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ABSTRACT: Energy is as vital as life itself. Among various energy forms, solar is chief, and its potential to sustain life 
and other activities on Earth is significant. To achieve optimal efficiency in the design, sizing, calibration, manufacture, or 
deployment of any solar application, it is crucial to accurately measure the Global Solar Radiation (GSR) at the surface. 
GSR can be quantified through direct and indirect methods. Data obtained via the direct method is considered more 
accurate but scarce. Conversely, data acquired through indirect methods is accessible for any location of interest, but its 
precision is often doubtful. This study aims to develop a GSR model to address data scarcity, mitigate instances of 
erroneous estimations, and the intricacy of existing models that attempt to predict GSR. A multi-layer neural network, 
consisting of 49 neurons in the hidden layer, was selected from multiple training trials from which a new Soft Computing 
Model (SCM) emerged. The network was trained, tested, and validated using a 25-year dataset on monthly averages, 
comprising solar flux, relative humidity, and temperature change as the input nodes. A regression coefficient of 0.9832 
was obtained during the neural network training phase, indicating a strong agreement between predicted and measured 
values. To assess the predictive performance of the trained network, a new dataset was introduced for testing, yielding a 
regression coefficient of 0.9737, a mean squared error of 0.0015 and a mean absolute error of 0.0210 when compared 
with measured data, representing the best performance among all training iterations. Comparative evaluation with existing 
models and deployment across different locations confirmed that the SCM consistently performed well. The deployment 
results further confirmed that the model is well-optimised for tropical and equatorial climates, while recalibration would be 
required to ensure reliable performance in temperate and high-latitude regions. 
 
Keywords: Artificial Neural Network, global solar radiation, renewable energy, solar energy, soft computing model, data 
scarcity. 
 
 

INTRODUCTION 
 
Energy is as fundamental as life itself, and without it, no 
processes would occur (Besharat et al., 2013; Kren et al., 
2017). Energy is not a tangible entity that can be seen, 
heard, touched, or smelled. It is not composed of any 
substance but rather represents a property of matter 
(Channell and Smith, 2000). Both biotic and abiotic entities 
necessitate energy, yet the form, state, mode of existence, 

and utilisation of energy are dynamic. It is crucial to 
recognise that not all forms of energy can be optimally 
harnessed; some are non-reusable, while others are 
reusable. Consequently, it is prudent to explore the most 
abundant, adaptable, and prevalent source of reusable 
energy, namely solar energy (Fashina et al., 2018; Guler 
and Bilgin, 2026). 

http://creativecommons.org/licenses/by/4.0/


 

 

 
 
 
 
Solar energy is derived from the sun, a massive luminous 
body of glowing gas (García et al., 2007). The sun is an 
average star and the largest member of the solar system 
(Temmer, 2021). It sustains life on Earth by facilitating 
plant growth, nourishing animals, preserving food, heating 
and illuminating the land, sea, and atmosphere. 
Additionally, it generates winds and tides, circulates water, 
and, importantly, produces fossil fuels (Firebaugh et al., 
1997). Scientific evidence suggests that the sun has 
existed for approximately 5 × 109 years and is expected to 
persist for another 5 × 109 years (Bonanno et al., 2008). 
Heat and light are the two primary energy resources 
obtained from the sun, which are converted into various 
other forms. There are three principal methods for 
capturing solar energy: photosynthesis, photovoltaic 
systems, and solar thermal systems. Through 
photosynthesis, solar energy is stored in green plants as 
chemical energy. In photovoltaic applications, photons 
from the sun are absorbed by solar cells to generate 
electrical energy. Solar thermal systems utilise the sun's 
heat to drive desirable processes. 

