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 Abstract  

The increasing production on solar photovoltaic (PV) energy in Burkina Faso necessitates 

accurate forecasting of solar irradiance to optimize grid production and power planning. This 

study evaluates and compares the performance of the physics-based WRF-Solar model and 

three machine learning (ML) techniques such as Random Forest (RF), Support Vector 

Regression (SVR), and Long Short-Term Memory (LSTM) for three-day-ahead forecasting of 

Global Horizontal Irradiance (GHI). Using ground-based measurements from the Zagtouli solar 

farm and reanalysis data from ERA5, CAMS, and ECMWF-HRES for the year 2020, the 

research analyses model performance under diverse atmospheric conditions, including clear-

sky, cloudy, high aerosol, and mixed (cloudy + aerosol) scenarios. The methodology includes 

quality control of observations, sky condition classification using the clearness index, and 

model evaluation using statistical metrics such as RMSE, MAE, R², and IOA. Results 

demonstrate that WRF-Solar outperforms 3 ML models used in this thesis under clear sky 

condition. Under cloudy condition, ML models particularly LSTM has given better prediction 

compared to WRF-Solar models. No clear winner between models under aerosol condition, 

while in mixed condition, the WRF-solar and LSTM have shown a continue competency for 

the three days ahead solar irradiance forecasting.  

The study concludes that ML methods offer a promising alternative or complement to 

traditional physical models in solar forecasting in West Africa’s dynamic climate. 

Keywords: Global Horizontal Irradiance; WRF-Solar; Machine Learning; Burkina Faso; 

Days-ahead forecasting, Climate.  
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 Resumé 

La production continue de l'énergie solaire photovoltaïque (PV) au Burkina Faso nécessite une 

prévision précise de l'irradiance solaire afin d'optimiser la production du réseau et la 

planification énergétique. Cette étude compare les performances du modèle WRF-Solar basé 

sur la physique et de trois techniques d'apprentissage automatique (IA) telles que la forêt 

aléatoire (RF), la régression à vecteurs de support (SVR) et la mémoire à long terme (LSTM) 

pour la prévision à trois jours de l'irradiance horizontale globale (GHI). À l'aide de mesures au 

sol du parc solaire de Zagtouli et de données de réanalyse d'ERA5, CAMS et ECMWF-HRES 

pour l'année 2020, la recherche analyse les performances du modèle dans diverses conditions 

atmosphériques, notamment des scénarios de ciel clair, nuageux, à forte concentration 

d'aérosols et mixtes (nuageux + aérosols). La méthodologie comprend le contrôle qualité des 

observations, la classification des conditions du ciel à l'aide de l'indice de clarté et l'évaluation 

du modèle à l'aide de mesures statistiques telles que RMSE, MAE, R² et IOA. Les résultats 

démontrent que WRF-Solar surpasse les trois modèles ML utilisés dans cette thèse pour ciel 

clair. Aux temps nuageux, les modèles ML, et notamment le LSTM, ont donné de meilleures 

prévisions que le modèle WRF-Solar. Au temps à forte concentration d’aérosols, aucun ne fait 

mieux par rapport au modèle de persistance. Par contre, à la condition mixte, le modèle WRF-

Solar et le LSTM montrent une concurrence continue sur les trois jours de prédiction. L'étude 

conclut que les méthodes ML offrent une alternative prometteuse, voire un complément, aux 

modèles physiques traditionnels pour la prévision solaire dans le contexte climatique 

dynamique de l'Afrique de l'Ouest. 

Mots clés : Irradiation Horizontale Globale ; WRF-Solar ; Apprentissage automatique ; 

Burkina Faso ; Trois jours d’avance de prévision, Climat. 
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 Nomenclature 

 

IOA : Dimensionless  

MAE : W/m2 

nMAE : W/m2 

nRMSE : W/m2 

R² : Dimensionless  

RMSE : W/m2 

s : Dimensionless  
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 Introduction 

The growing global demand for clean and renewable energy has made solar power a key 

component of sustainable energy strategies (Maka & Alabid, 2022). Among the renewable 

technologies, solar photovoltaic (PV) systems have gained widespread attention due to their 

potential to reduce greenhouse gas (GHG) emissions and expand electricity access in off-grid, 

grid-connected, and rural areas (Allal et al., 2024).  

This is especially relevant in Burkina Faso, where electrification remains limited in many 

regions and solar energy presents a promising path to address energy access challenges. 

As the energy sector accounts for nearly 40% of global GHG emissions (Wang et al., 2018), the 

adoption of solar PV is also critical in addressing climate change. The Paris Agreement 

underscores the urgency of reducing emissions to limit global temperature rise below 2°C by 

the end of the century (Nawab et al., 2023). 

In this context, solar PV systems not only provide a clean and sustainable power source but also 

play a vital role in climate mitigation efforts (F. Wang et al., 2018; Nawab et al., 2023). 

However, the effective integration of solar power into the energy grid depends heavily on 

accurate forecasting of solar irradiance, the rate at which solar energy reaches the Earth's 

surface. Solar irradiance forecasting enables better planning of energy production, improves 

grid stability, and reduces uncertainty in power supply (N. Zhou et al., 2024). 

This is particularly important in countries like Burkina Faso, where solar potential is high 

(Azoumah et al., 2010) but can be affected by seasonal and meteorological variability. 

Forecasting methods range from physical models such as the Weather Research and Forecasting 

(WRF) model to advanced Machine Learning (ML) techniques. The WRF-Solar model, an 

extension of the WRF framework, is specifically designed to improve solar irradiance forecasts 

by incorporating atmospheric physics, cloud dynamics, and radiative transfer processes (Perez 

et al., 2013; de Lima et al., 2025). 

While WRF-Solar has been successfully applied in various regions (Eissa et al., 2018; Diagne 

et al., 2014; Lara-Fanego et al., 2012), its performance can be constrained by model complexity, 

parameterization choices, and input data uncertainty. 

 

 1. Statement of the problem 

Burkina Faso is one of the sunniest countries in West Africa and is facing the challenges posed 

by Climate Change in the Sahel region (Abid et al., 2021).  
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Climate Change, with its increase in rainfall patterns, on temperature, will negatively affect 

socioeconomic sectors in Burkina Faso such as agriculture (Sawadogo  et al., 2024). In Burkina 

Faso, the agriculture sector accounts for 90% of the labour force. This is the primary occupation 

of the rural population and contributes up to 38% of GDP (Crawford et al., 2016). 

In 2023, Burkina Faso reported that about 52.20% of its national population had access to 

electricity, with only 7.02% in rural areas compared to 87.04% in urban areas (DGESS, 2023). 

Recognizing this disparity, the government has set a target to raise the national electrification 

rate to 65% by 2030, aiming for 95% coverage in urban areas and 50% in rural areas (Abid et 

al., 2021). Achieving this ambitious goal highlights the critical need for research on accurate 

energy forecasting, which can support the development of sustainable and equitable energy 

access across both urban and rural regions.  

However, the efficiency and reliability of solar energy systems heavily depend on accurate solar 

radiation forecasting. Traditional methods, such as dynamical downscaling models, offer 

valuable insights but are limited by computational demands and potential inaccuracies in certain 

conditions (Sawadogo et al., 2024). Machine Learning (ML) models are emerging as powerful 

tools for solar prediction but require robust data and validation (Fraihat et al., 2022).  

The comparative performance of dynamical downscaling models and ML models in the specific 

context of Burkina Faso's climatic conditions remains underexplored. Questioning this gap 

could enhance the deployment and management of solar energy systems, finally contributing to 

the country’s energy security and climate goals either in rural or urban areas. 

In regions like Burkina Faso, where solar energy holds immense potential due to consistently 

high solar irradiance levels, the need for accurate short- to mid-term solar forecasts is critical 

for effective grid management and energy planning. However, forecasting remains challenging 

due to atmospheric variability, limited meteorological infrastructure, and the performance 

limitations of traditional physical and statistical models. The Weather Research and Forecasting 

model with solar extensions (WRF-Solar) is a popular physics-based tool, but ML models offer 

alternative data-driven methods that may outperform WRF under certain conditions. This 

research investigates the problem of three-day-ahead solar irradiance forecasting in Burkina 

Faso by comparing the performance of WRF-Solar and ML models. It seeks to determine which 

method provides more reliable, accurate, and contextually adaptable forecasts for the West 

African region's unique climatological patterns and infrastructural constraints.  
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 2. Research Questions 

 2.1. Main research 

Accurate solar irradiance forecasting is essential for optimizing solar energy production and 

grid integration, especially in regions like Burkina Faso, where solar power is so important and 

plays a crucial role in energy sustainability and security. This study aims to evaluate and 

compare the performance of the WRF-Solar model and ML approaches for days-ahead solar 

irradiance forecasting under different atmospheric conditions. To guide this investigation, the 

main research question is as follows: 

Can ML methods outperform WRF-Solar model on days-ahead solar irradiance forecasting? 

 2.2. Specific questions 

To carry out this study, three specific questions arise:  

1. How does the forecasting accuracy of ML models compare to that of WRF-Solar under 

clear-sky conditions? 

2. In cloudy conditions, how do ML models perform relative to the WRF-Solar model in 

predicting solar irradiance? 

3. To what extent do ML models outperform WRF-Solar in forecasting solar irradiance 

during high aerosol conditions? 

4. How do ML and WRF-Solar models compare in accuracy under combined cloudy and 

high aerosol conditions? 

 3. Hypotheses 

 3.1. The main hypothesis 

The main hypothesis of this research is ML models outperform the WRF-Solar model in days-

ahead solar irradiance forecasting. 

 3.2. Specific hypotheses 

Regarding the main hypothesis, three hypotheses were put forward in the context of this study: 

1. Under clear-sky conditions, ML models achieve forecasting accuracy that matches or 

exceeds that of WRF-Solar. 

2. In cloudy conditions, ML approaches exhibit good performance than the WRF-Solar 

model. 

3. When aerosol levels are high, ML models demonstrate forecasting capabilities that rival 

or surpass WRF-Solar. 
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4. For mixed cloudy and aerosol conditions, ML techniques deliver equal or improved 

prediction accuracy compared to WRF-Solar. 

 4. Objectives 

 4.1. General Objective 

The main objective of this study is to evaluate the performance of ML methods against the 

WRF-Solar model for days-ahead solar irradiance forecasting. 

 4.2. Specific Objectives 

This main objective is divided into three specific objectives: 

1. To compare the forecasting accuracy of ML models and the WRF-Solar model under 

clear-sky conditions; 

2. To assess the WRF-Solar and ML techniques under cloudy conditions; 

3. To evaluate the WRF-Solar and ML predictive accuracy in the presence of high aerosol 

concentrations; 

4. To examine their forecasting capabilities under combined cloudy and aerosol-laden 

atmospheric conditions. 

 5. Aim of the study 

The aim of leading three days-ahead solar irradiance forecasting in Burkina Faso involves 

comparing the Weather Research and Forecasting (WRF-Solar) Solar model with three most 

popular ML approaches used in Global Horizontal Irradiance (GHI) forecasting to determine 

which method provides more accurate and reliable predictions. This comparison is crucial for 

optimising solar energy integration into the power grid, ensuring stability, and reducing the 

uncertainty associated with solar power generation. The research focuses on evaluating the 

performance of these models in terms of accuracy, error reduction, and computational 

efficiency. 

 6. Plan of the thesis 

The remainder of this thesis structured as follows: 

Section 1 reviews existing literature on solar irradiance forecasting, discussing both numerical 

weather prediction and ML approaches. Section 2 presents the methodology, detailing the data 

sources, preprocessing steps, and modelling techniques used in the study. Section 3 provides 
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comparative analysis of forecast results, with key findings, highlighting the strengths and 

weaknesses of each approach, and recommendations for future research. 
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 Chapter 1: Literature review 

This literature review presents the main results of other researchers or authors in the domain of 

GHI forecasting related to our study by using Numerical Weather Predictions (NWP) or ML 

models. It covers Forecasting Techniques, ML in Solar Prediction, and African Studies. 

 

 1.1 Forecasting Techniques for Solar Irradiance 

Forecasting solar irradiance is essential for the reliable planning and management of solar 

energy systems. Methods are broadly categorised into physical, statistical, and hybrid 

approaches (Solano et al., 2022; Odejobi et al., 2024).  

Among the physical models, the Weather Research and Forecasting model with its Solar 

extension (WRF-Solar) is one of the most recognised Numerical Weather Prediction (NWP) 

models, designed to simulate atmospheric processes relevant to solar irradiance, such as 

radiation transfer, aerosols, and cloud dynamics (Jimenez et al., 2016; J. Yang et al., 2021; 

Virgianto, 2024). 

