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Abstract. In the context of the global shift toward an energy transition in which solar power plays an increasingly signifi-

cant role, solar resource forecasting has drawn considerable attention from researchers and stakeholders. Accurate predictions

enable better planning, controlled integration of solar energy and improved project profitability. In this regard, understanding

how individual predictors influence solar radiation is crucial for selecting relevant inputs, reducing computational costs and

enhancing model performance. However, this relationship is still frequently modelled as linear, an assumption that neglects5

the complex, nonlinear and hierarchical interactions that characterize atmospheric processes. In this study, a Bayesian mixed-

effects model was developed to assess how meteorological variables and air pollution affect solar energy generation, using

ground-based observations and satellite-derived atmospheric data. The Bayesian framework incorporates prior knowledge,

quantifies uncertainty and captures spatiotemporal variability. The results show that the proposed framework captures the non-

linear effects of predictors on solar radiation and outperforms generalized linear and additive models. Significant station-level10

random effects highlight the importance of local environmental characteristics in multi-site modeling, suggesting architectures

like graph neural networks may be advantageous. Temperature, humidity and cloud cover are the primary drivers of global

horizontal irradiance, with PM2.5 showing a notable impact under cloud-free conditions. Addressing this gap in nonlinearity

is significant because capturing multi-scale dependencies is essential not only for advancing predictive modelling frameworks,

but also for improving the physical interpretability of solar radiation dynamics and enabling more robust integration of solar15

resources into energy systems. The findings extend to similar tropical climates and the model can be adapted to diverse regions

and data sources to support solar energy optimization.

1 Introduction

In the global context of the energy transition, solar energy stands out as one of the most promising solutions to address climate

challenges and growing electricity demand. The number of photovoltaic installations continues to increase, particularly in West20

African countries which, despite their strong solar potential, still lag significantly in adopting this resource.
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Among the key activities that determine the successful installation and operation of a photovoltaic farm, optimal site selection

and accurate solar resource prediction play a central role. Forecasting solar radiation is an important step for optimal planning

and efficient management of solar energy systems. Reliable estimation of solar radiation not only enhances energy production

but also reduces costs and facilitates the integration of this renewable energy into power grids.25

Various methods have been developed to predict solar radiation, ranging from physics-based methods to data-driven tech-

niques (Paletta et al., 2023; Kumar et al., 2020; Stüber et al., 2021). Among the latter, machine learning methods and artificial

neural networks have gained significant popularity due to their ability to process large datasets and capture complex relation-

ships between variables. Artificial neural networks (ANN), support vector machines (SVMs) and random forest (RF) models

have been widely employed due to their high flexibility in learning from diverse input features (Gupta et al., 2021; Voyant et al.,30

2017). ANN models, in particular, have demonstrated substantial effectiveness in modeling solar radiation. Moreover, SVMs

and their Wavelet-coupled variants have been shown to handle small datasets with high precision, especially when forecasting

daily solar radiation (Deo et al., 2016). Hybrid models that combine machine learning techniques with physical models have

also been developed to integrate meteorological data with solar radiation prediction, yielding better performance than stan-

dalone machine learning models (Hedar et al., 2021). Several studies have found that incorporating environmental factors such35

as air pollutants and aerosol optical depth into machine learning models significantly enhances predictive performance. By

considering pollutant data, such as fine particulate matter (PM2.5) or nitrogen dioxide (NO2) concentrations, machine learning

models can more accurately capture the impacts of atmospheric pollution on solar radiation levels (Ding et al., 2024). These

factors, especially in urban or industrial regions, have a marked impact on solar radiation reduction due to their effect on solar

beam attenuation.40

The effectiveness of these models hinges on the careful selection of input features. Identifying the most relevant meteo-

rological and pollutant variables could substantially enhance the accuracy and reliability of predictions (Zhang et al., 2022;

Zamora et al., 2005; Jeon et al., 2022; El Alani et al., 2021). The selection of appropriate explanatory variables requires a

clear understanding of their impacts on solar radiation. Key factors such as temperature, cloud cover, humidity and PM2.5 are

frequently studied in this context. Recent studies have explored the relationships between predictors and solar radiation. For45

example, (Birdal, 2024) stated that combining air pollution data with weather conditions data had enabled the prediction of

solar irradiance with higher accuracy. (Huang et al., 2021) reviewed various machine learning algorithms employed in pre-

dicting solar radiation, emphasizing the significance of selecting appropriate predictors such as sunshine duration, land surface

temperature and visibility. Furthermore, the selection of input parameters must be location-specific, as an input parameter that

enhances model performance in one region may be unsuitable for another (Gürel et al., 2023). Regarding air pollutants as input50

variables, other components could be considered, such as black carbon, which, to the best of our knowledge, has not been

used as a predictor in any study. However, this pollutant could significantly influence solar radiation due to its light-absorbing

properties.

Concerning the estimation of the impact of predictors on solar radiation, few studies have been conducted. One such study

applied correlation analysis and a structural equation model, identifying solar zenith angle, cloud cover, aerosols and airmass55

as significant factors affecting solar radiation (Zhu et al., 2020). In another study, Alam et al. (2019) modeled the clearness
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index using meteorological predictors (sunshine hours, temperature difference, cloudiness) via multiple regression (regression

with several predictors). These studies are often constrained by their focus on linear relationships or their inability to explicitly

account for hierarchical effects arising from spatiotemporal variability, such as site-specific differences. This underscores the

need for a more advanced approach that integrates mixed-effects modeling with nonlinear relationships to effectively capture60

the complexity of interactions between predictors and solar radiation. Moreover, the proposed models sometimes produce

deterministic predictions, presented as single-point values emerging from a black box, which the user is expected to trust

without any indication of their reliability. This approach can give a false sense of precision and confidence, even in situations

where the data are noisy, scarce, or fall outside the model’s training domain. The lack of uncertainty quantification also limits

the ability to assess the risk associated with a prediction, which is crucial not only in fields such as medicine and finance, but65

also in meteorology and solar energy management (Natras et al., 2023; Sacco et al., 2022; Arora and Ceferino, 2023).