Solar energy resources hold substantial significance 
across various domains, including agriculture, 
atmospheric science, meteorology, forestry, engineering, 
and earth and environmental science, among others 
(Olomiyesan and Oyedum, 2016). The benefits of solar 
energy are extensive, encompassing the prediction of 
plant growth and productivity, electricity generation, drying 
of agricultural produce, seawater desalination, cooking, 
initiation of chemical processes, weather activity 
regulation, production of distilled and warm water, and the 
operation of engines and pumps, as well as heating and 
cooling technologies (Chegaar and Chibani, 2000; Torshizi 
and Mighani, 2017). To effectively harness solar energy for 
optimal use and satisfaction, it is essential to possess 
precise knowledge of the obtainable solar radiation 
(insolation) that reaches the surface at the point of 
application, which is known as the Global Solar Radiation 
(GSR).  
The global scarcity of ground-measured GSR data is 
primarily attributable to the limited and uneven distribution 
of meteorological stations equipped with measuring 
equipment such as pyranometers (Ben Jemaa et al., 
2013). Although several empirical and theoretical models 
have been developed to predict GSR and improve data 
accessibility, but their predictive reliability often remains 
questionable (Ben Jemaa et al., 2013). In response, there 
is a pressing need for the development of robust and 
dependable models for estimating GSR, which is essential 
for supporting the attainment of Sustainable Development 
Goal 7 (SDG 7) and other targets related to clean, 
affordable, and sustainable energy. To address this gap, 
the study aims to mitigate the challenge of GSR data 
scarcity by developing a novel artificial neural network-
based GSR model. 
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REVIEW OF LITERATURE 

 
The potential of the Sun to sustain life and support 
numerous activities on Earth cannot be underestimated 
(Besharat et al., 2013). Solar energy remains the most 
available, applicable, and abundant energy resource on 
Earth. Nevertheless, excessive solar heating can 
sometimes lead to undesirable heat stress and elevated 
environmental temperatures. Consequently, extensive 
research efforts are ongoing worldwide, both to harness 
substantial energy from the Sun and to mitigate its adverse 
environmental impacts. For effective exploration and 
utilisation of solar energy, a clear understanding of key 
terms commonly used in radiation studies is essential.  

Extra-terrestrial radiation refers to the measurable solar 
radiation at the outer boundary of the Earth’s atmosphere, 
and it is not influenced by atmospheric processes. The 
maximum radiation obtainable at this surface is referred to 
as the solar constant, and it varies with the time of day and 
months of the year (Skakun and Volobuev, 2017). The 
solar constant ranges between 1353 and 1394 Wm⁻²; 
however, for the sake of uniformity, an average value of 
1367 Wm⁻² is widely accepted (Li et al., 2011; Abbot and 
Fowle, 1911). Deviations of extra-terrestrial radiation from 
the solar constant have been attributed to solar activities 
such as sunspots and solar bursts, which alter the intensity 
of energy released by the Sun, as well as the elliptical orbit 
of the Earth around the Sun (Abbot and Fowle, 1911). The 
latter can be accounted for using the solar flux relationship 
given by Kreith and Kreider (2000): 
 

𝐼𝑟𝑟 =  𝐼𝑠𝑐 [1 + 0.033 𝑐𝑜𝑠 (
72𝑑𝑛

73
)]    (1) 

 
Where dn is the day number of the year, 𝐼𝑠𝑐 is the solar 

constant = 1,367 Wm-2 and 𝐼𝑟𝑟 is the intermittent variation 
of the extra-terrestrial solar radiation (solar Flux). 
Direct radiation describes the portion of solar radiation that 
reaches the Earth’s surface without being scattered, and it 
is usually considered to be perpendicular to the Sun’s rays 
(Piedallu and Gegout, 2007). In contrast, diffuse radiation 
refers to the component of solar radiation that has been 
scattered or reflected by atmospheric constituents before 
reaching the Earth’s surface (Wald, 2019). Global Solar 
Radiation (GSR) encompasses both direct and diffuse 
components, representing the total measurable solar 
radiation on the Earth’s surface. As such, GSR is the factor 
of primary importance in solar applications. However, the 
magnitude of GSR received per unit surface area varies 
geographically, as well as with time and season. Factors 
influencing GSR variation include, but are not limited to, 
solar flux, solar inclination angle, cloud amount, relative 
humidity, atmospheric thickness, time of day, day number 
of the year, latitude,and altitude (Skakun and Volobuev, 
2017). 
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Measurement and modelling of GSR 
 