Recent studies have shown that WRF-Solar provides accurate short- to medium-term forecasts 

when properly configured with localised datasets and aerosol parameterization. In Brazil, de 

Lima et al. (2025) compared WRF-Solar with GFS-MOS and concluded that WRF-Solar 

achieved significantly better temporal resolution and accuracy for medium-term (72-hour) 

forecasts. Similarly, in Ghana, Sawadogo et al. (2023a) demonstrated that WRF-Solar, when 

integrated with aerosol optical depth (AOD) data, showed substantial improvements in the 

prediction of GHI. 

Jimenez et al. (2016) demonstrated WRF-Solar’s ability to reduce irradiance errors by 20% 

under clear skies by incorporating aerosol feedback. Always in the ability of WRF-Solar to 

perform better, Yoon et al. (2025) demonstrated that WRF-Solar exhibits better 

performance compared to the WRF model in South Korea. 

Despite these strengths, WRF-Solar poses challenges: it is computationally expensive, sensitive 

to physics scheme configurations, and highly dependent on the quality and availability of input 

data (Sawadogo, et al., 2024; Zhang et al., 2023; Y. Liu et al., 2022). 

In fact, the quality of model outputs relies to a large extent on the availability and quality of 

input data sets, such as aerosol properties, surface albedo, and initial atmosphere parameters. 

Furthermore, the success of the model also relies on the selection of physics schemes 

(microphysics, radiation, and boundary layer) with the requirement of proper tuning to the local 

environment (X. Zhou et al., 2024). Poor or outdated land-use and topographic data can also 
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impact negatively on the model's performance, particularly over heterogeneous areas (Kirthiga 

& Patel, 2018). 

In general, WRF-Solar has been discovered to be highly promising for the estimation of solar 

irradiance on short to medium time scales in different geographic environments, particularly 

when it is tuned with localized aerosol and atmospheric input data. Its use is constrained by 

computational expense, sensitivity to system configuration, and sensitivity to high-quality input 

data. To achieve the full capability of the model, the shortcomings must be surmounted, 

especially in resource-constrained and data-sparse areas such as sub-Saharan Africa. 

 

 1.2 Machine Learning in Solar Prediction 

Machine learning (ML) techniques, such as Random Forest (RF), Support Vector Regression 

(SVR), K-Nearest Neighbors (KNN), and complex deep learning structures like Long Short-

Term Memory (LSTM) and Artificial Neural Networks (ANNs), have become widely 

recognized in the field of solar irradiance and power prediction. The capacity of these methods 

to identify nonlinear interactions and time-varying changes without requiring large amounts of 

physical data inputs makes them especially useful in situations with limited data availability or 

resource constraints.  

Many studies have shown the high efficiency of LSTM models, which can be applied to process 

time-series data. For example, Díaz-Bedoya et al., (2023) between Andean cities, that compared 

LSTM against autoregressive (AR) and RF models. Even if the RF and the LSTM provided the 

same accuracy (MAPE ≈ 25%) the LSTM was the best model in reducing RMSE and MAE by 

10 W/m² approximately compared to AR. However, even powerful LSTM models need large 

datasets and may be sensitive to the data quality and hyperparameter selection. 

Other studies have leveraged satellite data for ML-based forecasting. Li et al. (2023), working 

on Indian Ocean islands, used satellite-derived features in both LSTM and linear regression 

models for hourly GHI prediction. LSTM again proved robust, though the study noted that 

interpretability remains a challenge, and the need for large labelled datasets can limit 

transferability to regions with sparse historical data. 

ANNs have also shown promise in capturing the complex relationship between meteorological 

inputs and solar output. For example, Winster Praveenraj et al. (2024) demonstrated the 

superiority of ANN models over traditional methods in Morocco, particularly under both clear 

and variable sky conditions. However, the study acknowledged the “black box” nature of ANN 

models, which limits transparency and trust in operational forecasting systems. 
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Hybrid models combining ML algorithms are increasingly used to boost performance. Saxena 

et al. (2024) developed a KNN-SVM hybrid model that achieved 98% accuracy in solar power 

forecasting in Jodhpur, India. The complementary strengths of KNN (local similarity) and SVM 

(generalisation power) proved effective, yet the method’s sensitivity to outliers and feature 

scaling was noted as a limitation. 

Ensemble methods such as Random Forest (RF) and Gradient Boosting (XGBoost) are 

commonly used because they are reliable and have simple training procedures. Murdan and 

Armoogum (2023) showed that RF gave best accuracy than other models in predicting hourly 

solar power generation in Germany. However, tree-based methods can have challenges in 

handling temporal dependencies and might require careful feature engineering to really capture 

the nature of the time series data. 

In more recent studies, cutting-edge deep learning technologies have been explored. Naveed et 

al. (2025) proposed a stacked ensemble model of ANN, RF, and SVM and obtained an R² of 

0.9979 on irradiance prediction. Although high accuracy was achieved by this architecture, its 

computational cost and model complexity fall beyond the reach of real-time applicability in 

low-resource settings. Camacho et al. (2025) introduced attention-augmented LSTMs that 

enhanced the model's ability to learn long-term dependencies. Similarly, physics-constrained 

LSTM models proposed by Winster Praveenraj et al. (2024) implemented physical laws, and 

accuracy grew if there was missing or noisy data. However, discovering the balance between 

the flexibility of the model and physical consistency remains an open research problem. 

A summary of different techniques used in solar irradiance forecasting is described in the Table 

1. 

Table 1: summary of techniques used on solar irradiance forecasting 

Feature Physical  

Models 

Statistical  

Models 

Machine 

Learning 

Based on Physics  

equations 

Historical  

patterns 

Data-driven 

learning 

Computational Cost  High Low High 

Accuracy in Clear  

Weather 

High Moderate High 

Accuracy in Unstable  

Weather 

Low Moderate High 



Three Days-Ahead Solar Irradiance Forecasting in Burkina Faso: A Comparison of WRF-Solar 

Model and Machine Learning Approaches 

 

Master Thesis GNOULA Aimé   | ED ICC 
9 

Interpretability Easy to understand Easy to understand Hard to interpret 

Best For Long-term  

forecasting 

Short-term  

forecasting 

Complex-

forecasting 

problems 

 

 1.3 African Studies: Regional Gaps. 

Africa has special environment for solar prediction with its high solar resources, sparse ground-

based monitoring infrastructure, and complex atmospheric processes like pervasive dust storms, 

penetrating convective events, and changing aerosol loading. The conditions present a challenge 

and a window for the creation of prediction methods specific to the continent's needs. Yet, 

Africa remains vastly under-addressed within high-resolution solar prediction endeavours, 

especially where the performance under operation and real-world implementation conditions 

are accounted for. 

Key studies in recent years have begun to address this gap: 

In West Africa, Sawadogo et al. (2023b, 2024) evaluated the performance of WRF-Solar and 

reanalysis data against ground truth in Ghana and Burkina Faso, providing essential benchmarks 

for regional forecasting systems. 

In Egypt, Khamees et al. (2024) tested three shortwave radiation schemes in WRF-Solar and 

found that model accuracy varied significantly with AOD input sources, highlighting the 

importance of aerosol data in North Africa. 

In Morocco, Mendyl et al. (2024) compared ML models with traditional techniques and showed 

superior performance using ensemble techniques and local calibration. 

A study in 2025 conducted in Nairobi assessed various WRF‑Solar radiation schemes 

(RRTMG) and compared model outputs with ground‑based irradiance measurements. It found 

notable differences in Mean Square Error across schemes, with RRTMG performing best 

overall (Mwigereri et al., 2025) 

Moreover, Mabasa et al. (April 2025) evaluated the performance of the GFS model for global 

horizontal irradiance (GHI) across six climate zones in South Africa. Findings show satisfactory 

forecast skill, especially inland, with forecast reliability decreasing over time. 

Then, Hayawi et al. (May 2025) carried out ML forecasting in dust-prone Morocco, 

benchmarking six algorithms (SVR, ANN, RF, XGBoost, etc.) for daily solar power prediction 

at a solar plant in Benguerir, highlighting the impacts of aerosol conditions. 
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Lastly, Zwane et al. (2022) conducted a bibliometric analysis of African solar forecasting 

(2000–2021), revealing rapid growth post-2015, with South Africa leading the output. Key 

themes include solar irradiance modelling, AI methods, and clear-sky analysis. 

Despite these valuable contributions, a significant gap persists in the literature regarding the 

fact that none of study compare the operational performance of WRF-Solar and ML-based 

models’ side by side under various weather conditions for lead times beyond 24 hours, a crucial 

horizon for energy planning and grid management. 
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Chapter 2: Materials and methodology 

This section presents the study area, the data used for simulating the WRF-Solar, the ML 

models, and all the procedures we have applied to preprocess the raw data and create the final 

dataset. 

 

 2.1 Study area  

This study focuses on the Zagtouli Solar Power Plant, the largest grid-connected solar 

photovoltaic (PV) facility in Burkina Faso. Located in Zagtouli, a village on the outskirts of 

Ouagadougou, the capital city, the plant occupies approximately 51 hectares and has an installed 

capacity of 33 megawatts (MW). Commissioned in 2017 with support from international 

partners, including the European Union and the French Development Agency, the plant plays a 

vital role in Burkina Faso’s energy transition by supplying clean electricity to the national grid 

and reducing reliance on fossil fuel-based generation and electricity imports. 

Zagtouli lies within the Sahelian climatic zone, characterized by high solar irradiance, seasonal 

rainfall, and frequent atmospheric dust, which significantly impact solar radiation and 

forecasting accuracy. These conditions make it an ideal site for evaluating solar irradiance 

forecasting models under real-world constraints. 

Burkina Faso, a landlocked country in West Africa, spans the latitudes 09°02′–15°05′N and 

longitudes 02°02′E–05°03′W, and is subdivided into seventeen administrative regions. The 

terrain is mostly flat, with some elevated plateaus in the western region (Sawadogo, et al., 2024). 

According to the updated Köppen-Geiger climate classification, the extreme north presents a 

hot desert climate, the north shows a hot semi-arid climate, while the south and west exhibit a 

tropical savannah climate (Kottek et al., 2006). The Sudano-Sahelian zone, where Zagtouli is 

located, acts as a transitional area between the Sudanian and Sahelian zones, with mean annual 

rainfall between 600–900 mm and average temperatures ranging from 25 to 30 °C. 

This climatic variability influences both solar energy production and vegetation cover. Plant 

diversity decreases from the Sudanian to the Sahelian zone (Heubes et al., 2013 ; Schmidt et al., 

2017), and the landscape is dominated by a mosaic of savannas, with scattered dry forests, 

riparian forests, and woodlands. 

Given its strategic location, operational data availability, and exposure to dynamic atmospheric 

conditions, the Zagtouli Solar Power Plant is an ideal case study for comparing the performance 

of numerical weather prediction (NWP) models, such as WRF-Solar, with data-driven machine 

learning approaches in three-day-ahead solar irradiance forecasting. 
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Figure 1: Map of study area with 5.5 kWh/m2/day as GHI during a day. 

 

 2.2 Data 

 2.2.1 Ground-based measurements 

The dataset used in this study was collected from the SONABEL (Société Nationale d'électricité 

du Burkina Faso) located in central of Burkina Faso at Zagtouli (Figure 1) (Zagtouli SONABEL, 

Burkina Faso, 12°30 N, 1°63 O, 327 m altitude) and spans the entire year of 2020. 

Measurements were recorded at 30-minute intervals. The variables collected are: 

• Energy output (in megawatt-hours, MWh), 

• GHI measured in watts per square meter (W/m²), and 

• Ambient temperature measured in degrees Celsius (°C). 

The station is located in the solar farm of SONABEL, at about 1 km of the main road leading 

to Bobo Dioulasso. These variables form the basis for analysing the relationship between 

meteorological conditions and energy production. 
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 2.2.2 ERA5 Reanalysis data 

For training the ML models, ERA5 Reanalysis data were used in this study. ERA5 is the fifth-

generation reanalysis dataset produced by the European Centre for Medium-Range Weather 

Forecasts (ECMWF), offering significant improvements over its predecessor, ERA-Interim. 

With a horizontal grid spacing of approximately 31 km and 37 pressure levels ranging from 

1000 hPa (surface) to 1 hPa, ERA5 is built on the advanced 4D-Var data assimilation system 

using cycle 41r2 of the Integrated Forecasting System (IFS) (Hersbach et al., 2020). It provides 

consistent global atmospheric reanalysis data from 1950 to the present, making it a reliable 

resource for climate monitoring, model evaluation, and various atmospheric studies (Ma & 

Wang, 2023; Dommo et al., 2022; Adeniyi, 2016). In this study, ERA5 hourly data, including 

surface and atmospheric pressure variables, were retrieved for the period spanning from 1 

December 2018 to 31 December 2019 to drive the Initial and Lateral Boundary Conditions 

(ILBC) of the WRF-Solar model. 

 

 2.2.3 CAMS Datasets 

To integrate aerosol into ML model’s prediction, the Copernicus Atmosphere Monitoring 

Service (CAMS) data were used for this thesis. We used CAMS datasets to account for the 

direct effect of aerosol on radiation in the WRF-Solar model. The CAMS data uses the 

Integrated Forecasting System (IFS) developed by the European Centre for Medium-Range 

Weather Forecasts (ECMWF) to provide near-real-time forecasts and reanalysis of aerosols. 

