar radiation estimation. 
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Figure 3: The frequency distribution of hourly solar radiation bias relative to observations from 

ML models to predict hourly solar radiation. 
 

4.1.2. Predicting Daily Solar Radiation 

 The analysis in Figure 10 assessed the performance of twelve ML models (i.e., 11 

separate and one Stacked models) for predicting daily solar radiation across Ethiopia. 

Stacked, KNN, GB, RF, and XGB emerged as the most successful models to estimate daily 

solar radiation. These exhibited high R² values (0.935 - 0.963) indicating strong 

correlations between predicted and observed values. Additionally, they displayed low 

RMSE (11.784 - 15.645 W/m²) and MAE (9.719 - 13.5 W/m²), signifying minimal 

prediction errors and bias. Notably, the Stacked model achieved the best overall 

performance with the highest R² (0.963) and the lowest RMSE (11.784 W/m²) and MAE 

(9.719 W/m²). Conversely, MLR, SVM, and Ada models demonstrated considerably 

lower performance. These models yielded lower R² values (0.687 - 0.724), suggesting 

weaker correlations between predictions and observations. Furthermore, they exhibited 

higher RMSE (31.566 - 40.895 W/m²) and MAE (26.343 - 33.500 W/m²), indicating larger 
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prediction errors and biases. Model performance evaluation metrics for the prediction of 

daily solar radiation are presented in Table 4. 

 

Figure 4: Scatter plots of the cross-validation results for 12 ML models to predict daily solar 

radiation. 
 

Table 4: Model evaluation metrics for daily predicted solar radiation. 

ML Ada ANN DT GB KNN LGB MLR RF XGB LSTM CNN SVM Stack 

MAE 26.34 13.92 13.07 11.80 10.85 11.09 28.27 11.96 12.79 13.14 33.50 28.02 9.71 

RMSE 31.56 17.18 16.17 14.63 13.62 13.57 34.20 14.66 15.64 16.04 40.89 33.86 11.78 

nRMSE 0.11 0.06 0.05 0.05 0.04 0.04 0.12 0.05 0.05 0.05 0.14 0.11 0.04 

MAPE 16.79 8.49 78.08 7.12 6.45 6.65 17.16 7.23 7.44 7.95 20.72 17.24 5.76 
NSE 0.71 0.91 0.92 0.93 0.94 0.94 0.68 0.93 0.93 0.92 0.54 0.68 0.96 

R2 0.72 0.92 0.93 0.94 0.95 0.93 0.68 0.94 0.93 0.93 0.58 0.68 0.96 

Figure 11 illustrates the error distribution of 11 separate and 1 Stacked model for 

daily solar radiation estimation. As shown , all ML models demonstrated improved 

accuracy,  with error range narrowing to less than ±100 W/m². This reduction in error 
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4.1.3. Predicting Monthly Solar Radiation 

Ten models exhibited impressive R² values ranging from 0.770 to 0.956, indicating 

a strong correlation between monthly predicted and measured values as described in 

Figure 12. Notably, Stacked, XGB, GB, and RF models emerged as the frontrunners with 

exceptional R² scores of 0.956, 0.946, 0.938, and 0.925, respectively. In contrast, the SVM 

and LSTM models displayed lower R² values of 0.493 and 0.670, respectively, suggesting 

a weaker association between their predictions and actual measurements. The RMSE 

values corroborated the R² findings. All twelve models exhibited RMSEs between 9.938 

and 38.491 W/m². The Stacked, XGB, GB, and RF models maintained their dominance 

with the lowest RMSEs (Stacked = 9.938 W/m², XGB = 11.034 W/m², GB = 11.962 W/m², 

and RF = 12.323 W/m²), signifying superior prediction accuracy. Conversely, SVM and 

LSTM models displayed the highest RMSEs (SVM = 38.491 W/m², and LSTM = 29.745 

W/m²), highlighting their limitations in monthly solar radiation prediction. The Stacked 

model consistently outperformed its counterparts across all evaluation metrics. It 

achieved the lowest RMSE (9.938 W/m²) and the lowest mean absolute error (MAE) of 

8.399 W/m², indicating the most accurate predictions with minimal deviation from actual 

values. The SVM model exhibited the highest prediction bias, reflected in its significantly 

higher MAE of 31.393 W/m² compared to other models with MAE values all below 13 

W/m². This suggests a systematic over- or underestimation by the SVM model. The 

summary of model performance evaluation metrics for the prediction of monthly solar 

radiation is presented in Table 5. 
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Figure 6: Scatter plots of the cross-validation results for 12 ML models to predict monthly solar 

radiation. 
 
Table 5: Model evaluation metrics for monthly predicted solar radiation. 