The urgency of understanding the effects of meteorological and pollution parameters on solar irradiance, particularly for

photovoltaic (PV) efficiency, is further justified by the lack of reliable data in certain regions, such as West Africa. This data

scarcity necessitates reliance on satellite-based and reanalysis products for solar energy prediction, assessment and manage-

ment. However, the challenge of accurately parameterizing these weather and aerosol variables in such products, due to limited70

data availability and an incomplete understanding of their regional dynamics, reduces their performance in estimations. In this

regard, studies have found that satellite-based products perform worse in tropical regions than in high-latitude areas, attributing

this discrepancy to the high solar irradiance and frequent cloud formation in the tropics (Peng et al., 2019; Bilal et al., 2019).

Similarly, Danso et al. (2019) highlighted the frequent formation of low-level clouds in southern West Africa, which satellites

struggle to capture accurately. Finally, the authors of the present study found that satellite products (CAMS and SARAH-3)75

and reanalysis datasets (ERA5 and MERRA-2) showed poor agreement with ground-based measurements, not only under

cloudy-sky conditions but also during the Harmattan season in Côte d’Ivoire, when dust and other air pollutants reach their

peak concentrations (Kakou et al., 2025).

To address the gaps mentioned above, the present study proposes the use of a Bayesian nonlinear mixed-effects model

to assess the impacts of temperature, humidity, wind speed, cloud cover and PM2.5 concentrations on solar radiation across80

the various climatic zones of Côte d’Ivoire. This approach fills the existing gaps in the field by enabling the estimation of

predictor effects while accounting for variations in measurements across stations and time periods, as well as by quantifying

the associated uncertainties. The study is based on the hypothesis that a nonlinear relationship exists between global horizontal

irradiance (GHI) and the selected predictors, with inter-station variability influencing the magnitude of these effects.

2 Materials and Methods85

2.1 Presentation of the Area of Study

This study investigates twelve meteorological measurement stations distributed across several climatic zones of Côte d’Ivoire

(see Figure 1). The geographical coordinates of these stations are listed in Table 1. Côte d’Ivoire is located in West Africa,

between latitudes 4◦ and 11◦ North and longitudes 2◦ and 8◦ West. It has a tropical climate (classified as Af, Am and As/Aw
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in the Köppen-Geiger system (Beck et al., 2018)) characterized by two main seasons: a wet season from April to October and90

a dry season from November to March. The average annual temperature ranges from 24◦C to 32◦C, with coastal areas being

cooler than the northern regions. The average annual rainfall varies significantly across the country, from about 1,200 mm in

the north to over 2,000 mm in the southern coastal areas (Akobé et al., 2025).

In terms of energy, even though the country has high solar energy potential, with an average daily global horizontal irradiance

(GHI) of around 5.0kWh/m2, Côte d’Ivoire has long relied primarily on natural gas and hydropower. As of the end of 2023,95

the installed capacity of the electricity generation fleet is 2,907 MW (69% thermal, 30% hydroelectric and 1% solar) (Bank,

2025). However, the country has recently begun investing in renewable energy, particularly solar power, for which it has set

ambitious goals, in order to diversify its energy mix and meet growing demand (Sustainable Energy for All, 2012; Assoumou

and McIsaac, 2022). Currently, government measures aim to increase the share of renewable energy in the national energy mix,

aiming to reach 42% by 2030 (International Finance Corporation, 2018; Oxford Business Group, 2019).100

Station

Transitional Equatorial Zone

A�enuated TE Zone

Mountainous Zone

Transitional Tropical Zone

Figure 1. Map of the study area.
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Like most countries in the West African subregion, Côte d’Ivoire faces relatively high levels of air pollution (Kouadio et al.,

2019; Gnamien et al., 2023), particularly in urban and industrial areas, where the main sources include vehicle emissions,

industrial activities, biomass burning and natural dust. The latter two are also the primary sources of air pollution in rural areas.

Although several studies have addressed this issue and major initiatives such as the DACCIWA project (Gnamien et al., 2021)

and the RAF7016 project of the International Atomic Energy Agency (Popouen et al., 2021) have been conducted to better105

understand pollution dynamics and aerosol levels in the region, much work remains to be done to achieve a comprehensive and

reliable mapping of air pollution across the country.

2.2 Data Description

The objective in this study is to assess the individual and collective effects of various meteorological variables and air pollutants

on global horizontal irradiance (GHI) in Côte d’Ivoire. To achieve this, GHI data, along with meteorological data including110

temperature, humidity and wind speed, were collected from twelve monitoring stations distributed across urban and rural areas

of Côte d’Ivoire (see Table 1). These stations are managed by SODEXAM, the meteorological agency of Côte d’Ivoire. The

data collection process is described in detail in (Sawadogo et al., 2023; Kakou et al., 2025).

Table 1. Spatial Distribution of Stations across Côte d’Ivoire.

Station Latitude Longitude Station Latitude Longitude

Adzope 6.10 -3.85 Samatiguila 9.82 -7.57

Boundiali 9.52 -6.47 Tanda 7.78 -3.17

Danane 7.25 -8.15 Tengrela 10.48 -6.40

Fresco 5.08 -5.58 Toulepleu 6.57 -8.40

Kani 8.45 -6.60 Toumodi 6.58 -5.05

Katiola 8.13 -5.10 Vavoua 7.37 -6.47

The dataset covers the period from 23 July 2018 to 31 December 2020. In addition, cloud cover data and air pollution data

including Dust surface mass concentration at the particle size of 2.5 micrometers or smaller ([DU]), Organic carbon surface115

mass concentration ([OC]), Black carbon surface mass concentration ([BC]), Sea salt surface mass concentration at the particle

size of 2.5 micrometers or smaller ([SS]) and Sulfate surface mass concentration ([SO4]) were retrieved from satellite products.

All these concentrations were converted from kilogram per cubic meter (kg/m3) into microgram per cubic meter (µg/m3) for

easy handling. Then, the concentration of PM2.5 were obtained through Equation 1 (Collow et al., 2022).