IFS incorporates meteorological and satellite-based atmospheric data using a technique called 

4D-VAR (four-dimensional variational data assimilation). Aerosol and chemical forecasts are 

produced twice daily at 00:00 UTC and 12:00 UTC, covering a five-day period. These forecasts 

include 56 reactive trace gases in the troposphere and stratospheric ozone, as well as seven types 

of aerosols: desert dust, sea salt, organic matter, black carbon, sulphate, nitrate, and ammonium 

(Christophe, 2019). 

CAMS data are generated with a horizontal resolution of around 40 km (TL511) and 137 vertical 

layers spanning from the surface up to 0.01 hPa. Since 2015, forecast data have been available 

at 3-hour intervals (Inness et al., 2019). For this study, we retrieved 72-hour forecasts of aerosol 

optical depth (AOD) at the wavelength 550 nm for the year 2020, starting from 00:00 UTC each 

day, the period corresponding to each selected day for the different atmospheric conditions of 

this research. 
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 2.2.4 ECWMF-HRES 

We used the ECWMF-HRES as initial and lateral boundary conditions in the WRF-Solar model. 

The European Centre for Medium-Range Weather Forecasts (ECMWF) is a leading institution 

in global weather prediction, known for delivering reliable and advanced forecasts worldwide  

(Edwards, 2019). These forecasts are continually improved by integrating the latest 

observational data from satellites, weather balloons, and other sources. ECMWF provides 

several types of forecasts. For this study, we used the high-resolution forecast (HRES) data. 

HRES forecasts are generated using advanced numerical weather prediction (NWP) models that 

take into account a wide range of atmospheric variables and run on fine-resolution 

computational grids. This allows them to produce detailed and highly accurate single-forecast 

predictions. 

HRES is considered ECMWF’s most precise weather forecast product. With the latest updates 

to the Integrated Forecasting System (IFS) specifically the transition from cycle 43r3 to 45r1, 

forecast accuracy has improved further (Haiden et al., 2021), especially in tropical regions like 

West Africa. HRES forecasts are issued twice daily, based on observations collected at 00:00 

and 12:00 UTC, and provide predictions up to 10 days ahead. The data are available at a 

temporal resolution of 3 hours. The HRES forecast uses an interpolated grid with a horizontal 

resolution of approximately 9 km and includes 137 vertical levels, with the model top set at 

around 0.01 hPa. For this study, we obtained 3-hourly data from 72-hour forecasts initialized at 

00 UTC, covering all the essential surface and pressure-level variables needed to run WRF-

Solar for the year 2020.  

 

 2.2.5 Model Inputs 

The input variables used in the Machine Learning (ML)-based solar irradiance forecasting 

system were carefully selected to capture the key meteorological and environmental factors 

influencing surface solar radiation. The forecasting models developed using algorithms such as 

Support Vector Regression (SVR), Random Forest (RF), and LSTM relied on satellite-derived 

observations. 

The selected features included: 

• Longitude and latitude, 

• Zonal and meridional wind components (u10, v10), 

• Maximum and minimum air temperature at 2 meters (Tmax, Tmin), 

• Temperature at 2 meters (T2m) 
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• Relative humidity, 

• Precipitation, 

• Total cloud cover, 

• Surface pressure, 

• Dew point temperature, 

• Aerosol optical depth (AOD), and 

• Wind speed. 

These variables were chosen based on their established relevance in the literature for accurately 

predicting solar irradiance. For instance, cloud cover, humidity, and AOD are known to 

significantly affect solar radiation reaching the surface (Demir, 2025; Si et al., 2021; Szymszová 

et al., 2025). Temperature extremes and dew point relate to atmospheric stability, while wind 

components and speed are proxies for local air mass movement, which can influence cloud 

dynamics and aerosol dispersion (Bui et al., 2019; Voyant et al., 2017b). 

The datasets had varying temporal resolutions (hourly, and 3-hourly) and spatial resolutions, 

depending on the source, allowing for flexible modelling across different forecast horizons. 

 

 2.2.6 Feature Description 

Simulations are conducted using reanalysis data collected from ERA5, which provides data 

such zonal wind component (u10), meridional wind component (v10), temperature at 2 m (t2m), 

surface pressure(sp), maximum temperature at 2 m (mx2t), minimum temperature at 2 m 

(mn2t), dew point temperature at 2 m (d2m), total precipitation (tp), total cloud cover (tcc), 

sunshine radiation or GHI, total aerosol optical depth at 550 nm (aod550). The wind speed (ws) 

is calculated from the wind component, while the relative humidity (rh) is from the temperature 

at 2 m (t2m) and the dew point temperature (d2m). The referred data is from the city of 

Ouagadougou, Burkina Faso (12◦30 N, 1◦63 W). Temperatures are quite stable with a minimum 

of 22 ◦C and a maximum of 31 ◦C. The period covered by the database is from 1 January 2018 

to 31 December 2019 in sampling intervals of 1 h. Table 1 shows all variables in the database.  

Table 2: Input variables to forecast GHI using ML models. 

Name  ShortName Units 

Latitude lat ◦ 

Longitude lon ◦ 

10 metre U wind component u10 m s-1 
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10 metre V wind component v10 m s-1 

2 metre dewpoint temperature d2m ◦C 

2 metre temperature t2m ◦C 

Surface pressure sp hPa 

Maximum temperature at 2 m mx2t ◦C 

Minimum temperature at 2 m mn2t ◦C 

Total precipitation tp mm 

Total cloud cover tcc 0-1 

Global Horizontal Irradiance ssrd W/m² 

Total aerosol optical depth at 550 nm aod550 nm  

wind speed ws m s-1 

Relative humidity rh % 

 

 2.3 Methodology  

In this section, we begin with the evaluation of WFR-SOLAR, the quality control of the data, 

followed by how the data are pre-processed, and then proceed to elaborate on four distinct 

models tailored for hourly solar radiation forecasting. These models encompass the WRF-Solar, 

Long Short-Term Memory, Random Forest, and Support Vector Regression. Finally, the 

evaluation of some metrics. 

 

 2.3.1 Quality Control 

Figure 2 shows a comprehensive process for handling the missing values in the dataset. This 

process consists of steps, techniques, and equations to ensure data quality. These steps help 

improve the integrity, accuracy, and reliability of the station data used in this study. 

The observational data was used and have a temporal resolution 30 min. The following steps 

are used to compute the instantaneous hourly data: 

1. The missing date is added and the value for GHI is marked missed if that date is not in 

the time series. 

2. During nighttime, GHI values are attributed to 0, even if they are missed. 

3. We selected hourly instantaneous GHI values. If this value is missed, we process to the 

nearest time to the considered hour. 
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Figure 2: Data handling flowchart 

The second step was to categorize the different daily atmospheric conditions based on the 

clearness index. For that, we calculated the daily average (𝐾𝑡) for all days in the year 2020 from 

the observation.  The clearness index (𝐾𝑡) quantifies how much extraterrestrial solar radiation 

is reduced by atmospheric elements such as clouds and aerosols, effectively indicating the 

transparency of the Earth's atmosphere to solar radiation (Akhlaque et al., 2009; Augustine & 

Nnabuchi, 2009; Poudyal et al., 2012; Liu & Jordan, 1960; Soneye, 2021). 

The 𝐾𝑡 is defined as the ratio of surface solar irradiance (GHI) to extraterrestrial solar irradiance 

𝐺0 and is expressed as follows: 

 
𝐾𝑡 =

𝐺𝐻𝐼

𝐺0
 

(1) 

The following equation helped to obtain the daily extraterrestrial radiation 𝐺0 (𝑀𝐽/𝑚
2/𝑑𝑎𝑦) is 

obtained (Allen et al. 1998): 

 
𝐺0 =

24(60)

𝜋
𝐺𝑆𝐶𝑑𝑟[𝜔𝑠𝑠𝑖𝑛(𝜑)𝑠𝑖𝑛(𝛿) + 𝑐𝑜𝑠(𝜑)𝑐𝑜𝑠(𝛿)𝑠𝑖𝑛(𝜔𝑠)], 

(2) 

where 𝐺𝑆𝐶 is the solar constant (0.0820 𝑀𝐽/𝑚2/𝑚𝑖𝑛), 𝑑𝑟 is the inverse relative distance for 

Earth–Sun (rad), 𝜔𝑠 is the sunset hour angle (rad), 𝜑 is the latitude of the location (rad), and 𝛿 

the solar declination (rad). 

From the hourly GHI, the daily GHI is determined if there is no single missing value. In previous 

studies, the clearness index has been used to categorise sky conditions. For instance, Du et al. 

(2022) classified the sky conditions using 𝐾𝑡 to validate clear-sky and cloudy conditions using 
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MERRA-2 hourly dataset over China. However, the values of 𝐾𝑡 set to define cloudy and clear 

skies in China might be different from West Africa. This study highlights clear-sky when 𝐾𝑡  ≥

 0.6 and cloudy-sky when 0.12 ≤  𝐾𝑡  < 0.35. From previous studies over West Africa 

(Soneye, 2021; Kuye & Jagtap, 1992), these values were taken. 

Moreover, the occurrence of high-aerosol days is identified using the 99th percentile of 

AOD550, and from this, four days were selected; while the mixed cloudy and high aerosol days, 

the days that meet the condition of cloudy and high aerosol days, were considered. Figure 3 

illustrates the threshold defined to categorise each sky conditions day. 

 

Figure 3: Categorisation of sky-conditions day based on clearness index Kt. 
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The hourly data obtained, have undergone other analysis. The extremely rare limit ( and the 

physically possible limit (4) of GHI measurements are defined according to the Baseline Surface 

Radiation Network (BSRN) guidelines (BSRN, 2021). 

 −2 W/𝑚2 < GHI < 𝐼0 ∗ 1.5 ∗ cos(𝑆𝑍𝐴)
1.2 + 50 W/𝑚2 (3) 

 

 −4 W/𝑚2 < GHI < 𝐼0 ∗ 1.5 ∗ cos(𝑆𝑍𝐴)
1.2 + 100 W/𝑚2 (4) 

 

𝐼0 represents the solar constant and is 1367 W/m2 given by  H. Li et al. (2011), and SZA denotes 

the solar zenith angle. For the BSRN closure tests, analyses were limited to cases where SZA < 

80° to account for the seasonal variation in sunrise and sunset times over the region. 

Figure 4 illustrates the quality control of the hourly GHI based on the Eqs. (3) and (4). The 

physically possible limit is in red and the extremely rare limit in blue. The black dots indicate 

the hourly GHI measurements. 

 

Figure 4: Quality control of the station based on the Baseline Surface Radiation Network 

(BSRN). 

Most data points that fall outside the BSRN-defined limits occur within the solar zenith angle 

(SZA) range of 75° to 80°. This range typically corresponds to early morning (7:00–8:00 AM) 

and late afternoon (5:00–6:00 PM) hours, depending on this region. Fortunately, no data point 

has fallen outside BSRN-defined limits. 
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In the final step, outlier detection was used to identify erroneous GHI values in the dataset. 

Specifically, this study focused on far outliers in the observations, calculated using the method 

proposed by Younes et al. (2005) as follows: 

 Upper outlier limit =  3rd quartile +  3 ∗ (3rd quartile –  1st quartile) (5) 

 

 Lower outlier limit =  3rd quartile −  3 ∗ (3rd quartile –  1st quartile) (6) 

 

The outlier analysis was based on the daily clearness index (Kt), and data points falling outside 

the upper and lower limits were excluded from the analysis.  

Figure 5 illustrates the interquartile range (shaded in grey), along with the upper outlier limit 

(indicated by red dot) and the lower outlier limit (indicated by green dot) for the AWS 

(Automatic Weather Station) data. 

 

Figure 5: Boxplot of the daily clearness index (Kt) of the AWS data for the year 2020. 

In summary, the data seems to be of good quality when validated against physical limits and 

statistical behaviour. The GHI values are within theoretical predicted limits for all solar zenith 

angles, indicating compliance with accepted physical laws (Figure 4). Similarly, the Kt values 

also remain within reasonable limits, with nothing to indicate extreme anomalies or aberrant 

behaviour. The existence of a small percentage of low-end outliers (Figure 5) is to be anticipated 

and is rather more likely to be the result of natural atmospheric variability than failure of the 
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sensor or data corruption issues. The solar radiation data can therefore be considered valid and 

fit for follow-on modelling or analytical work.  

Following the above analyses that confirmed the data quality for the study, and the time that we 

have to conduct the study and simulate the WRF-Solar because it has a computationally cost, 

we randomly selected 10 clear-sky days, 10 cloudy days, 4 high-aerosol days, and 3 days with 

mixed cloudy and high-aerosol conditions within the year 2020. The selected days are 

summarized in Table 3. 