ML Ada ANN DT GB KNN LGB MLR RF XGB LSTM SVM Stack 

MAE 19.08 17.49 12.25 9.66 14.66 10.87 21.26 10.41 8.89 25.09 31.39 8.39 

RMSE 21.88 22.10 15.19 11.96 17.71 13.21 26.30 12.32 11.03 29.74 38.49 9.93 
nRMSE 0.11 0.11 0.08 0.06 0.09 0.07 0.13 0.06 0.06 0.15 0.20 0.05 

MAPE 10.50 9.84 7.18 5.69 8.53 6.39 11.84 6.01 4.86 14.78 19.15 4.80 

NSE 0.77 0.76 0.89 0.93 0.85 0.91 0.67 0.92 0.94 0.58 0.30 0.95 

R2 0.77 0.78 0.92 0.93 0.88 0.93 0.70 0.92 0.94 0.67 0.49 0.95 

The error distribution for all models used to estimate monthly solar radiation is 

illustrated in Figure 13. Except for the Stacked, RF, GB, and XGB models, all models 

displayed a relatively broad error distribution, which suggests that data size significantly 

influences their performance in monthly solar radiation estimation. Despite the 

decreasing data size from hourly to daily and then monthly, the Stacked model 
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consistently outperformed the individual models, with an error variance ranging from 

approximately < ±20 W/m². Moreover, among  all evaluated models, the Stacked model 

exhibited the lowest bias (1.185 W/m²) in predicting monthly average global solar 

radiation. Conversely, SVM (-8.005 W/m²) and LSTM (6.492 W/m²) displayed the highest 

deviations. Interestingly, while Ada, GB, LSTM, SVM, and KNN models exhibited 

negative biases, the majority displayed positive biases compared to the daily prediction 

mean bias. The maximum positive/negative bias with significant frequency was ±50 

W/m². Stacked, XGB, GB, and RF models demonstrated superior skill in compete with 

observed monthly mean solar radiation. Notably, XGB emerged as the fastest model with 

excellent prediction accuracy for all time scale data sets. GB, RF, LGB, DT,  and other 

models were also computationally efficient. However, Stacked, neural network based 

models (like ANN, LSTM, and CNN) and SVR models exhibited the longest training 

times, especially with increasing data size. Furthermore, Stacked, XGB and GB models 

displayed strong generalization capabilities, mitigating overfitting concerns. This is 

particularly advantageous with limited training data, making them suitable choices for 

such scenarios, makes them the best candidate models for transferability test, i.e., spatial 

solar radiation estimation. 
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3rd  Lat CSSD KT Temp AOD SZA WD CSSD WS 

4th CSSD Delclin WD Declin WD CSSD Declin Albed SZA 

5th  Temp Temp SZA AOD Declin Declin KT ASSD WD 

6th  SZA WD Declin WD WS KT CSSD Declin Temp 

7th  KT WS Albed WS SZA AOD ASSD Temp Declin 

8th  Eleva PM WS PM Temp WD WS WD KT 

9th  Declin AOD PM SZA PM WS PM WS AOD 

10th  WD Albed AOD KT KT PM AOD AOD PM 

11th  WS KT ASSD Albed Albed Albed Albed PM Albed 

12th  Albed Lat Lat Lat Lat Lat Lat Lat Lat 

13th  PM Lon Lon Lon Lon Lon Lon Lon Lon 

14th  AOD Eleva Eleva Eleva Eleva Eleva Eleva Eleva Eleva 

 

While parameters like Lat, Lon, and Eleva are fixed for each station and therefore 

not considered by the ML model, other meteorological factors play a crucial role in 

predicting global solar radiation. The parameter ASSD was found to be a critical factor 

when considering all stations and a subset of specific stations, as highlighted in Table 6. 

However, its significance varied across different station groups. This highlights the 

complex interplay between local climatic conditions and solar radiation patterns, 

emphasizing the need for station-specific model calibration and parameter optimizations. 
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4.2. Transferability of Machine Learning Models 

4.2.1. Predicting Hourly Solar Radiation 

This study evaluates the performance of three ML models (Stacked, XGB, and GB) 

for predicting solar radiation across various timescales, emphasizing efficiency. Figure 14 

showcases hourly solar radiation predictions for three geographically distinct stations 

(Bahir Dar (BDR), Arba Minch (AM), and Harar (HR)).Error! Bookmark not defined. Notably, g

lobal solar radiation data from these stations was purposefully excluded from the 

training datasets to assess model generalizability and transferability. The XGB and GB 

models achieved remarkable R² values ranging from 0.910 to 0.948 for all three stations 

to predict hourly global solar radiation. This comparative analysis of XGB and GB models 

revealed distinct performance patterns across the BDR, AM, and HR stations. The XGB 

model demonstrated superior predictive accuracy at the BDR station, as evidenced by its 

higher R² value. Conversely, the GB model exhibited superior performance at the AM 

and HR stations. These findings suggest that the GB model may be less effective in 

capturing the unique solar radiation characteristics of the BDR station. This discrepancy 

may be attributed to the station's specific climatic conditions, which may deviate from 

those at the AM and HR stations. To further assess prediction accuracy, RMSE was 

calculated for both models. RMSE values ranged from 25.598 to 34.485 W/m², indicating 

a good fit between predicted and actual values. The GB model achieved the lowest RMSE 

(31.599 W/m²) at the HR station, while the highest RMSE (34.485 W/m²) occurred at the 

BDR station for both models. Similarly, the GB model demonstrated the lowest MAE at 

the HR station (25.598 W/m²). In essence, this analysis highlights the potential of XGB 

and GB models for accurate solar radiation prediction across diverse timescales, with 

minimal computational demands. The findings also emphasize the importance of 

considering station-specific characteristics when selecting the optimal model for solar 

radiation prediction. The summary of model performance evaluation metrics for the 

prediction of hourly solar radiation for the three stations is presented in Table 7.  