[PM2.5] = [DU ] + frh,oc · [OC] + frh,bc · [BC]120

+frh,ss · [SS] + 1.3756 · frh,so4 · [SO4], (1)
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where frh,species is the hygroscopic growth factor of the species, which quantifies how much the aerosol particle radius grows

when exposed to a certain relative humidity (RH) due to water uptake.

frh,species = 1 + (((
RWetRH

RDryRH
)3− 1) · ρWater

ρDryspecies
), (2)

RWetRH and RDryRH are the radii at wet and dry relative humidity, respectively. ρWater is the water density. ρDryspecies125

is the dry density for the species. The multiplier 1.3756 accounts for the conversion of sulfate ion mass (SO2−
4 ) to the mass

of ammonium sulfate (NH4)2SO4, which is the form of sulfate considered in PM2.5 mass calculations. The mass of organic

matter included in this formula is represented by [OC], which is multiplied by the OM/OC ratio (fOM:OC). This ratio depends

on location, season and time (Font et al., 2024; Rajput, 2018) and typically takes values of 1.6±0.2, 2.1±0.2 and up to 2.6 for

urban aerosols, non-urban aerosols and biomass burning aerosols, respectively (Turpin and and, 2001; Navinya et al., 2020).130

The distribution of particulate pollution in Côte d’Ivoire is location-specific, but is largely dominated by biomass burning,

contributing approximately 40% to the organic carbon concentration in Abidjan (southern region) and 70.7% in Korhogo

(northern region) (Gnamien et al., 2023). Accordingly, a value of fOM:OC = 2.3 was used in this study. For the calculation

of hygroscopic growth factors, the aerosol species densities used in this thesis are those provided by Collow et al. (2023).

These are 1800kg/m3 for carbonaceous aerosols, 2200kg/m3 for sea salt and 1700kg/m3 for sulfate. The effective radii were135

obtained from the GMAO website (NASA Global Modeling and Assimilation Office, 2024), which is part of NASA’s Integrated

Empirical Science Architecture (IESA) data-sharing portal and provides access to datasets related to aerosol optical properties.

The files optics_BC.v2_3.nc, optics_OC.v2_3.nc, optics_SS.v5_3.nc and optics_SU.v4.nc contain

effective radius (rEff) values for different relative humidity (RH) levels, ranging from 0.0 to 0.9 in steps of 0.1 or from 0.00 to

0.99 in steps of 0.01. When a specific RH value was not available, the closest available value within the range was used. The140

effective radius at dry relative humidity corresponds to the value at RH = 0.

Fractional cloud cover (CFC) data were sourced from COMET2 product provided by EUMETSAT’s Satellite Application

Facility on Climate Monitoring (CM SAF). The dataset comprises hourly data from 1 January 2015 to 31 December 2020,

derived from MVIRI-SEVIRI instruments aboard METEOSAT (Version 002), with a latitude-longitude grid resolution of

0.05◦× 0.05◦ and covering the METEOSAT full disk (Europe, Africa and the Atlantic Ocean) (Stöckli et al., 2024; Karlsson145

et al., 2023). Pollution data were obtained from the M2T1NXAER dataset, a two-dimensional, hourly time-averaged data

collection within the Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-2). MERRA-2 is

NASA’s latest global atmospheric reanalysis for the satellite era, produced by the Global Modeling and Assimilation Office

(GMAO) using the Goddard Earth Observing System Model, Version 5.12.4 (GEOS 5.12.4). The dataset spans from 1980 to

the present and is updated approximately three weeks after the end of each month. Each data field is time-stamped with the150

central time of the corresponding hour, beginning at 00:30 UTC (Global Modeling and Assimilation Office (GMAO), 2015).

These satellite-based data were processed to achieve spatio-temporal alignment with ground measurements. To prevent the

natural attenuation of solar radiation caused by the diurnal cycle from biasing results, the model was built based on data

collected between 10:00 AM (UTC) and 3:00 PM (UTC), which is the period when GHI typically reaches its highest values in

Côte d’Ivoire. Furthermore, since temperatures in Côte d’Ivoire are generally considered reasonable within the range of 10◦C to155
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45◦C (Akobé et al., 2025; Yapo et al., 2019), all values outside this range were excluded from the dataset to ensure consistency.

After applying these initial filters, we addressed potential anomalies by removing near outliers using the interquartile range

(IQR) method. Specifically, the lower and upper bounds for outliers were defined as shown in Equations 3.

LBound = Q1− 1.5× IQR, UBound = Q3 + 1.5× IQR, (3)

where Q1 is the 25th percentile, Q3 is the 75th percentile and IQR = Q3−Q1 represents the interquartile range. Data points160

falling outside these boundaries were identified as outliers and removed from the dataset.

2.3 Model Specification

In this study, a Bayesian nonlinear mixed-effects (BNLME) model was used to estimate the influence of meteorological and

air pollution variables on GLobal Horizontal Irradiance. The choice of this particular model was motivated by the limitations

observed in other candidates. First, a linear regression model might have sufficed; however, such models are inadequate for165

capturing the nonlinear relationships between predictors (temperature, cloud cover, air pollutants) and reponse (GHI), although

they may be useful for simple exploratory analyses or approximately linear relationships. Nonlinear regression models can

address nonlinearity but fail to account for random effects and group-level dependencies. Another option could be machine

learning techniques, including random forests, gradient boosting and neural networks. However, these methods, dedicated to

pure predictive tasks, often lack interpretability, struggle with uncertainty quantification and cannot incorporate prior knowl-170

edge. These limitations of alternative models are summarized in Table 2.

Table 2. Limitations of alternative models for estimating nonlinear mixed effects.

Model Limitation

LR Fails to capture nonlinear relationships.

NLR Lacks the capability to handle random effects.

ML Lacks interpretability for purely predictive tasks.

Dynamic Lacks flexibility for nonlinear effect variability.

ST Does not focus on interactions between covariates.