Table 3: Selected days based on weather type. 

Sky - conditions Selected days 

Clear days 

 2020-01-11 

 2020-11-20 

 2020-06-29 

 2020-12-13 

 2020-10-12 

 2020-12-21 

 2020-11-18 

 2020-04-06 

 2020-11-14 

 2020-11-11 

Cloudy days 

 2020-03-24 

 2020-09-05 

 2020-08-25 

 2020-04-15 

 2020-07-19 

 2020-06-09 

 2020-08-08  

 2020-05-28  

 2020-09-06  

 2020-08-27 

Aerosol - days 

 2020-03-04 

 2020-04-19 

 2020-04-20 

 2020-04-21 

Cloudy - aerosol days 

 2020-03-24 

 2020-04-15 

 2020-06-09 
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 2.3.2 WRF-Solar Setup 

In this study, we applied the WRF-Solar model (version 4.2.1) with a physics configuration 

tailored for high-resolution solar irradiance forecasting over a specific West African subregion. 

While the meteorological and environmental inputs such as initial and boundary conditions 

from ECMWF-HRES, aerosol data from CAMS, land use, and topographic datasets remained 

identical to those used in the optimized WRF-Solar configuration presented by Sawadogo, et 

al. (2024), the key adaptation in our approach is the redefinition of the simulation domain to 

better represent local atmospheric dynamics. 

The model was set up using a two-domain, one-way nested configuration. The outer domain 

(D1) extends from -2.005 S to 25.889 N and -18.306 W to 15.046 E at 15 km resolution (244 x 

211 grid points), and the inner domain (D2) covers 8.802 S to 16.035 N and -6.091 W to 3.380 

E at 3 km resolution (346 x 271 grid points), as presented in Figure 6.   

00 UTC daily forecasts were initialized from ECMWF-HRES and extended 72 hours ahead for 

each of selected day of 2020. The forecast cycle generates three overlapping forecast days Lead 

0 (current day), Lead 1 (next day) and Lead 2 (day after next), enabling continuous coverage. 

The physical parameterizations implemented in our WRF-Solar setup reflect a deep 

understanding of radiative and atmospheric processes that influence solar radiation. The 

shortwave and longwave radiative transfer were handled using the RRTMG (updated Rapid 

Radiative Transfer) scheme, with the shortwave component enhanced by aerosol interactions 

via the RRTMG-AERO module. This allowed the model to account for direct aerosol effects 

on solar radiation, incorporating dynamic AOD550 values updated every three hours from 

CAMS. Radiative properties such as single scattering albedo and asymmetry factor were 

computed using aerosol type and relative humidity profiles. 

Microphysical processes were represented using the aerosol-aware Thompson scheme, allowing 

for feedback between aerosol loading and cloud microphysics critical for accurate GHI 

simulation. The land surface was modelled with the Noah Land Surface Model, while the 

MYNN (Mellor–Yamada–Nakanishi–Niino) scheme was used for Planetary Boundary Layer 

(PBL) processes to ensure realistic surface–atmosphere energy exchanges. Shallow cumulus 

processes were captured using Deng’s shallow convection parameterization, a scheme favoured 

in WRF-Solar for its ability to simulate sub-grid scale cloud–radiation feedback. Cumulus 

convection was deactivated in both domains in favour of this shallow scheme, which employs 

a mass-flux approach with prognostic cloud fraction and liquid/ice content equations. To 

accelerate radiative computations while maintaining accuracy, we activated the Fast All-sky 
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Radiation Model for Solar applications (FARMS). We used the hourly gridded GHI output 

(SWDOWN2) as our main irradiance variable for model evaluation. The simulation used 45 

vertical terrain-following eta levels from the surface (1000 hPa) up to 50 hPa, capturing fine-

scale atmospheric structure necessary for reliable irradiance modelling. Overall, the model 

configuration mirrors optimized practices in solar forecasting while introducing geographic 

specificity that enhances its relevance for the target study area. 

Table 4 below summarizes the key physical parameterizations adopted in this WRF-Solar 

configuration. 

 

 

Figure 6: WRF-Solar modelling domains.  

D1 

D2 
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Table 4: WRF-Solar model setup, parameterizations and data used. 

Physics RRTMG RRTMG_AERO 

Radiation SW RRTMG RRTMG + aerosols 

Radiation LW RRTMG RRTMG 

Microphysics Thompson Aerosol-aware Thompson 

Land surface Noah land surface model  

Planetary boundary layer MYNN  

Shallow cumulus Deng cumulus  

FARMS Activated  

 

 2.3.3 Data Preprocessing 

To develop the solar irradiance forecasting models, meteorological data from ERA5 spanning 

the years 2018 and 2019 were used exclusively for training. These two years provided the 

historical input needed to learn the relationship between meteorological variables and global 

horizontal irradiance (GHI). Once the models were trained and evaluated on this training data, 

they were saved for later use.  

For testing and prediction, only selected days from the year 2020 categorized by atmospheric 

conditions as shown in Table 3 were used. These days were excluded from the training phase 

and served solely to assess the generalization capacity of the saved models. Corresponding 

observed GHI data from SONABEL for these specific days were also used to validate the 

accuracy of the forecasts.  

Before model training, input features were normalized using Min-Max scaling to ensure 

consistent data distribution and improve model convergence. After training, model performance 

was first evaluated using standard metrics such as RMSE and MAE on the training/validation 

set (2018–2019) to ensure model quality before deployment.  

 

 a. Data normalization 

Data normalization is a critical preprocessing step required before applying any DL and some 

ML models, as it ensures that the influence of differing feature attribute scales is minimized. 

This process helps accelerate the convergence of the model during training and enhances its 

predictive accuracy. In this study, we adopt the min-max normalization technique to scale the 

data to a uniform range. The normalized value 𝑧𝑛 is calculated using the following formula: 



Three Days-Ahead Solar Irradiance Forecasting in Burkina Faso: A Comparison of WRF-Solar 

Model and Machine Learning Approaches 

 

Master Thesis GNOULA Aimé   | ED ICC 
25 

 𝑧𝑛 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 (7) 

where 𝑥 represents the original data value, 𝑥𝑚𝑖𝑛 is the minimum value, and 𝑥𝑚𝑎𝑥 is the 

maximum value in the dataset. This transformation ensures that all input features lie within a 

common scale, typically between 0 and 1, which is essential for the effective performance of 

deep learning algorithms. 

 

 2.3.4 Machine Learning Models 

Each forecasting methodology is described shortly in this paragraph: Random Forest, Support 

Vector Machine (SVM) and Long Short-Term Memory (LSTM). Random Forest and Support 

Vector Machine (SVM) belong to the family of single or traditional ML models, while the 

LSTM belongs to Artificial Neural networks (ANN) in the family of Deep Learning (DL) 

models. 

 

a. Random Forest (RF) 

The random forest method is an improved model of bagging regression trees (Voyant et al., 

2017; Zamo et al., 2014; Prasad et al., 2006; Yu et al., 2017) and used to avoid overfitting. The 

binary RT method works by repeatedly dividing the data into two groups based on specific rules 

and thresholds (Zamo et al., 2014). It builds a set of decision rules using predictor variables 

(Breiman et al., 1984; Verbyla, 1987; Linda A. Clark, 1992), aiming to split the data into 

smaller, more uniform groups. At each step, it selects one predictor and a threshold that best 

increases the similarity of values within the resulting two groups (Prasad et al., 2006). This 

process continues recursively, dividing each group into two subgroups. In the end, each final 

group (or “leaf”) predicts the average value of its members. The method initially grows a large 

tree, which is then pruned, often using cross-validation to avoid overfitting and find the optimal 

tree size (Therneau & Atkinson, 1997). 

Breiman (1996) introduced the idea of improving prediction stability by averaging the outputs 

of multiple decision trees. To do this without requiring separate datasets, he used randomly 

drawn samples (with replacement) from the original data, a technique known as bagging (short 

for bootstrap aggregating). Later, he enhanced this method by adding a random selection of 

predictor variables at each split (Breiman, 2001; Breiman, 2002; Zamo et al., 2014), resulting 

in the Random Forest (RF) algorithm. 

In a random forest, each tree is trained on a different random sample, and predictor subsets are 

chosen randomly at each split. This added randomness improves robustness and reduces 
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overfitting. Finally, the predictions from all trees are averaged to produce the final result. 

Random Forests are widely regarded as one of the most powerful machine learning models for 

forecasting and will be used in this study. For more details on regression tree-based methods, 

see the references in this section. 

Table 5: Parameters used for RF model. 

Parameter Value / Description 

Model Type RandomForestRegressor 

n_estimators 100 (number of trees in the forest) 

random_state 42 (ensures reproducibility) 

n_jobs -1 (uses all available cores for training) 

 

b. Support Vector Machine (SVM) 

Support Vector Regression (SVR) is a supervised machine learning method that extends the 

Support Vector Machine (SVM) framework to handle regression tasks (Heimo, 2012). It 

operates by fitting a hyperplane within a predefined margin of tolerance, defined by upper and 

lower bounds, and relies on support vectors to determine the optimal model parameters, as 

shown in Equation (8). 

 𝑌 =  𝑓 (𝑥)  =  𝜔 ·  𝜙(𝑥)  +  𝑏 (8) 

Where 𝑥 represents the independent variable, 𝜔 and 𝑏 are the weight vector and bias term, 

respectively, and 𝜙(𝑥) denotes the nonlinear mapping function that transforms the input data 

into a higher-dimensional feature space. 

When working with multidimensional datasets, the target variable 𝑌 can have infinitely many 

possible values, making direct prediction complex. To manage this, SVR introduces a tolerance 

margin 𝜀, within which errors are ignored, effectively simplifying the optimization problem. 

This leads to the following formulation  

 

(9). 
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yi  −  ω
Txi −  b ≤  ε + ξi

ωTxi + b − yi ≤ ε + ξi
∗

ξi, ξi
∗  ≥ 0 

 

 

 

 

(9) 

Where ∁  is a positive regularization parameter that controls the trade-off between the model's 

flatness and the allowable prediction error. The term 𝜔 represents the weight vector, while ξi 

and 𝜉𝑖
∗
are slack variables that account for deviations beyond the ϵ-insensitive zone. These slack 

variables help minimize the prediction error outside the tolerated margin. 

To solve this nonlinear regression problem efficiently, the optimization can be reformulated in 

its dual form using Lagrange multipliers. This dual representation also incorporates kernel 

functions to handle non-linear relationships in the data. The dual formulation is given in 

Equation (10): 

𝑚𝑖𝑛: 
1

2
∑(𝛼𝑖

𝑛

𝑖,𝑗=1

+ 𝛼𝑖
∗) (𝛼𝑗 + 𝛼𝑗

∗)𝑘(𝑥𝑖. 𝑥𝑗)  + 𝜀∑(𝛼𝑖

𝑛

𝑖=1

+ 𝛼𝑖
∗)  −∑𝑦𝑖(𝛼𝑖

𝑛

𝑖=1

+ 𝛼𝑖
∗) 

subject to 

{
 
 

 
 ∑(αi

n

i=1

+ αi
∗) = 0

0 ≤ αi, αi
∗  ≤  ∁

for i =  1, 2, . . . , n 

 

(10) 

Where 𝛼𝑖 and 𝛼𝑖
∗ denote the Lagrange multipliers, and 𝑘(𝑥𝑖 . 𝑥𝑗) represents the kernel function 

used to handle the nonlinear regression task. Among the various kernel options, the Radial Basis 

Function (RBF) kernel was chosen in this study due to its flexibility and strong ability to model 

complex, nonlinear relationships between input and output variables. The RBF kernel is defined 

as follows (11): 

 𝑘(𝑥𝑖. 𝑥𝑗)  =  𝑒𝑥𝑝 (−𝛾|𝑥𝑖 − 𝑥𝑗|
2
) (11) 

Where 𝛾 is a tunable kernel parameter that controls the width of the RBF kernel, and  

|𝑥𝑖−𝑥𝑗|
2
denotes the squared Euclidean distance between the input vectors 𝑥𝑖  and 𝑥𝑗 . A 
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smaller 𝛾 value implies a smoother decision function, while a larger 𝛾 allows the model to 

capture more complex patterns. 

 

Figure 7: SVR Structure. 

Finally, the SVR decision function, which is used to predict the output for a new input 𝑥, is 

given by (12): 

 
𝑓(𝑥) =∑(𝛼𝑖

𝑛

𝑖=1

+ 𝛼𝑖
∗)𝑘(𝑥𝑖 . 𝑥𝑗) + 𝑏 

(12) 

In this thesis, the configuration of SVR model used and some meanings are summary in Table 

6. 
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Table 6: Parameters used and their description for SVR model. 