Global Solar Radiation can be obtained through either 
direct measurement or indirect estimation methods. Direct 
measurement involves the installation of instruments such 
as pyranometers for real-time logging of GSR data. This 
approach is generally associated with high precision and 
accuracy. However, its widespread application is limited by 
several challenges, including high capital costs, scarce 
skilled technical personnel, inadequate maintenance 
budgets, and demanding operational requirements. These 
limitations explain the scarcity of GSR data globally, as 
many meteorological stations cannot afford the essential 
requirements (Gueymard and Myers, 2009). In contrast, 
the indirect method involves the estimation of GSR using 
mathematical or empirical models. This approach attempts 
to bridge the wide gap between GSR data scarcity and 
availability. In order to improve GSR data availability, 
researchers have developed mathematical models for 
estimating GSR across different locations. Though the 
credibility and accuracy of model predictions are often not 
satisfactory (Wallace and Hobbs, 2006; Ertekin, 2007; Fan 
et al., 2019).  

GSR modelling parameters can be grouped into physical 
parameters (albedo, atmospheric transmittance, aerosol 
optical depth, ozone column, cloud column, and 
atmospheric scattering particles), astronomical 
parameters (Sun-Earth distance, solar constant, extra-
terrestrial radiation, solar declination angle, and solar hour 
angle), geographical parameters (longitude, latitude, and 
altitude), and geometrical parameters (tilt angle, surface 
azimuth, solar altitude, and solar azimuth) (Menges et al., 
2006; Besharat et al., 2013). 

Most prevailing GSR models are empirical models, 
which are widely used due to their simplicity and reliance 
on commonly available meteorological parameters. 
Empirical models often correlate regression coefficients 
and atmospheric parameters with the clearness index 
(Teke et al., 2015). In contrast, some models rely heavily 
on physical parameters and are therefore referred to as 
physical models (Dazhia et al., 2012). It is also noteworthy 
that while some models adopt a single parameter 
approach for GSR estimation, others incorporate multiple 
parameters. This distinction is therefore used as a basis 
for the classification of existing models in the next 
subsections. 
 
 
Temperature-based empirical model 
 
Temperature-based models employ minimum and 
maximum air temperature in correlation with the clearness 
index to estimate global solar radiation. Models in this 
category are developed on the basis of atmospheric 
transmissivity. Examples include the works of Hargreaves 
and Samani  (1982),  Bristow  and  Campbell  (1984), Allen  

 
 
 
 
(1997), Goodin (1999), Thornton and Running (1999), 
Meza and Veras (2000), Weiss et al. (2001), Winslow 
(2001), Annandale et al. (2002), Chen et al. (2004), Falayi 
(2008), Li et al. (2010), Adaramola (2012), Ohunakin et al. 
(2013), Jahani et al. (2017) and Fan et al. (2018). 
 
 
Cloud-based empirical models  
 
GSR is largely modulated by cloud (Muneer and Gul, 2000; 
Sanchez et al., 2012). Among the factors that are 
responsible for solar radiation balance on the surface of 
the Earth, clouds display huge uncertainty in their 
characterisation and quantification (Norris, 1968). The 
works of Black (1956), Lumb (1964), Paltridge (1976), 
Daneshyar (1978), Kasten and Czeplak (1980), and 
Badescu (1999) are common examples. 
 
 
Sunshine-based empirical models  
 
This category of GSR models presumes that the intensity 
and the duration of sunshine are good predictors of GSR. 
This is achieved by correlating the fraction of the available 
sunshine hours and the possible hours of sunshine (day 
length) with the clearness index. The works of Angstrom-
Prescott (1924), Prescott (1940), Glover and McCulloch 
(1958), Page (1961), Rietveld (1978), Dogniaux and 
Lemoine (1983), Kilic and Ozturk (1983), Ögelman et al. 
(1984), Zabara (1986), Bahel (1987), Gopinathan (1988), 
Newland (1989), Luhanga and Andringa (1990), Raja 
(1994), Elagib and Mansell (2000), Almorox and Hontoria 
(2004), El-Metwally (2005), Jin et al. (2005), Rensheng et 
al. (2006), Bakirci (2009), Gana and Akpootu (2013), Teke 
and Yildirim (2014) are good examples (Yelmen et al., 
2022). 
 