 

51 
 

 

Figure 8: Scatter plots of the cross-validation results for two best ML models in predicting hourly 

solar radiation for three stations; BDR, AM, and HR. 

Table 7: Model evaluation metrics for hourly predicted solar radiation for three stations BDR, AM, 

and HR stations. 

ML GB XGB GB XGB GB XGB 
AM BDR HR 

MAE 27.49 29.74 34.48 32.73 25.59 27.76 

RMSE 33.11 35.90 41.88 39.75 31.59 34.75 

nRMSE 0.04 0.04 0.05 0.05 0.04 0.04 
MAPE 31.64 35.73 18.04 17.46 26.65 30.60 

NSE 0.97 0.98 0.95 0.95 0.97 0.98 

R2 0.94 0.94 0.91 0.91 0.94 0.94 

Figure 15 reveals a significant positive bias in the hourly solar radiation 

predictions for BDR station using both XGB and GB models. The mean bias for XGB was 

10.455 W/m², and for GB, it was 10.714 W/m². This contrasts with the negative biases 

observed at the other two stations: AM (-31.391 W/m² for XGB, -29.500 W/m² for GB) 
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and HR (-35.851 W/m² for XGB, -32.025 W/m² for GB). Furthermore, the distribution of 

hourly bias at BDR station exhibits a wider range (±100 W/m²) compared to the narrower 

ranges observed at AM and HR. This suggests that the models have greater difficulty 

capturing the full range of variability in solar radiation at BDR. Overall, the results 

highlight the importance of station-specific model evaluation. While XGB might 

outperform GB at BDR, the reverse is true for AM and HR. 

 

Figure 9: Frequency distribution of hourly solar radiation bias relative to observations from three 

stations BDR, AM, and HR. 

4.2.2. Predicting Daily Solar Radiation 

 Three ML models (XGB, GB, and Stacked) were evaluated for their ability to 

predict daily solar radiation at multiple locations (Figure 16). The Stacked model 

achieved the highest performance, with R2 0.95 for all locations (BDR, AM, and HR) 

during training, testing, and independent validation. This indicates a strong correlation 

between predicted and observed solar radiation.  
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While all models performed well in predicting daily GSR, the Stacked model 

consistently outperformed individual models, including XGB and GB, across various 

climatic conditions. This superiority is evident in significantly lower error metrics: MAE, 

RMSE, nRMSE, and MAPE as presented in Table 8. Additionally, the Stacked model 

exhibited higher R² and NSE. The ensemble approach of the Stacked model, which 

combines the predictions of multiple models, is the primary reason for its enhanced 

predictive accuracy across diverse climates. By leveraging the strengths of individual 

models and mitigating their limitations, the Stacked model provides more robust and 

accurate estimation across diverse environments. In contrast, standalone models like 

XGB and GB displayed higher error metrics in specific locations with varying climatic 

conditions, suggesting a potential lack of adaptability to diverse climatic factors. This 

underscores the importance of ensemble techniques in improving predictive 

performance across different environmental settings.  

Furthermore, the XGB model demonstrated superior accuracy in predicting 

hourly global solar radiation at the BDR station but exhibited the lowest performance in 

predicting daily global solar radiation. This suggests that the effectiveness of standalone 

models depends not only on climatic conditions but also on the predicted time scale. The 

summary of model performance evaluation metrics in predicting daily solar radiation is 

presented in Table 8. 
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Figure 10: Scatter plots of the cross-validation results for two best models and Stacked models in 

predicting daily solar radiation for three stations; BDR, AM, and HR. 

Table 8: Model evaluation metrics for daily predicted solar radiation for three stations BDR, AM, 

and HR stations. 

ML GB XGB Stack GB XGB Stack GB XGB Stack 

AM BDR HR 

MAE 8.06 6.21 5.18 9.64 10.71 7.63 9.78 7.77 5.87 

RMSE 9.72 7.64 6.05 11.42 12.76 9.07 11.72 9.28 7.10 

nRMSE 0.06 0.04 0.03 0.05 0.06 0.04 0.05 0.04 0.03 
MAPE 4.67 3.54 2.99 5.45 5.95 4.34 7.46 5.98 4.62 

NSE 0.90 0.94 0.97 0.92 0.92 0.96 0.86 0.92 0.96 

R2 0.94 0.93 0.95 0.94 0.93 0.95 0.90 0.94 0.96 

Analysis of Figure 17 reveals a significantly lower mean bias for all three models 

(GB, XGB, Stacked) when predicting daily global solar radiation at BDR, AM, and HR 

stations in Ethiopia, compared to their performance on hourly data. This finding aligns 

with physical expectations, as daily solar radiation exhibits inherently lower variability 














































































































