Section Parameter Value / Description 

Hyperparameter 

Tuning 

GridSearchCV Performs exhaustive search over specified 

parameters using 3-fold cross-validation 
 

param_grid['kernel'] ['rbf', 'poly'] – tested RBF and polynomial 

kernels 
 

param_grid['C'] [1, 10, 100] – regularization strength 
 

param_grid['epsilon'] [0.001, 0.01, 0.1] – insensitive loss function 

margin 
 

cv 3 – number of cross-validation folds 
 

scoring neg_mean_squared_error – performance 

metric used during grid search 
 

n_jobs -1 – uses all processors for parallel training 
 

verbose 1 – prints progress of GridSearch 

 

c. Long Short-Term Memory (LSTM) 

LSTM (Long Short-Term Memory) is a type of recurrent neural network (RNN) designed to 

overcome the short-term memory limitations of traditional RNNs (Hochreiter, S., & 

Schmidhuber, 1997) (Hochreiter, S., & Schmidhuber, 1997). It can retain important information 

over longer periods, making it well-suited for time series tasks. Each LSTM cell includes three 

key components: the forget gate, which decides what past information to keep; the input gate, 

which adds relevant new information; and the output gate, which determines the next hidden 

state. The internal structure of an LSTM cell is illustrated in Fig. 1. 

 

Figure 8: LSTM architecture 
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The forget gate in an LSTM cell decides which information from the past should be kept or 

discarded. It takes the previous hidden state (ℎ𝑡−1) and current input (𝑥𝑡), combines them, 

applies a weight matrix 𝑊𝑓, adds a bias 𝑏𝑓, and passes the result through a sigmoid function: 

 𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (13) 

Values close to 0 mean “forget,” while values close to 1 mean “retain.” 

Next, the input gate controls how much new information is added to the cell state. It also uses 

the current input and previous hidden state, applies weights and a sigmoid activation: 

 𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (14) 

A value near 1 means the information is important. 

To generate the candidate cell state (𝑐𝑡̅), the same inputs (𝑥𝑡) go through the 𝑡𝑎𝑛 ℎ function, 

producing values between –1 and 1 that represent new information. This candidate state is then 

scaled by the input gate's output to decide what to add to the cell state. 

 𝑐𝑡̅ = 𝑡𝑎𝑛 ℎ (𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (15) 

The updated cell state 𝑐𝑡 is then computed by combining the old cell state, scaled by the forget 

gate, and the candidate state, scaled by the input gate: 

 𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐𝑡̅ (16) 

This allows the LSTM to retain relevant information over time. 

The output gate decides what information from the cell state should be output. It again processes 

the input and previous hidden state: 

 𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (17) 

Finally, the new hidden state (which is also the LSTM cell’s output) is computed by applying 

a 𝑡𝑎𝑛 ℎ activation to the updated cell state and scaling it with the output gate: 

 ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛 ℎ (𝑐𝑡))  (18) 

Where 𝑥𝑡 is current input; ℎ𝑡−1the previous hidden state; 𝑐𝑡−1: previous cell state; 𝜎: sigmoid 

function; 𝑡𝑎𝑛 ℎ: hyperbolic tangent function;  𝑊∗, 𝑏∗ are weight matrices and biases for each 

gate;  𝑓𝑡, 𝑖𝑡, 𝑜𝑡 :forget, input, and output gates; 𝑐𝑡̅: candidate new information, 𝑐𝑡: new cell state 

and ℎ𝑡: new hidden state/output. 

The parameters used in LSTM model and their descriptions are summarized in Table 7Table 7.  
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Table 7: LSTM model configurations. 

Parameter Value/Description 

LSTM Units 64 

Return Sequences False 

Dense Layer 1 32 units, ReLU activation 

Optimizer Adam 

Loss Function Mean Squared Error (MSE) 

Epochs 30 

Batch Size 16 

Callback EarlyStopping (patience=10, restore_best_weights=True) 

 

 2.3.5 Evaluation Metrics 

To assess the accuracy of model predictions, some error metrics are used and provide 

quantitative evaluations of the discrepancy between the forecasted and observed values of 

global horizontal irradiance (GHI). In this study, we employed several commonly used 

statistical metrics: the Root Mean Square Error (RMSE) (Eq. (19)) and the Mean Absolute Error 

(MAE) (Eq(20) to measure the average magnitude of forecast errors. To account for scale and 

provide relative performance insights, we also computed the Normalized RMSE (nRMSE) (Eq. 

(21) and the Normalized MAE (nMAE) (Eq. (22). In addition, we used coefficient of 

determination (R2) (Eq. (23) which tells about the forecasted and real value’s correlation, and 

the Index of Agreement (IOA) (Eq. (24) to assess model agreement. Willmott (1981) on the 

validation of model, use the value of IOA ranging from 0 to 1 in which 1 means perfect 

agreement while 0 means no agreement. 

The different statistical metrics are expressed as follows: 

 

𝑅𝑀𝑆𝐸 = [
1

𝑁
∑(𝑃𝑖 − 𝑂𝑖)

2

𝑁

𝑖=0

]

1
2

 

(19) 

 

 
𝑀𝐴𝐸 =

1

𝑁
∑|𝑃𝑖 −𝑂𝑖|

𝑁

𝑖=0

 
(20) 

 

 
𝑛𝑅𝑀𝑆𝐸 = [

𝑅𝑀𝑆𝐸

𝑚𝑎𝑥(𝑂) − 𝑚𝑖𝑛 (𝑂)
] ∗ 100 

(21) 
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𝑛𝑀𝐴𝐸 = [

𝑀𝐴𝐸

𝑚𝑎𝑥(𝑂) −𝑚𝑖𝑛 (𝑂)
] ∗ 100 

(22) 

 

 
𝑅2 = 1 −

∑(𝑂𝑖 − 𝑃𝑖)
2

∑(𝑂𝑖 − 𝑂)
2  

(23) 

 

 
𝐼𝑂𝐴 = 1 −

∑ 𝑃𝑖 − 𝑂𝑖
𝑛
1

∑ (|𝑃𝑖 − 𝑂𝑖||𝑂𝑖 − 𝑂|)
𝑛
𝑖=1

2 
(24) 

where 𝑃𝑖 is the forecasted value, 𝑂𝑖 the observation data at timestep 𝑖, 𝑂 the mean of the 

observation, and n is the number of data points used for comparison. 𝑚𝑎𝑥(𝑂) and 𝑚𝑖𝑛(𝑂)  are 

the maximum and minimum value of the observations. 

In addition to the standard evaluation metrics, a skill score (denoted as s) was incorporated to 

assess the forecast verification performance. The skill score provides a quantitative measure of 

the relative accuracy between two forecasting systems, with one system designated as the 

reference(Murphy, 1988). It enables an objective comparison by indicating the degree to which 

the evaluated forecast improves upon (or degrades from) the reference forecast. 

𝑠 can be based on some statistical metrics, but RMSE is commonly used in solar energy 

forecasting (Yang et al., 2020; Blaga et al., 2019; Yang, 2018). Thus, 𝑠 is expressed as: 

 
𝑠 =  1 −

𝑅𝑀𝑆𝐸(𝑓,𝑥)

𝑅𝑀𝑆𝐸(𝑟,𝑥)
 

(25) 

 

where 𝑓, 𝑟, and 𝑥 denote forecasts of interest, reference forecasts, and observations, 

respectively. When 𝑠 > 0, it means that the forecast is better than the reference forecast, while 

and 𝑠 < 0 indicates that the forecast performs worse than the reference forecast. A value of 𝑠 =

0 implies that the forecast’s performance is equivalent to that of a reference forecast.  

Reference forecasts can be generated using either the persistence method, which assumes that 

current conditions will remain unchanged, or the climatology method, which relies on long-

term historical averages. However, for enhanced forecast performance, an optimal convex 

combination of both methods is recommended, particularly in solar energy applications (D. 

Yang, 2018) and has been strongly advocated by several studies (D. Yang et al., 2020). 

Accordingly, to this study, we adopted the persistence model to construct the reference forecast. 
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 Chapter 3: Results and discussion  

In this section, we present the forecasting results of the WR-Solar model against ML models. 

 

 3.1 Characterizations of aerosol 

Figure 9 displays the spatial distribution of AOD at 550 nm over Burkina Faso and surrounding 

regions on four specific dates: 04 March, 19 April, 20 April, and 21 April 2020. Each subfigure 

highlights daily mean in aerosol loading using a colour scale, where red shades indicate high 

aerosol concentration and blue shades represent low levels. On 04 March 2020, elevated AOD 

values are concentrated over the north-central region, with values reaching up to 1.2, suggesting 

the presence of Saharan dust transported into the area (Haywood et al., 2008). The southern part 

remains relatively clearer, indicating lower aerosol presence. On 19 April 2020, aerosol 

concentrations intensify across the northern and northeastern regions, with values climbing up 

to 1.6. This reflects a significant aerosol event likely influenced by regional biomass burning 

(Kaiser et al., 2012) or long-range dust transport. The most pronounced aerosol episode occurs 

on 20 April 2020, where AOD values exceed 2.0, particularly in the northwestern areas. This 

suggests a strong Saharan dust intrusion (Prospero et al., 2002), possibly combined with local 

and regional biomass burning sources. By 21 April 2020, aerosol levels slightly decrease but 

remain high, especially in the northern and eastern regions, with values ranging between 0.4 

and 1.2. The southern zone consistently shows lower AOD across the days, indicating less 

aerosol burden. Overall, these plots demonstrate a clear north-to-south gradient in aerosol 

distribution and underline the impact of both Saharan dust and biomass burning on aerosol 

variability in Burkina Faso during the dry season (Ginoux et al., 2001; Haywood et al., 2008). 
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Figure 9: Spatial distribution of daily aerosol optical depth at 550 (AOD550) from CAMS 

reanalysis data for the year 2020. The circle indicates the Zagtouli PV Plant location. 

 

 3.2 WRF-Solar Model Performance Against Observations 

 3.2.1 Scatter plot. 

The performance of the WRF-Solar model is evaluated under four distinct atmospheric 

conditions as Clear Sky, Cloudy Sky, Aerosol Sky, and Cloudy-Aerosol Sky over three 

prediction horizons: Lead 0, Lead 1, and Lead 2. It varies according to the sky conditions and 

lead time. The scatter plots in Figure 10 shows the relationship between observed and predicted 

solar irradiance values, with density indicated by colour. Several performance metrics are used 

to assess accuracy, including RMSE, nRMSE, MAE, nMAE, R², and IOA. 

Under clear sky conditions, the WRF-Solar demonstrates excellent performance, with high 

predictive accuracy and strong correlations across all forecast lead times Lead 0 (Figure 10(a)) 

yields the most accurate results, achieving an RMSE of 69.0 W/m², a coefficient of 

determination (R²) of 0.92, and an index of agreement (IOA) of 0.98. Although accuracy 

decreases slightly with increasing lead time. However, the model's performance remains robust. 

For Lead 1 (Figure 10 (b)), the RMSE increases to 121.9 W/m² and R² declines to 0.75, while 

Lead 2 (Figure 10 (c)) records an RMSE of 155.8 W/m² and an R² of 0.62. 
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Under cloudy conditions, the model’s performance deteriorates considerably. At Lead 0 (Figure 

10 (d)), accuracy is particularly poor, with an RMSE of 354.0 W/m², an R² of -2.92, and an IOA 

of 0.55. Slight improvements are observed for Lead 1 (Figure 10 (e)), with an RMSE of 281.4 

W/m² and R² of -0.05, and for Lead 2 (Figure 10 (f)), with an RMSE of 303.7 W/m² and R² of 

-0.03. This poor performance is consistent with previous findings that cloud variability presents 

a major challenge in solar irradiance forecasting (Inman et al., 2013; Sawadogo et al., 2024; X. 

Zhou et al., 2024). 

Under aerosol conditions, the model exbibits moderately good performance. Lead 0 (Figure 10 

(g)) and Lead 1 (Figure 10 (h)) yield R² values of 0.94 and 0.67, respectively, indicating 

reasonable predictive capability. Even at Lead 2 (Figure 10 (i)), the model retains an R² of 0.76, 

suggesting aerosol effects are more predictable than clouds due to their slower spatiotemporal 

variability (Perez et al., 2016). The RMSE values range from 138.1 to 171.2 W/m² across the 

forecast horizons, further supporting the model's consistent performance under aerosol-laden 

conditions. WRF-Solar is moderately effective under high aerosol concentrations, maintaining 

decent accuracy and consistency. 

Under cloudy-aerosol sky conditions, performance varies markedly across leads. At Lead 0 

(Figure 10 (j)), predictive accuracy is extremely poor, with an RMSE of 388.0 W/m² and R² of 

-4.36. Lead 1 (Figure 10 (k)) shows some improvement with R² = 0.57. Interestingly,  Lead 2 

(Figure 10 (l)) improves significantly (R² = 0.94; RMSE = 65.9 W/m²), indicating possible 

stabilization of atmospheric conditions over longer time horizons (Coimbra et al., 2013). 