FNLME Cannot directly include prior information.

Nonlinear mixed effects model, generally defined by Equation 4, provide an effective framework for analyzing scenarios in

which the temporal evolution of individual responses is hypothesized to conform to specific nonlinear functions grounded in

scientific theory. This approach is employed in applications where individual responses display systematic nonlinear behavior

governed by a finite set of underlying parameters (Lindstrom and Bates, 1990; Davidian and Giltinan, 2003).175

yij = f(ϕi,xij) + εij , εij ∼N (0,σ2)

ϕi = Aiβ +Bibi, bi ∼N (0, τ2) (4)
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where yij is the response variable for observation j in group i, f(·,x) is a nonlinear function of predictor verctor (xij). εij

represents an intra-group noise term. Ai and Bi are design matrices associated to fixed effects and random effects, respectively.

β are the fixed effect coefficients, bi denotes the random effect coefficients for group i.180

The response variable is modeled as a nonlinear function of fixed effects, which represent population-level parameters and

random effects, which capture individual-specific deviations. The most often used approaches estimate these parameters by

maximizing the likelihood function, often employing numerical optimization techniques due to the complexity introduced by

nonlinearity and random effects. However, these approaches rely on point estimates and lack robustness in handling parameter

uncertainty.185

Unlike these alternatives, Bayesian approaches offer a better uncertainty quantification through posteriors distributions,

using prior knowledge. In the context of estimating the influence of meteorological and pollution predictors (temperature (T),

humidity (H), wind speed (W), cloud cover (C) and PM2.5 concentrations (P)) on GHI, Equation 4 translates, for a given

observation yit in station i at time t, into the form stated in Equation 5.

yit ∼N (µit,σ
2
it)190

µit = f(Tit,Hit,Wit,Cit,Pit, t,Θ,αi), (5)

Θ is the vector of global parameters, αi represents the random effect for station i and f(·) is a combination of nonlinear

functions (sigmoids, quadratics and seasonal harmonics), each representing the effect of a predictor on GHI.

Some structural issues with GHI make direct regression less reliable. For example, GHI(t) depends heavily on the solar zenith

angle, which introduces non-stationarity and makes it difficult to compare values across different times or locations—even195

under perfectly clear skies (Stein et al., 2012). As a result, many studies choose to model the clear-sky index kit instead.

This index (defined in Equation 6) represents the fraction of potential clear-sky irradiance that actually reaches the ground

(Amaro e Silva et al., 2024; Lauret et al., 2022). Its values generally fall between 0 and 1, which makes it more suitable for

Beta regression.

kit =
yit

Ics
it

∈ (0,1) (6)200

where Ics
it is the theoretical clear-sky GHI at station i and time t, calculated using models such as Ineichen and Perez (Perez

et al., 2002) or McClear clear-sky model (Lefèvre et al., 2013). Although the values of k are theoretically bounded between 0

and 1, values greater than 1 can be observed in practice. To enable the use of a Beta distribution, the k values were constrained

between 0.01 and 0.99. Built upon these considerations, Equation 5 is reformulated as shown in Equation 7.

kit | µit,ϕ∼ Beta[µitϕ,(1−µit)ϕ]205

logit(µit) = f(Tit,Hit,Wit,Cit,Pit, t,Θ,αi), (7)

where ϕ is the precision parameter of the Beta distribution. The logit link function is used to map the mean response µit from

the (0, 1) interval to the entire real line, facilitating the regression analysis.
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To determine the shape of each component of f(·), Physics knowledge, existing literature and descriptive statistics were

used. For each covariate, scatter plots were drawn between the clear-sky index k and the covariate in order to identify potential210

nonlinear relationships. In addition to the scatter plots, several regression curves were fitted to the data to determine the

most appropriate functional form. These included linear, quadratic, exponential, logarithmic, sigmoid and locally weighted

scatterplot smoothing (LOWESS) regression curves (Cleveland, 1979; Cleveland and Devlin, 1988). Although the latter has

the advantage of not requiring the specification of a function to fit a model across the entire dataset, it does not yield a regression

function that can be easily expressed using a mathematical formula (NIST/SEMATECH, 2022). Therefore, it was used solely215

as a reference for evaluating the other regression curves. For each of them, the Pearson correlation coefficient R was calculated

to quantify the quality of fit. The curve with the highest R value was retained to represent the effect of the covariate on k and

by extension on GHI. The graphs in Figure 2 illustrate this methodology. Additionally, seasonal patterns were incorporated

using harmonic functions to account for periodic variations in solar radiation throughout the year. Based on these analyses, the

final model structure was defined as shown in Equation 8 (Ospina and Ferrari, 2010; Congdon, 2014).220

kit | µit,ϕ∼ Beta(µitϕ,(1−µit)ϕ)

logit(µit) = α0 + bi + βT ℓT (Tit;γT , δT ) +βH ℓH(Hit;γH , δH)

+ βW ℓW (Wit;γW , δW ) +βC ℓC(Cit;γC , δC)

+ θP1Pit + θP2P
2
it + syear(dt) (8)

The nonlinear functions ℓX for X ∈ {T,H,W,C} are:225

ℓX(x;γX , δX) = (1 + exp{−γX(x− δX)})−1

The seasonal Fourier harmonics (Hridoy, 2025; Bazrafshan et al., 2025):

syear(dt) =
H∑

m=1

[
am sin

(
2πmdt

365.24

)
+ bm cos

(
2πmdt

365.24

)]
, H = 1,2,3

Random effect:

bi ∼N (0,σ2
b )230
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Figure 2. Scatter plots and regression curves between the clear-sky index and the covariates. Only the LOWESS curves are shown for clarity.

For the other regression curves, Pearson correlation coefficients (R) are displayed. For temperature (a) and relative humidity (b), the data

considered are from 7 AM to 5 PM. For cloud cover (d), only the data between 12 PM and 2 PM revealed a significant relationship. For

wind speed (c), clear-sky data based solely on cloud cover (CF ≤ 30%) were considered. Finally, for PM2.5 concentrations (e), data from the

Cloudy-Clear scenario (KtC-FCl) were used (see Section 2.4). The following abbreviations represent the Pearson correlation coefficients: LIN

(linear), QUAD (quadratic), EXP (exponential), LOGA (logarithmic), LOGI (sigmoid) and LOWS (locally weighted scatterplot smoothing).