Globally, the WRF-Solar model performs best under clear-sky conditions because its radiative 

transfer schemes are well-calibrated to simulate direct solar radiation without significant 

atmospheric interference. Several studies, such as Jimenez et al. (2016) and Lara-Fanego et al. 

(2012), show that = (NWP models like WRF-Solar can effectively capture solar irradiance in 

cloud-free environments, where the atmosphere behaves more predictably and inputs like 

aerosols and cloud microphysics have minimal impact. Nevertheless, under cloudier conditions, 

the model’s accuracy declines due to the complexity and variability of cloud formation, 

movement, and optical properties. These are harder to model and forecast accurately, especially 

over short lead times. According to J. Yang et al. (2022),cloud representation remains a major 

source of uncertainty in solar irradiance forecasting. Aerosols introduce moderate error because, 

while their effect on radiation is less variable than clouds, they still scatter and absorb solar 

radiation, especially in polluted or dusty regions (West Africa). Models like WRF-Solar include 

aerosol modules, but their accuracy depends on high-resolution and up-to-date aerosol data 
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(Thaker & Höller, 2023). The most challenging scenario is a combination of clouds and 

aerosols, which interact in complex ways (aerosols may modify cloud albedo or lifetime). These 

nonlinear aerosol-cloud-radiation interactions are poorly captured in most NWP models, 

including WRF-Solar, leading to compounded errors (Zhang et al., 2010; Tuccella et al., 2019). 

Lastly, forecast accuracy generally decreases with increasing lead time, due to growing 

uncertainties in meteorological conditions. However, for mixed-sky (cloudy + aerosol) 

conditions, it is possible that Lead 2 (Figure 10) outperforms Lead 1 (Figure 10) due to random 

variations. 
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Figure 10: Evaluation of WRF-Solar simulations of hourly forecasted GHI density against 

observational data under various leads for the year 2020. The columns depict the forecast lead 

time. Each of the row represents a weather sky condition with its respective name given on the 

left side of the figure. RMSE, MAE, R2, and IOA are root- mean-square error, mean absolute 

error, coefficient of determination and index of agreement, respectively. The terms nRMSE and 

nMAE indicate the normalized RMSE and MAE, respectively. 

 3.2.2 Diurnal cycle 

 a. Clear sky days 

The Figure 11 presents the GHI over time for 10 clear-sky days in 2020. The WRF-Solar model 

closely follows the observed GHI across all forecast lead times, demonstrating strong 
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performance under clear-sky conditions. The model accurately captures the expected bell-

shaped daily solar curve, with peak irradiance occurring around noon (12:00–13:00). 

Lead 0 (Figure 11) aligns most closely with the observed data, confirming the model's high 

reliability for short-term predictions. Lead 1 (Figure 11) and Lead 2 (Figure 11) also show good 

agreement, although small deviations from observations become more noticeable, particularly 

around peak sunlight hours. This is consistent with findings in the literature that forecast 

accuracy tends to decrease as lead time increases (P. Jimenez et al., 2016; Sawadogo et al., 

2024; Huang et al., 2024). 

For most days such as January 11, October 12, November 11, and December 13 the predictions 

match the observations very well. However, a few exceptions are observed. On April 6 and June 

29, for example, Lead 2 (Figure 11) slightly overestimates GHI during the morning hours and 

underestimates it near the peak. These discrepancies may be due to errors in the model’s initial 

conditions, spin-up limitations, or the presence of aerosols or thin clouds not fully accounted 

for. The peak GHI values range from 800 to 1000 W/m², which is typical for clear-sky 

conditions in tropical or subtropical regions. Overall, the model shows no significant bias in 

estimating peak values, indicating effective performance of its radiative transfer scheme. The 

WRF-Solar model is highly reliable for forecasting GHI under clear-sky conditions, even up to 

48 hours in advance (Lead 2 (Figure 11)). While a few days show minor discrepancies, these 

do not significantly affect the model's overall accuracy. Instead, they emphasize the importance 

of precise input data such as aerosol levels and surface reflectivity, as well as proper model 

calibration. These findings are in line with previous studies, like those by Jimenez et al. (2016) 

and Lara-Fanego et al. (2012), which also concluded that WRF-Solar performs best when there 

is minimal interference from clouds and aerosols. 
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Figure 11: Diurnal cycle of GHI under clear sky days with different leads time. 

 

 b. Cloudy sky days 

This Figure 12 illustrates the comparison between observed and predicted Global Horizontal 

Irradiance (GHI) for 10 different cloudy-sky days in 2020. It includes forecasts for Lead 0, Lead 

1, and Lead 2. 

Unlike clear-sky days, the WRF-Solar model shows noticeable deviations from observed GHI 

values on cloudy days. The model tends to overestimate irradiance, particularly around midday, 

when cloud cover often reduces solar radiation in reality but is not fully captured in the model 

forecast. While observed GHI shows irregular, often flattened or jagged curves due to cloud 

dynamics, the model continues to predict smooth, bell-shaped profiles, reflecting its tendency 

to underestimate cloud impacts. Forecast accuracy generally decreases with longer lead times. 

Lead 0 (Figure 12) (red dashed) is often closest to the observations, while Lead 1 (Figure 12) 

and especially Lead 2 (Figure 12) show larger errors. For instance, on August 27 and August 

25, Lead 2 (Figure 12) significantly overestimates the actual GHI throughout the day. Some 

days (June 9 and September 5) show that WRF-Solar misses key cloudy periods entirely, 

predicting high GHI during times of observed irradiance drops highlighting challenges in 

forecasting cloud timing, development, and movement. Despite the cloud interference, there are 

cases (March 24 or July 19) where the model still tracks the general trend, suggesting that WRF-

Solar retains some predictive power under partially cloudy conditions, especially in short-term 

forecasts. Thus, WRF-Solar struggles more under cloudy skies, primarily due to uncertainties 

in cloud representation and the complexity of atmospheric dynamics associated with clouds 

(variability in cloud thickness, type, and movement). 
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The model’s tendency to produce smooth curves underestimates the variability and 

intermittency of solar irradiance on cloudy days. The results are consistent with findings in the 

literature Jimenez et al. (2016) that the model performs best under stable atmospheric conditions 

and loses accuracy when clouds become the dominant modulating factor. These insights suggest 

a need for better cloud parameterization, integration of real-time satellite cloud data, or hybrid 

modelling approaches (combining WRF with ML-based cloud correction techniques) to 

improve forecast accuracy under such conditions. 

 

Figure 12: Diurnal cycle of GHI under cloudy sky days with different leads time 

 

 c. High aerosol sky days 

This Figure 13 compares observed and predicted Global Horizontal Irradiance (GHI) for four 

aerosol-affected days in March and April 2020. It includes Lead 0, Lead 1, and Lead 2 forecasts 

from the WRF-Solar model. 

Across all four days, the WRF-Solar model captures the general bell-shaped curve of the daily 

irradiance cycle. This suggests that the model handles the basic solar geometry and atmospheric 

dynamics well, even in the presence of aerosols. 

On aerosol-heavy days like March 4 and April 20, the model tends to overpredict the midday 

irradiance, especially in Lead 1 and Lead 2. This is a common issue when aerosols are not 

accurately represented or underestimated in the model initialization (Jimenez et al., 2016; Lara-

Fanego et al., 2012). 

As expected, forecast accuracy declines from Lead 0 to Lead 2, particularly visible on April 19 

and 21, where Lead 2 notably diverges from the observed values. This aligns with literature 

(Jimenez et al., 2016), which notes that aerosol forecasting is highly sensitive to lead time due 

to their spatial and temporal variability. 
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Figure 13: Diurnal cycle of GHI under high aerosol sky days with different leads time 

Days like April 20 and 21 show significant dips and flattening in the observed GHI curves 

around solar noon, likely due to dense aerosol plumes. These dips are not captured by the model, 

which continues to produce smooth curves, confirming a gap in aerosol-radiation interaction 

modelling. 

The WRF-Solar model maintains reasonable performance under aerosol-heavy skies but with 

notable limitations in capturing the magnitude and timing of irradiance dips caused by aerosol 

layers. Improvements in aerosol parameterization and data assimilation are essential to enhance 

forecasting skill in such conditions particularly for solar energy applications in regions prone 

to dust, pollution, or biomass burning. 

 

 d. Cloudy mixed to high aerosol sky days. 

This Figure 14 compares WRF-Solar forecasted Global Horizontal Irradiance (GHI) against 

observed values for three complex days March 24, April 15, and June 9, 2020 characterized by 

the combined presence of clouds and high aerosol loads. 

All three days show a large mismatch between the observed GHI (black line) and the model 

outputs (coloured dashed lines), especially during midday. This clearly illustrates the challenge 

of accurately forecasting irradiance under mixed atmospheric conditions (clouds + aerosols). 

The WRF-Solar model consistently overestimates GHI for all lead times, particularly around 

solar noon. This is most evident on April 15 and June 9, where Lead 0, Lead 1, and Lead 2 

predict smooth, high bell-shaped curves, while the observed irradiance is lower and more 

erratic. 

The observed GHI curves are flattened and irregular, likely due to rapidly changing cloud cover 

and varying aerosol optical depths (AOD). The model's inability to capture these short-term, 

localized variations leads to pronounced errors. 



Three Days-Ahead Solar Irradiance Forecasting in Burkina Faso: A Comparison of WRF-Solar 

Model and Machine Learning Approaches 

 

Master Thesis GNOULA Aimé   | ED ICC 
42 

 

Figure 14: Diurnal cycle of GHI under cloudy mixed to high aerosol sky days with different 

leads time. 

Despite inaccuracies, the WRF-Solar forecasts retain consistent timing of the GHI peaks, 

suggesting that the model's solar position and basic atmospheric dynamics are correct. The main 

limitation lies in its inability to represent the cloud-aerosol interaction effects on radiation 

(Cheng et al., 2022). 

Overall, this Figure 14 underscores the limited capability of WRF-Solar to predict solar 

irradiance under complex sky conditions, where both cloud dynamics and aerosol effects are 

simultaneously active. While the model performs well under clear skies or even moderate 

aerosol loads, its radiative transfer and cloud-aerosol parameterizations require enhancement to 

handle cloud-aerosol coupling and variability. 

 

3.3 Machine Learning Models Performance Against 

Observations 

 3.3.1 Scatter plot 

To assess the predictive performance of the three ML models: Random Forest (RF), and Support 

Vector Regression (SVR), Long Short-Term Memory (LSTM) density scatter plots were 

generated under four distinct sky conditions: Clear Sky, Cloudy Sky, Aerosol Sky, and Cloudy-

Aerosol Sky. Each model was evaluated across three lead times: Lead 0, Lead 1, and Lead 2. 

Performance metrics such as Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 

normalized versions of these errors, the coefficient of determination (R2), and the Index of 

Agreement (IOA) were computed and annotated in Figure 15, Figure 16, and Figure 17. 

Figure 15 presents density scatter plots comparing the predicted and observed Global Horizontal 

Irradiance (GHI) using a Machine Learning Random Forest (ML-RF) model. 

Under clear sky conditions, the RF performs best, particularly at Lead 0 (Figure 15 (a)), where 

the RMSE is 96.2 W/m², R² is 0.21, and the density of points clusters more closely around the 
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diagonal. However, performance degrades as lead time increases. By Lead 2 (Figure 15 (c)), R² 

drops to 0.18, and errors increase slightly, indicating diminished predictive accuracy with time. 

In cloudy conditions, RF performance is much poorer. At Lead 0, for example (Figure 15 (d)), 

R² = -0.64, and model outcomes are quite far from observations. Errors are also much larger, 

with RMSE = 230.3 W/m² and MAE = 187.1 W/m². This poor performance continues through 

Lead 1 and Lead 2, reflecting the inherent difficulty of modelling highly variable cloudy 

periods. 

Aerosol-affected days shows moderately improved performance compared to cloudy skies. The 

model achieves its best fit in (Figure 15 (i)) at Lead 2, where R² reaches 0.51 and RMSE is 

reduced to 91.9 W/m². The predictions under aerosol influence alone appear to be more reliable 

than under cloudy or mixed conditions. 

The worst overall performance reveals under cloudy aerosol sky. At Lead 0 (Figure 15 (j)), the 

model yields an RMSE of 290.7 W/m² and a dramatically negative R² of -1.91, indicating a 

strong mismatch between predicted and observed values. Although performance improves 

somewhat by Lead 2 (Figure 15 (l)), with R² rising to 0.49, the errors remain relatively high. 

Overall, the model predicts GHI most accurately under clear skies, with performance decreasing 

progressively as weather conditions become more complex (with the presence of clouds and 

aerosols) and as the forecast lead time increases. The results highlight the model's limitations 

in capturing rapid and uncertain variations in solar irradiance, especially under mixed or 

overcast conditions. 
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Figure 15: All-sky evaluation of RF model simulations of hourly forecasted GHI density versus 

observational data with a density between 1 and 2 for the year 2020. 