The BNLME model was implemented with version 5.25.1 of Python’s PyMC package (Abril-Pla et al., 2023). First, five

variants were constructed, as specified in Table 3. The first model (BRI) is a baseline model for comparison, which includes

only random intercepts and no covariates. The second model (BFE) adds a basic Beta regression and includes raw covari-

ates. Building on the previous models, the third model (FES) incorporates seasonality to assess its contribution. The fourth

model (SNL) introduces non-linear covariate effects using sigmoid functions. Finally, the fifth model (NLH3) explores richer235

seasonality by incorporating additional harmonics (H = 3).
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Table 3. BNLME model scenarios of and the different levels added at each stage.

Model Rnd Eff. Lin. Cov. NL Cov. Season.

BRI Yes No No No

BFE Yes Yes No No

FES Yes Yes No Yes

SNL Yes Yes Yes Yes

NLH3 Yes Yes Yes Yes

To validate the model, the best variant was selected by comparing leave-one-out cross-validation (LOO-CV) scores using

the expected log pointwise predictive density (ELPD) (Vehtari et al., 2017; Spiegelhalter et al., 2002; The ArviZ Developers,

2025). The selected scenario was subsequently compared with other modeling approaches, including the Generalized Linear

Model (GLM) and the Generalized Additive Model (GAM). For this comparative evaluation, performance metrics including240

the coefficient of determination (R2), the mean absolute difference (MAD), the root mean squared difference (RMSD) and the

combined performance index (CPI) were used. They are defined in Equations 9, 10, 11 and 12, respectively.

R2 = 1−
∑n

i=1(yi− ŷi)2∑n
i=1(yi− ȳ)2

(9)

MAD =
1
n

n∑

i=1

|yi− ŷi| (10)

RMSD =

√√√√ 1
n

n∑

i=1

(yi− ŷi)2 (11)245

CPI[%] =
1
4
× (KSI + OVER +2× rRMSD) (12)

where yi is the observed value, ŷi is the predicted value, ȳ is the mean of observed values and n is the number of observations.

KSI (Kolmogorov-Smirnov Index), OVER metric and rRMSD (relative root mean squared difference) are defined in Kakou

et al. (2025); Espinar et al. (2009); Gueymard (2014).

The overall methodological workflow is summarized in Figure 3.250
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Figure 3. Workflow of the methodology.

2.4 Sky conditions

Cloud cover and the clearness index (Kt) defined as the ratio of the measured ground-level GHI to the extraterrestrial GHI,

are two parameters commonly used in the literature to characterize sky conditions. Various definitions rely on the cloud cover

fraction, establishing thresholds to categorize Clear, Partly Cloudy/Partly Sunny, Mostly Cloudy and Cloudy skies Correa

et al. (2022); National Weather Service (n.d.). For instance, a study on the clear-sky bias of satellite land surface temperature255

estimates considered a grid point as clear if the cloud fraction was below 30% and cloudy if above 70% Ermida et al. (2019).

Similarly, for definitions based on the clearness index, thresholds also vary from one study to another. In Tham et al. (2009),

for example, the authors indicated that a clearness index exceeding 0.75 is indicative of clear-sky conditions. In this study, we

adopted a cloud cover fraction below 30% and a clearness index above 0.6 Kakou et al. (2025) as both indicating clear-sky

conditions. We defined four sky conditions: Cloudy-Cloudy (KtC-FC), where both parameters predict a cloudy sky, Cloudy-260

Clear (KtC-FCl), where Kt predicts a cloudy sky, but the cloud cover fraction predicts a clear sky, Clear-Cloudy (KtCl-FC),

where Kt predicts a clear sky, but the CFC predicts a cloudy sky and Clear-Clear (KtCl-FCl), where both parameters predict a

clear sky.
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3 Results and Discussion

3.1 Descriptive Statistics and Exploratory Analysis265

Descriptive statistics of the variables considered in this study are summarized in Table 4. For clarity, only the mean and standard

deviation (std) values are included in the table. Mean temperature ranges from 25.81± 3.54◦C in Danané to 28.62± 5.31◦C

in Tengrela. The minimum and maximum temperatures (10.00 °C and 41.04◦C) were recorded in Samatiguila and Tengrela,

respectively. Highest variability this variale is observed at Boundiali, Tengrela and Samatiguila.

Mean wind speed varies from 0.26±0.23m/s to 0.90±0.61m/s. Minimum values are consistently 0 m/s across all stations,270

while maximum values range from 0.97 m/s (Toumodi) to 2.83 m/s (Danané). Relatively low values were observed throughout

the year, particularly in Vavoua and Tanda. Similar values were found in Abidjan, Korhogo, Bouaké, Yamoussoukro and Man

by Kone et al. (2024); Kouadio et al. (2024).

Relative humidity is generally high in Côte d’Ivoire, with mean values ranging from 55.40± 26.74% to 80.63± 9.15%.

Northern locations such as Tengrela, Boundiali, Samatiguila, Kani and Katiola are the driest, with minimum relative humidity275

values of 0.34%, 4.44%, 5.35%, 0.36% and 6.74%, respectively. Maximum relative humidity values reach 100% at most

stations, indicating saturation and the presence of high specific humidity levels.

Cloud cover fractions exhibit high variability, with minimum and maximum values of 0% and 100% observed across all

stations. Mean cloudiness is lower in northern stations such as Tengrela (44.62± 36.30%) and Boundiali (47.72± 35.75%),

indicating generally clearer skies in these regions.280

Fine particulate matter (PM2.5) concentrations are higher than the World Health Organization (WHO) guidelines for annual

mean values—10µg/m3 (2005) and 5µg/m3 (2021) (World Health Organization, 2021). Mean PM2.5 values range from 16.64±
10.90µg/m3 to 38.32±31.28µg/m3, indicating substantial variability. Comparable, though slightly lower, values were found by

Bahino et al. (2024), likely due to the overestimation tendency of satellite or reanalysis data compared to in-situ observations.
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Table 4. Diurnal Mean and Standard deviation of Temperature (T [◦C]), Wind Speed (W [m/s]), Humidity (H [%]), GHI (y [kW/m2]), Cloud

Cover Fraction (C [%]) and PM2.5 Concentration P[µg/m3] across stations.

Station T W H y C P

mean std mean std mean std mean std mean std mean std

Adzope 28.00 3.68 0.47 0.36 74.03 15.23 0.26 0.21 62.37 27.35 22.14 16.71

Boundiali 27.90 4.88 0.89 0.54 59.17 24.58 0.38 0.27 47.72 35.75 36.70 21.97

Danane 25.81 3.54 0.86 0.66 77.23 14.95 0.30 0.24 63.12 30.22 21.39 18.59

Fresco 26.75 2.75 0.90 0.61 80.63 9.15 0.35 0.25 54.46 32.33 16.64 10.90

Kani 27.42 4.48 0.71 0.47 67.13 22.86 0.39 0.28 52.45 35.32 31.31 22.93

Katiola 26.96 4.01 0.53 0.33 69.32 20.31 0.31 0.23 57.12 32.87 30.53 22.62

Samatiguila 27.33 5.55 0.35 0.35 66.19 25.31 0.39 0.28 48.62 36.84 31.32 19.69

Tanda 26.95 3.98 0.47 0.41 74.16 17.53 0.30 0.23 58.69 31.93 30.78 21.43

Tengrela 28.62 5.31 0.71 0.60 55.40 26.74 0.39 0.28 44.62 36.30 37.96 22.03

Toulepleu 26.96 3.93 0.43 0.34 76.66 17.31 0.31 0.24 56.14 30.67 38.32 31.28

Toumodi 28.22 3.94 0.26 0.23 72.67 16.15 0.31 0.23 59.90 28.69 25.20 20.15

Vavoua 27.26 4.22 0.60 0.53 73.00 17.62 0.30 0.22 60.29 30.19 22.66 18.56

Regarding the response variable, maximum values peak at 1.08kW/m2 in Boundiali and the minimum remains low across285

all sites 0.01kW/m2. Mean GHI varies between 0.26± 0.21 and 0.39± 0.28kW/m2.

3.2 Model Validation

First, several scenarios of the BNLME model were compared using LOO-CV scores to select the best, as shown in Table 5

and Figure 4. The elpd.loo column indicates the estimated log predictive density obtained through LOO-CV. A higher

value means better out-of-sample predictive performance. Among the evaluated scenarios, the NLH3 model exhibited the best290

out-of-sample predictive performance, with the highest elpd.loo (9552.44) and a model weight of 1.0. Although slightly

more complex (p.loo = 34.76), it substantially outperformed all alternatives. For instance, the next-best model (SNL) had

an elpd.loo 381 points lower, with a negligible model weight, suggesting that NLH3 is strongly favored. NLH3 incorpores

richer seasonal structure through the inclusion of three harmonics (H = 3), which likely enabled it to capture more complex

temporal patterns in the data. The addition of seasonality in the FES scenario improves performance compared to the basic295

Beta regression (BFE). Introducing non-linear effects in the SNL scenario brings further improvement, but it is the inclusion

of richer seasonal components in the NLH3 scenario that leads to the best overall performance. In contrast, the baseline model

BRI, which includes only random effects and no covariates, shows the poorest performance, which evidence the influence of

the predictors considered in this study, as well as the seasonal structure, on the variability of GHI.
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Table 5. Comparison of scenarios. The best-performing scenario is italicized.

Scenario elpd.loo p.loo elpd.diff weight se dse

NLH3 9552.44 34.76 0 1.0 97.92 0

SNL 9171.27 30.02 381.16 0.0 94.31 28.40

FES 8673.12 25.33 879.32 0.0 90.63 39.74

BFE 8362.55 23.68 1189.89 0.0 88.63 48.59

BRI 2389.60 13.82 7162.84 0.0 55.19 105.24
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Figure 4. Scenario Ranking based on ELPD Difference (high is better).

To ensure that the model aligns well with the data, generalizes appropriately and produces reliable inferences, a validation300

based on the posterior distribution of the parameters was carried out for the best-performing scenario (Figure 5). The MCMC

diagnostics indicate that the model achieved good convergence. Trace plots show well-mixed, stationary chains with no visible

drift and strong overlap across parameters, suggesting effective sampling and stability in the posterior draws. The posterior

marginal densities are unimodal and concentrated (left column of Figure 5). The model intercept is centered around −1.0

on the logit scale, implying a moderate baseline mean on the response scale where the model estimates an average kit of305

approximately 0.27 when all predictors are set to their reference values and random effects are zero. This result is consistent

with several studies that have shown clear-sky conditions are rare in Côte d’Ivoire (Danso et al., 2019; van der Linden et al.,

2015; Moron et al., 2023; Kakou et al., 2025).
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Figure 5. Posterior density and trace plots for selected parameters of the NLH3 model. Each row corresponds to one parameter. The left

panels show the posterior marginal densities and the right panels show the traceplots for all MCMC chains. The well-mixed, stationary traces

and overlapping densities indicate good convergence and stable posterior sampling for all parameters.