The Figure 16 presents density scatter plots comparing predicted versus observed GHI using a 

Support Vector Regression (SVR) model under four sky conditions (Clear, Cloudy, Aerosol, 

and Cloudy-Aerosol) across three lead times: Lead 0, Lead 1, and Lead 2. 

• Clear Sky: Predictions align reasonably well with observations (R² ≈ 0.35), though 

performance slightly decreases with lead time. RMSE increases from 203.97 to 257.3, 

and Index of Agreement (IOA) drops from 0.83 to 0.78. 

• Cloudy Sky: The model performs poorly (R² as low as -0.09), especially as lead time 

increases, indicating difficulty in capturing GHI under high cloud variability. 
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• Aerosol Sky: Moderate accuracy is observed, with the best performance at Lead 1 (R² 

= 0.64, IOA = 0.90), suggesting that aerosol-affected conditions may be better captured 

with short lead predictions. 

• Cloudy-Aerosol Sky: Mixed results, with good performance at Lead 0 (R² = 0.88) but 

significant decline at Lead 1 (R² = 0.17), likely due to increased complexity in 

atmospheric interactions. 

Overall, prediction accuracy decreases with longer lead times and under more variable sky 

conditions, highlighting the challenges of forecasting solar radiation in complex atmospheres. 

 

 



Three Days-Ahead Solar Irradiance Forecasting in Burkina Faso: A Comparison of WRF-Solar 

Model and Machine Learning Approaches 

 

Master Thesis GNOULA Aimé   | ED ICC 
46 

Figure 16: All-sky evaluation of SVR model simulations of hourly forecasted GHI density versus 

observational data with a density between 1 and 2 for the year 2020. 

This Figure 17 shows density scatter plots of predicted vs. observed GHI using an LSTM model 

under four sky conditions and three lead times (Lead 0 to Lead 2). 

• Clear Sky: The LSTM model performs very well across all lead times, with strong 

correlations (Figure 17) (R² from 0.79 to 0.68) and high agreement (IOA > 0.9). Error 

metrics remain relatively low, showing the LSTM's ability to capture clear sky patterns 

reliably. 

• Cloudy Sky: Accuracy is poor at Lead 0 (Figure 17) (R² = –0.09), but improves 

significantly at longer lead times (R² = 0.56 at Lead 2). This may indicate the model 

adapts better to evolving cloudy conditions with some forecasting horizon. 

• Aerosol Sky: Consistently moderate performance (R² ≈ 0.55–0.82), with improved 

prediction at Lead 2 (Figure 17). The model handles aerosol-related variability 

reasonably well. 

• Cloudy-Aerosol Sky: Initial performance is very poor at Lead 0 (Figure 17) (R² = –

3.21), but improves considerably by Lead 2 (Figure 17) (R² = 0.82), showing that the 

model can gradually learn complex interactions with longer forecasting windows. 

In short, the LSTM model demonstrates strong performance under clear conditions and shows 

adaptability with longer lead times in complex skies, particularly under aerosol and mixed 

cloud-aerosol influence. 



Three Days-Ahead Solar Irradiance Forecasting in Burkina Faso: A Comparison of WRF-Solar 

Model and Machine Learning Approaches 

 

Master Thesis GNOULA Aimé   | ED ICC 
47 

 

Figure 17: All-sky evaluation of LSTM model simulations of hourly forecasted GHI density 

versus observational data with a density between 1 and 2 for the year 2020. 

 3.3.2 Diurnal cycle for ML models: 

 a. ML-RF Model 

Figure 18 illustrates the diurnal GHI cycle for ten clear-sky days in 2020, comparing observed 

data with Random Forest (RF) model predictions at lead times of Lead 0, Lead 1, and Lead 2. 

The RF model captures the general bell-shaped profile of solar irradiance, particularly at Lead 

0 (Figure 18). However, the prediction accuracy deteriorates as the lead time increases, with 

underestimations near solar noon becoming more frequent. This pattern is consistent with 

findings by Voyant et al. (2017b) and Lorenz et al. (2009), who reported the limited capability 

of non-sequential ML models to preserve temporal dynamics in solar forecasting. Seasonal 
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variation is also evident, with lower GHI values in December attributed to reduced solar 

elevation and shorter day lengths, in line with standard solar radiation theory (Duffie, J. A., & 

Beckman, 2013). 

 

Figure 18: Diurnal GHI cycle for ten clear-sky days in 2020 using RF model. 

The diurnal cycle of GHI predicted by the ML-RF model was compared against observations 

across several cloudy days (Figure 19). The model generally reproduces the daily solar cycle 

shape, with peak irradiance around solar noon, consistent with prior findings on machine 

learning models’ ability to capture solar geometry (Lara-Fanego et al., 2012b). However, 

discrepancies increase under cloudy conditions, particularly with higher lead times, where the 

model frequently overestimates GHI due to limited representation of dynamic cloud cover 

(Lorenz et al., 2009;  Chu et al., 2013). The rapid variability in observed GHI, characteristic of 

broken clouds, poses a known challenge for ML models (D. Yang et al., 2018; Marquez & 

Coimbra, 2013). Forecast skill deterioration with longer lead times also aligns with the 

literature, as forecast uncertainty compounds over time (M. Li et al., 2021). In summary, the 

ML-RF model performs best at Lead 0, benefiting from more recent input data, while 

performance decreases at Lead 1 and Lead 2 due to increasing uncertainty in cloud evolution. 

 

Figure 19: Diurnal GHI cycle for ten cloudy-sky days in 2020 using RF model. 

The diurnal GHI patterns simulated by the ML-RF model for aerosol-affected days exhibit 

notable overestimation during peak solar hours (Figure 20). While the model captures the 
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general daily cycle well, it systematically underestimates the attenuation caused by aerosols, 

particularly for longer lead times. This behaviour is consistent with previous findings that 

highlight the significant radiative impact of aerosols through both scattering and absorption 

mechanisms (Charlson et al., 1992; IPCC, 2013). The model’s performance degradation with 

increasing lead time mirrors the general trend reported by Marquez and Coimbra (2013) and D. 

Yang et al. (2018), where forecast uncertainty grows with the forecast horizon. The RF 

algorithm’s limited performance under aerosol-heavy conditions reflects its dependency on 

accurate input features, and the lack of real-time aerosol data likely contributes to the observed 

errors (Chu et al., 2016). Incorporating real-time (AOD) measurements or satellite-derived 

aerosol indices could enhance model skill, as proposed by Luo et al. (2024) and Kumi et al. 

(2009). 

 

Figure 20: Diurnal GHI cycle for four aerosol affected sky days in 2020 using RF model 

The Figure 21 illustrates the performance of a Random Forest (RF) model in predicting GHI for 

three specific days classified as cloudy-aerosol conditions: March 24, April 15, and June 9 of 

2020. The plots compare observed GHI values (solid black lines) with predictions from the RF 

model at three lead times: Lead 0, Lead 1, Lead 2. 

Across all three days, the observed GHI curves show significant variability and dips, which are 

typical under cloudy-aerosol conditions due to fluctuating solar radiation reaching the surface. 

The Lead 0 predictions closely follow the observed patterns, especially in the timing of the 

irradiance peaks. However, they tend to overestimate the GHI values during peak hours. 

Lead 1 and Lead 2 predictions also capture the general diurnal trend but tend to smooth out the 

short-term fluctuations present in the observed data, likely due to the compounding uncertainty 

over time. 

On June 9, 2020, the RF model performed notably well, with all lead times showing relatively 

good alignment with the observed curve, indicating better predictability under those specific 

atmospheric conditions. 
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Figure 21: Diurnal GHI cycle for three aerosol affected sky days in 2020 using RF model 

The RF model demonstrates reasonable predictive skill under complex atmospheric conditions 

involving both clouds and aerosols. While the accuracy decreases slightly with increasing lead 

time, the model maintains the overall shape and trend of the GHI curve. These results suggest 

that the Random Forest approach, even without sequential modelling, can offer valuable short-

term GHI forecasts useful for solar energy applications, though its limitations in capturing rapid 

fluctuations under variable sky conditions must be acknowledged. 

 b. ML-SVR model 

Figure 22, Figure 23, Figure 24, Figure 25 present the comparison between observed GHI and 

predictions from the ML-SVR model over four distinct sky conditions: clear, cloudy, aerosol-

affected, cloudy-aerosol days. Each plot represents hourly GHI values for a specific day, with 

forecast horizons. 

The Figure 22 (Clear Days) displays model predictions under stable, low-aerosol, cloud-free 

conditions: 

Predictions during clear days show consistent underestimation of peak GHI, especially for Lead 

2, which may be due to the model being conservative in the absence of atmospheric 

disturbances. 

The diurnal shape is well preserved in almost all cases, indicating that the model learned the 

temporal solar cycle effectively. 

On days like 2020-11-14 and 2020-12-21, all leads follow the observed curve well, confirming 

the predictability of GHI in stable atmospheric conditions. 

Some days, like 2020-04-06 and 2020-06-29, show a sharper drop-off in model accuracy, 

possibly due to subtle changes in transparency (thin clouds or haze). 

Overall, the ML-SVR performs best on clear-sky days, with smooth and accurate diurnal shapes, 

especially for Lead 0 and Lead 1. 

The Figure 23 (Cloudy Days) highlights model performance under cloud-dominated conditions: 
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Predictions are less accurate and more variable, reflecting the high temporal and spatial 

variability of clouds. The model tends to smooth out sharp variations in observed GHI (2020-

06-09, 2020-08-08), indicating difficulty in capturing fast-changing cloud cover. 

On several days (2020-09-06), none of the leads match the observed curve well, especially 

around peak hours, showing significant uncertainty even at Lead 0. 

In some instances (2020-05-28, 2020-08-25), Lead 2 surprisingly performs comparably to Lead 

0, possibly due to reliance on smoothed input features. 

The Figure 24 (Aerosol Days) illustrates the ML-SVR model’s performance during high aerosol 

loading conditions. 

 The SVR shows a relatively good ability to capture the overall diurnal pattern, particularly for 

Lead 0, although it tends to overestimate peak GHI (2020-03-04). 

For Lead 1 and Lead 2, the performance degrades slightly, with underestimations in the 

afternoon (2020-04-19) and discrepancies in curve shapes (2020-04-20). 

On 2020-04-21, Lead 0 follows observed values closely, while Lead 2 fails to replicate the peak 

GHI, showing the increasing uncertainty with forecast horizon. 

These patterns reflect the challenging nature of aerosol interference, which can vary rapidly and 

is often difficult to model accurately beyond the current day. 

The evaluation performance of a SVR model in GHI during cloudy-aerosol days (Figure 25), 

specifically on March 24, April 15, and June 9, 2020.  

➢ On March 24, the observed GHI shows multiple fluctuations, likely due to intermittent 

cloud coverage. While Lead 0 predictions partially follow the trend, Lead 1 (Figure 25) 

and Lead 2 (Figure 25) increasingly overestimate GHI, especially during midday. 

➢ On April 15, the SVR model effectively captures the diurnal curve shape. However, all 

lead-time predictions overestimate the observed GHI, indicating the model's limited 

responsiveness to irradiance reduction caused by clouds and aerosols. 

➢ On June 9, the observed GHI again shows rapid variability. The SVR model produces 

smooth predictions that do not reflect short-term drops in irradiance, though the general 

shape and timing of the curve are maintained. 

Globally, the SVR model shows competence in capturing the general GHI trend under cloudy-

aerosol conditions, but tends to overpredict irradiance, particularly at higher lead times. Its 

relatively smooth output suggests that while SVR is effective for modelling overall diurnal solar 

patterns, it may lack the adaptability to respond to rapid, short-duration fluctuations caused by 

dynamic cloud-aerosol interactions. As a result, SVR may be better suited for coarse forecasting 
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or average trend estimation, rather than detailed intra-day solar variability under complex sky 

conditions. This behaviour confirms that clouds pose the greatest challenge for short-term GHI 

forecasting, even with advanced ML models like SVR. 

 

 

Figure 22:Diurnal GHI cycle for ten clear sky days in 2020 using SVR model 

 

Figure 23:Diurnal GHI cycle for ten cloudy sky days in 2020 using SVR model 

 

 

Figure 24:Diurnal GHI cycle for four aerosol sky days in 2020 using SVR model 
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Figure 25: Diurnal GHI cycle for three cloudy-aerosol sky days in 2020 using SVR model 

 c. ML-LSTM model. 

On clear days (Figure 26), the diurnal pattern of GHI follows a smooth bell shape, and the ML-

LSTM model reproduces this behaviour remarkably well. The model predictions closely track 

the observed peaks and slopes, with minimal lag or amplitude error across all forecast leads. 

These results align with Gallo et al. (2022), who highlighted that deep learning models perform 

best under stable and clear atmospheric conditions due to the regularity of solar patterns. The 

errors across Lead 0 to Lead 2 are almost indistinguishable, demonstrating the model's 

robustness in short-term forecasting under ideal conditions. 