The station-level random effects bi range between−0.4 and +0.3 on the logit scale, indicating a spatial heterogeneity among

stations. On the mean scale of µit, this range corresponds to a difference of approximately 0.13 in the average clear-sky index310

between the cloudiest and clearest stations. Negative values (bi < 0) characterize stations with lower mean clear-sky conditions,

possibly due to higher cloud frequency, dust load and aerosol, whereas positive values (bi > 0) correspond to brighter and

more stable atmospheric conditions. The relatively small amplitude of these random effects (with a standard deviation σb of

approximately 0.25) suggests that the stations in Côte d’Ivoire share a common underlying atmospheric pattern, with only

moderate local variations in irradiance.315

These results, along with the R̂ values between 1.00 and 1.01 for all parameters (see Table 7), indicate that the model outputs

are reliable and suitable for interpretation, subject to posterior predictive validation.
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Next, NLH3 (the best-performing scenario) was compared to two other models: a generalized linear model (GLM) using a

binomial family with a logit link function and a linear additive model (GAM) using a smoothing spline for each predictor. The

GAM was implemented using the LinearGAM class from the pyGAM Python module (Servén and Brummitt, 2018), while the320

GLM was fitted using the glm function from statsmodels.formula.api package (Seabold and Perktold, 2010). Both

models included the same covariates and random effects as NLH3.

Comparing Bayesian and non-Bayesian models presents a methodological challenge, as they rely on fundamentally different

statistical paradigms. For example, in terms of parameters, Bayesian models treat them as random variables with prior distri-

butions, whereas frequentist models treat them as fixed but unknown quantities. Regarding uncertainty, the Bayesian paradigm325

expresses it through the posterior distribution of parameters, while the frequentist approach represents ‘uncertainty’ using

confidence intervals or standard errors. Nevertheless, several rigorous approaches exist to compare models across paradigms,

particularly in terms of predictive performance or model complexity (Hespanhol et al., 2019; Flor et al., 2020; Seide et al.,

2020). In this study, the coefficient of determination (R2), the Mean Absolute Difference (MAD), Root Mean Squared Dif-

ference (RMSD) and Combined Performance Index (CPI) were also used to compare the predictive performance of the three330

models. The comparison results are summarized in Table 6.

Table 6. Model comparison. NLH3 outperformed GAM and GLM in terms of R2, MAD, RMSD and CPI, indicating superior predictive

performance and model fit.

Model R2 MAD RMSD CPI

GAM 0.674 0.095 0.014 0.075

GLM 0.663 0.097 0.015 0.075

NLH3 0.746 0.082 0.011 0.065

NLH3 outperformed both GAM and GLM models across all evaluation metrics. This superior performance can largely be

attributed to the fact that NLH3 employs the correct bounded Beta likelihood. GLMs that assume Gaussian distributions or

rely on naive transformations may suffer from misspecification. On the other hand, GAMs based on splines do not enforce

the characteristic saturating shape imposed by the logistic form. Moreover, NLH3 incorporates physically meaningful, para-335

metric nonlinear functions (sigmoids) that naturally capture threshold effects and saturation. Additionally, NLH3 benefits from

hierarchical pooling through station-specific random effects and seasonal variation is captured using harmonic terms.

3.3 Influence of Weather and Pollution Variables

We now examine the influence of the predictors on the clear-sky index and, by extension, on the global horizontal irradiance

(GHI). To do so, we analyze the results of the NLH3 model implementation, as reported in the posterior summaries in Table 7.340

The parameter estimates are provided on the logit scale, along with their standard deviations (SD), 94% highest density intervals

(HDI), Monte Carlo standard errors (MCSE), effective sample sizes (ESS) for both the bulk and tail of the posterior and the

potential scale reduction factor (R̂).
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Table 7. Posterior summaries of NLH3 model for clear-sky index.

Parameter Mean SD HDI 3% HDI 97% MCSE (Mean) MCSE (SD) ESS (Bulk) ESS (Tail) R̂

alpha0 -1.075 0.229 -1.529 -0.712 0.004 0.005 3162 3368 1

beta_T 4.279 0.360 3.634 4.959 0.005 0.004 5572 4720 1

beta_H -1.646 0.094 -1.818 -1.467 0.001 0.001 6334 4981 1

beta_W 0.908 0.218 0.564 1.308 0.004 0.005 3832 3590 1

beta_C1 -0.150 0.007 -0.164 -0.136 0 0 10431 6267 1

beta_C2 -0.052 0.007 -0.066 -0.039 0 0 10418 6265 1

beta_P1 0.010 0.011 -0.012 0.031 0 0 7267 5855 1

beta_P2 0.009 0.003 0.003 0.016 0 0 7998 6198 1

delta_T 1.337 0.160 1.038 1.626 0.002 0.002 5853 4602 1

delta_H 1.256 0.035 1.191 1.320 0 0 6743 4818 1

delta_W -1.285 0.323 -1.899 -0.755 0.006 0.005 3824 3482 1

a1 -0.095 0.032 -0.152 -0.034 0 0 6512 5513 1

b1 -0.207 0.012 -0.230 -0.184 0 0 8634 6283 1

a2 -0.070 0.011 -0.091 -0.051 0 0 9519 6478 1

b2 0.183 0.024 0.139 0.228 0 0 6392 5322 1

a3 -0.139 0.014 -0.166 -0.113 0 0 7102 5781 1

b3 0.160 0.010 0.142 0.179 0 0 9397 6670 1

sigma_b 0.248 0.062 0.147 0.358 0.001 0.001 7045 4676 1

gamma_T 0.837 0.057 0.735 0.946 0.001 0.001 5786 5352 1

gamma_H 3.684 0.222 3.280 4.113 0.003 0.002 6871 5331 1

gamma_W 1.311 0.215 0.920 1.709 0.003 0.002 4461 4719 1

phi 14.010 0.174 13.694 14.343 0.002 0.002 11744 5682 1

All R̂ values lie between 1.00 and 1.01, which shows that the MCMC chains have converged well. It is also worth noting

that all ESS values exceed 3,000 (ranging from 3,162 to 11,744), demonstrating high sampling efficiency and a large number345

of effectively independent posterior draws. Moreover, MCSE values are near zero (between 0 and 0.006), so Monte Carlo

uncertainty in posterior means and SDs is negligible. These MCMC diagnostics collectively confirm a well-behaved posterior

and support the reliability of the resulting inferences.