Under cloudy conditions in the Figure 27, observed GHI becomes highly variable with frequent 

dips and spikes due to intermittent cloud coverage. The ML-LSTM model, while still capturing 

the general diurnal structure, tends to overpredict GHI throughout the day. The forecasts show 

smoother curves compared to the observed jagged profiles, indicating a limitation in 

representing rapid transients caused by broken clouds. This is consistent with (Naveed et al., 

2025), who noted that temporal granularity and the lack of high-frequency satellite data hinder 

prediction precision under unstable sky conditions. 

Interestingly, the prediction accuracy decreases slightly from Lead 0 to Lead 2, reflecting the 

increasing uncertainty with longer forecast horizons. However, the model still maintains the 

overall energy trend, which is valuable for power system planning where averaged GHI values 

are often sufficient. 

In the Figure 28, during aerosol-rich days, the observed GHI exhibits notable attenuation, 

particularly near midday peaks. The ML-LSTM model tends to overestimate GHI in these 

conditions, especially for Lead 0. This is consistent with findings by Alkhayat et al., (2024), 

where models trained primarily on meteorological data often struggle to fully account for rapid 

and heterogeneous aerosol effects without high-resolution aerosol profiles. The inclusion of 

AOD (aod550) as an input improved the trend capture, but some temporal shifts in peak 

intensity were still noted, especially for Lead 1 and Lead 2. 
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The Figure 29 presents the performance of a LSTM model in predicting Global Horizontal 

Irradiance (GHI) on days dominated by aerosol atmospheric conditions mixed to cloudy sky: 

March 24, April 15, June 09. On each date, the observed GHI (black curve) shows irregular and 

dampened patterns characteristic of cloud and aerosol interference, particularly during midday 

when GHI typically peaks. In contrast, all LSTM predictions (coloured dashed lines) display 

smooth, bell-shaped diurnal profiles, resembling ideal clear-sky patterns. This discrepancy 

suggests that the LSTM model, while capturing the overall daily cycle, tends to overestimate 

solar irradiance under disturbed atmospheric conditions due to its limited ability to model 

abrupt, high-frequency fluctuations caused by transient clouds or aerosols. 

The LSTM model demonstrates excellent forecasting ability for GHI under aerosol-dominated 

conditions. Its capacity to learn and reproduce temporal patterns is evident in the consistent 

match across different lead times. The model's performance, especially for short to medium-

range forecasts, suggests its suitability for solar resource prediction, particularly in relatively 

stable atmospheric scenarios where aerosols dominate over clouds. However, minor 

overestimations at the peak may indicate the model's inability to fully capture transient 

attenuation events, such as sudden changes in aerosol optical depth. 

 

 

 

Figure 26: Diurnal GHI cycle for clear sky days in 2020 using LSTM model 
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Figure 27: Diurnal GHI cycle for cloudy sky days in 2020 using LSTM model 

 

 

Figure 28: Diurnal GHI cycle for aerosol sky days in 2020 using LSTM model 

 

 

Figure 29: Diurnal GHI cycle for cloudy-aerosol sky days in 2020 using LSTM model 

 3.4 Comparative Analysis: WRF-Solar vs. Machine Learning 

Models 

In order to provide more insights in the comparison of WRF-Solar model to the three ML 

models chosen. we present the Figure 30 which illustrates the skill scores of various models 

(WRF-Solar, LSTM, RF, and SVR) compared to the Persistence model across different sky 

conditions (clear, cloudy, aerosol, cloudy mixed to aerosol) and lead times. 
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The Persistence model serves as the reference baseline (Skill Score = 0), with positive values 

indicating improved performance relative to the reference and negative values indicating poorer 

performance. 

The skill score metric indicates how much better or worse each model performs relative to the 

Persistence model. 

• The WRF-Solar model generally outperforms the Persistence benchmark across most 

sky conditions particularly under clear, cloudy, and cloudy-aerosol scenarios as shown 

by its positive skill scores at shorter lead times. However, under aerosol-dominated 

skies, its performance drops below the reference. While WRF-Solar’s skill scores tend 

to decline slightly as lead time increases, the model remains competitive and more robust 

than most ML models under less complex atmospheric conditions. 

• Machine Learning Models (LSTM, RF, SVR) exhibit mixed performance. While LSTM 

tends to outperform the Persistence model under certain cloudy and mixed conditions, 

ML models overall show varying skill scores depending on sky condition and lead time. 

Under clear and aerosol-dominated skies, some ML models (notably RF and SVR) 

perform worse than the Persistence benchmark, as reflected by their negative skill 

scores. 

Under clear skies, WRF-Solar and some ML models (LSTM) show strong performance, likely 

due to the predictability of solar irradiance in stable conditions. RF and SVR may lag behind, 

suggesting limited adaptability to even simple scenarios. 

Under clear conditions, WRF-Solar consistently outperforms all machine learning models, 

especially at lead time Lead 0 (Figure 30), where it achieves a notably high skill score (~0.6). 

In contrast, all ML models, particularly RF and SVR, show significantly negative scores, 

indicating poorer performance than the Persistence model. This highlights WRF-Solar's 

superior capacity to model deterministic and physically-driven patterns typical of clear sky 

radiation. 

ML models especially LSTM and SVR surpass WRF-Solar under cloudy conditions, with 

LSTM achieving the highest skill score at Lead 1 (~0.3). WRF-Solar struggles here, showing 

slightly negative or neutral performance across lead times. This suggests that ML models are 

better at capturing complex, nonlinear cloud dynamics where physical models may lack 

sufficient input resolution or real-time cloud feedback. 

In aerosol-laden skies, all models perform worse than the Persistence baseline, with consistently 

negative skill scores. However, WRF-Solar maintains a slightly better performance than most 
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ML models, particularly at Lead 2. The poor performance of ML models may be due to the high 

uncertainty and temporal variability in aerosol properties, which are difficult to capture from 

limited training data. 

Under the mixed cloudy-aerosol scenario, all models achieve their best relative performance, 

with positive skill scores at Lead 1. Notably, LSTM outperforms WRF-Solar, followed closely 

by WRF-Solar and RF. This indicates that ML models, especially LSTM, benefit from complex 

hybrid patterns where data-driven learning can capture interactions between cloud and aerosol 

effects, surpassing the rule-based approach of WRF-Solar 

In summary, all models exhibit a general decline in skill score as lead time increases, which is 

expected due to the inherent uncertainty in longer-term forecasts. However, WRF-Solar's 

decline is more gradual compared to the sharper drops observed in some ML models (SVR), 

indicating better handling of temporal dependencies. 

 

 

 

Figure 30: Model comparison under various sky conditions and lead times. 
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 3.5 Discussion  

This study aimed to compare the performance of the WRF-Solar model and machine learning 

(ML) approaches such as Random Forest (RF), Support Vector Regression (SVR), and Long 

Short-Term Memory (LSTM) for three-day-ahead solar irradiance forecasting under various 

atmospheric conditions in Burkina Faso. The findings provide clear insights into the strengths 

and limitations of each forecasting method across different weather scenarios and lead times. 

Under clear-sky conditions, the WRF-Solar model performed exceptionally well (Sawadogo et 

al., 2024), with high skill scores and strong consistency across all lead times. It significantly 

outperformed the Persistence model and was the most accurate among all tested approaches. 

Machine Learning models, particularly RF and SVR, showed negative skill scores under these 

conditions, indicating poor performance relative to the baseline. LSTM showed a slightly 

positive skill score only at longer lead times but still did not surpass WRF-Solar. 

In contrast, cloudy conditions exposed the limitations of WRF-Solar (Mwigereri et al., 2025), 

with lower skill scores likely due to its difficulty in capturing the rapid dynamics of cloud cover. 

ML models, especially LSTM and SVR, performed better under these variable conditions, with 

LSTM achieving the highest skill score at lead time 1. This indicates the superior adaptability 

of data-driven models under conditions of increased atmospheric uncertainty. 

Under aerosol-laden skies, all models performed poorly compared to the Persistence 

benchmark. WRF-Solar exhibited slightly better but still negative skill scores, while ML models 

including LSTM, RF, and SVR failed to provide reliable forecasts. This suggests that aerosol 

variability remains challenging for both physical and data-driven models, likely due to limited 

or noisy observational inputs. 

For cloudy-aerosol mixed conditions, forecasting accuracy declined across the board, yet ML 

models again outperformed WRF-Solar. LSTM showed relatively higher skill scores, 

highlighting its ability to learn complex nonlinear interactions between clouds and 

aerosols(Jiang et al., 2024), which are often not well-represented in numerical weather 

prediction models like WRF-Solar. 

A notable trend across all conditions was the decrease in model performance with increasing 

lead time, particularly for WRF-Solar. This reflects the known issue of error propagation in 

physical models over time. In comparison, ML models maintained more stable performance, 

with LSTM consistently showing better adaptation at longer lead times. 

Overall, ML approaches especially LSTM demonstrated greater flexibility and stronger 

adaptation to local atmospheric variability in Burkina Faso, particularly under complex or 
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uncertain conditions. However, WRF-Solar remains a robust physical modelling tool, 

particularly under deterministic conditions like clear skies, and remains valuable for operational 

forecasting in data-sparse regions or regulatory applications. 
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 Conclusion and Perspectives  

 Conclusion 

This research compared the performance of the WRF-Solar model and three ML techniques 

such as RF, SVR, and LSTM for short-term solar irradiance forecasting in Burkina Faso over 

the year 2020. The results show that while WRF-Solar performs well under clear skies, its 

accuracy significantly drops under cloudier and aerosol-heavy conditions. Thus, the hypothesis 

1 is not verified and confirm all results that indicate ML models, particularly LSTM, 

consistently outperformed WRF-Solar across cloudy and cloudy sky affected by high aerosol, 

highlighting their potential for operational use in solar energy planning. 

On the other hand, under aerosol conditions, both WRF-Solar and ML models perform worse 

than the persistence model, emphasizing the potential benefit of using a hybrid approach. 

Based on hypotheses, the outcomes indicate partial confirmation: 

The initial hypothesis is rejected: unexpectedly, WRF-Solar outperformed ML models under 

clear-sky conditions, confirming its proficiency for stable, predictable scenarios. 

The second hypothesis is verified: ML models, and especially LSTM, performed better than 

WRF-Solar under clouded conditions, where physical models struggle with rapid variability. 

Hypothesis three is partially validated: in high aerosol loading conditions, none of the WRF-

Solar or ML models outperformed the persistence model, which indicates the difficulty of 

prediction under the presence of aerosols and to the need for better aerosol representation in 

both approaches. 

The fourth hypothesis is mostly validated: in mixed cloudy and aerosol conditions, ML models, 

particularly LSTM, delivered prediction accuracy comparable to or superior to WRF-Solar, 

vouching for their adaptability in addressing complex atmospheric interactions. 

Key conclusions include: 

ML models are better suited to handle atmospheric variability, especially under complex 

conditions such as clouds and aerosols. 

WRF-Solar remains a reliable model under stable conditions (clear sky) and serves as a valuable 

reference. 

The integration of high-quality input data (like CAMS and ERA5) improves forecasting for both 

physical and ML approaches. 

LSTM emerged as the most accurate model overall, suggesting that deep learning can 

significantly enhance mid-range solar forecasts. 
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Given the growing importance of solar energy in Burkina Faso’s energy transition, this work 

contributes valuable insights toward improving forecast accuracy.  

 Perspectives 

The results of the forecasting models have shown that in the short run, WRF-Solar performs 

better under clear sky conditions, while machine learning models, particularly LSTM, offer 

better performance under cloudy and mixed atmospheric conditions. In the long run, LSTM 

maintains more consistent predictive ability across increasing lead times. The current study 

therefore calls for other research studies in the same field to investigate other combinations of 

modelling approaches and input data to improve solar irradiance forecasting in Burkina Faso. 

Some future studies can focus on hybrid modelling, combining physical models like WRF-Solar 

with machine learning algorithms to benefit from both physical consistency and data 

adaptability. Other research can also be oriented toward comparing different sources of satellite 

and aerosol data, or evaluating the impact of input data resolution on forecast accuracy. The 

variability in model performance under different atmospheric conditions suggests that many 

influencing factors are still not fully captured. 

Moreover, further research can investigate how solar forecasting models can be integrated into 

national energy planning systems, especially in the context of renewable energy expansion and 

electrification efforts. It would also be useful to examine the economic and operational impacts 

of improved solar forecasts on grid stability and energy resource management. 

Additionally, more attention should be given to the willingness and capacity of local 

stakeholders such as energy providers and meteorological agencies to adopt and operationalize 

such models. This could later lead to the development of policy briefs aimed at guiding the 

government in implementing forecasting systems tailored to Burkina Faso’s specific energy and 

climate context. 

Finally, future research may explore the education and training needs of technical personnel in 

charge of weather and energy systems, to ensure long-term sustainability and local ownership 

of solar forecasting tools. 
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Figure 31: Loss function plot of LSTM. 

 

Figure 32: RMSE Comparison of different models. 
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