The relationships between the clear-sky index and the predictors (temperature, humidity, wind speed and cloud cover) were

modeled using sigmoid functions denoted by ℓX(x;γX , δX) (see Section 2.3). Since this function is monotonic in x when350

γX > 0 and the logit link is also monotonic, the sign of βX determines the direction of the effect on the expected clearness

index. Specifically, βX > 0 implies an increase in µit as X increases, while βX < 0 implies the opposite. Thus, an increase
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in temperature (βT = 4.279, 94% HDI: [3.634, 4.959]) and a decrease in relative humidity (βH =−1.646, 94% HDI: [-1.818,

-1.467]) are associated with a higher clear-sky index, which aligns with atmospheric physics. Higher temperatures promote

cloud dissipation and drier air is generally linked to clearer conditions. Similarly, an increase in wind speed (βW = 0.908, 94%355

HDI: [0.564, 1.308]) is associated with a higher clear-sky index, likely due to the dispersion of particles and moisture in the

air. However, the literature presents mixed findings regarding the effect of wind speed on solar radiation. For instance, Bett

and Thornton (2016) found a negative, albeit modest, correlation ranging from −0.4 to −0.2 in Britain, which they attributed

to the tendency for windy days to be cloudier, particularly in Atlantic-influenced regions. These conditions are associated with

higher wind speeds (Kazil et al., 2016), whereas the average in Côte d’Ivoire is very low (Kone et al., 2024; Kouadio et al.,360

2024). Other studies explain this anticorrelation by noting that higher wind speeds can transport aerosols, increasing aerosol

optical depth (AOD) and thereby reducing surface solar radiation under certain conditions (Smirnov et al., 2012).

An increase in cloud cover fraction (βC =−1.154, 94% HDI: [-1.710, -0.668]) leads to a reduction in the clear-sky index

and consequently in GHI, consistent with the well-established understanding that clouds obstruct solar radiation. However, the

attenuating effect of cloud cover is weaker than that of relative humidity. This can be explained by the fact that cloud cover365

directly impacts the amount of solar radiation reaching the surface. High humidity, on the other hand, often contributes to

cloud formation, which in turn reduces surface solar radiation. Moreover, humidity increases the absorption and scattering of

radiation in the atmosphere, even in cloud-free conditions, through hygroscopic effects. Additionally, in tropical regions like

Côte d’Ivoire, humidity remains high throughout most of the year (typically 80–90% or more), whereas cloud cover is more

variable. In modelling point of view, the correlation between humidity and cloud cover could lead the model to distribute the370

attenuation effect between the two variables, thereby reducing the estimated coefficient for one when the other is included.

Lastly, ground-based humidity measurements may be more reliable than satellite-derived cloud cover estimates.

In the literature, fine particulate matter (PM2.5) is widely reported to attenuate solar radiation by scattering and absorbing

sunlight (Hu et al., 2025; Shim et al., 2025; Song et al., 2022). In this study, we approximate aerosol effects using PM2.5

concentrations. The relationship between PM2.5 and the clear-sky index is modeled using a quadratic function. The estimated375

coefficients, βP1 = 0.010 (94% HDI: [-0.012, 0.031]) and βP2 = 0.009 (94% HDI: [0.003, 0.016]), suggest a slight positive

correlation between PM2.5 and the clear-sky index. This implies that the attenuating effect of PM2.5 is not strongly supported

by the data. Most stations in this study are located in rural, low-industrialized areas where PM2.5 levels tend to be relatively

low, which may explain the weak or absent correlation. Indeed, Song et al. (2022) demonstrated that a certain concentration

threshold is necessary for PM2.5-induced attenuation to be noticeable. In their study in Hong Kong, they found that when380

PM2.5 concentrations exceeded approximately 33.5 µg/m3, global horizontal irradiance (GHI) decreased by over 5% in most

months. Furthermore, the PM2.5 data used in this study are derived from reanalysis and satellite products, which may not

capture fine-scale local variations in aerosol concentrations accurately.

However, under low cloud cover conditions (cloudless but overcast skies, or KtC-FCl), the relatively high Pearson correlation

coefficients between PM2.5 and solar radiation in scatter plots, along with their regression curves, suggest that PM2.5 may still385

exert a non-negligible influence on solar radiation under clear-sky conditions. This effect could be masked by the presence of

clouds in other situations.
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3.4 Limitations and Future Work

Some limitations should be acknowledged in this study. First, the PM2.5 and cloud cover data were obtained from satellite

products and comined with in-situ measurements. Using PM2.5 concentrations as a proxy for aerosol content, instead of aerosol390

optical depth (AOD), may miss certain components of atmospheric pollution such as dust and other particulates that can affect

solar radiation. Second, computational constraints limited the Bayesian inference process to a subsample of 2,000 observations,

rather than using the full dataset.

Future studies could also use AOD data from ground-based sun photometers (AERONET) or satellite products such as

MODIS and MISR, which may provide a more comprehensive measure of aerosol impact. Also, including additional meteo-395

rological variables, such as precipitation and atmospheric pressure, may help develop a more complete understanding of the

drivers of solar radiation variability in tropical regions.

4 Conclusions

This study developed a Bayesian hierarchical model to analyze the influence of weather variables and air pollution on global

horizontal irradiance via the clear-sky index. The model incorporated temperature, relative humidity, wind speed, cloud cover400

fraction and PM2.5 concentrations as predictors, along with seasonal harmonics and station-specific random effects to account

for temporal and spatial variability. The best-performing scenario including non-linear effects and three seasonal harmonics,

effectively captures the nonlinear influence of predictors on solar radiation and outperformed simpler generalized linear and

additive models. Moreover, station-level random effects, driven by local environmental characteristics, are non-negligible and

should be accounted for when training models across multiple sites; architectures such as graph neural networks may be more405

suitable for this purpose. While temperature, humidity and cloud cover emerge as the primary drivers of global horizontal

irradiance, a noticeable influence of PM2.5 is observed under cloud-free conditions. Future work could expand the analysis

to more industrialized areas, incorporate additional atmospheric variables and explore alternative computational methods to

enhance model efficiency and complexity.
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