 
Multiple parameter-based empirical models  
 
The multiple parameter-based models are often referred to 
as hybrid parameter-based models (Olomiyesan and 
Oyedum, 2016). The model combines two or more 
parameters to predict GSR. Some of the commonly 
combined parameters include air temperature, sunshine 
duration, relative humidity, cloud cover, amount of rainfall, 
atmospheric pressure, soil temperature and dew point 
temperature. Unlike the single parameter-based models, 
multiple parameter-based models are developed on the 
basis that the balance of solar radiation is determined by 
many factors in the atmosphere, and they are deemed to 
be more reliable in their prediction accuracy (Quej et al., 
2016). Prominent examples are seen in the works of 
Swartman and Ogunlade (1967), Sabbagh (1977), 
Gariepy (1980), Garg and Garg (1982), Ojosu and 
Komolafe  (1987),  Abdalla  (1994),   Ododo   et   al.  (1995), 



 

 

 
 
 
 
Allen (1995), Hunt et al. (1998), Akpabio et al. (2004), 
Chandel et al. (2005), Chen et al. (2006), Wu et al. (2007), 
Maghrabi (2009), Olayinka (2011), Antonanzas et al. 
(2013), Ouali and Alkama (2014), Okundamiya et al. 
(2015), and Olomiyesan and Oyedum (2016). Aside from 
the empirical models, another indirect means for predicting 
GSR is by soft computing (Xue and Zhou, 2019). 
 
 

Soft computing method  
 
Soft computing is predicated on the basis of computer 
Artificial Intelligence (AI). It has been identified as the best 
predictor when comparing complex situations (Maqsood et 
al., 2004). The method includes Artificial Neural Network 
(ANN), Recurrent Neural Network, Support Vector 
Machine, Genetic Algorithm, Radial Basis Function 
Network and Artificial Neuro-Fuzzy Inference System, to 
mention a few (Mohanty et al., 2016; Xue and Zhou, 2019). 
ANN, which imitates the method of information processing 
of the human brain, is the most prominent among the soft 
computing models (Fadare et al., 2010). ANN is a set of 
processing units that is represented by artificial neurons, 
which are connected by artificial synapses to perform 
parallel distributed processes that are controlled by 
vectors and matrices of synaptic weights (Shepherd, 2004; 
Eichie et al., 2016; Folorunso et al., 2019; da Silva et al., 
2016). The works of the following researchers are good 
examples: Gardner and Dorling (1998), Hsieh and Tang 
(1998), Maqsood et al. (2002), Fadare et al. (2010), Kumar 
et al. (2012), Yadav and Chandel (2013), Mantzari and 
Mantzaris (2013), Mohanty et al. (2016), Quej et al. (2017), 
Kamadinata et al. (2017), Mohamed (2019), Fan et al. 
(2019), Aljanad et al. (2021), Huang et al. (2022), Apeh 
and Nwulu (2024), Xu et al. (2025), Guler and Bilgin 
(2026), and Fohagui et al. (2026). 
 
 

Research gap 
 

In general, empirical models have integrated extra-
terrestrial solar radiation (𝐻𝑜) in their frameworks. 𝐻𝑜 is 
represented in a simplified form in Equation (2a) and in its 
expanded form in Equation (2e): 
 

𝐻𝑜 = 
24

𝜋
𝐼𝑠𝑐 [1 + 0.033 cos

360𝑑𝑛

365
] × [𝑐𝑜𝑠𝜑. 𝑐𝑜𝑠𝛿. 𝑠𝑖𝑛𝜔𝑠 +

 
𝜋

180
𝜔𝑠 . 𝑠𝑖𝑛𝜑. 𝑠𝑖𝑛𝛿]      (2a) 

 
Given that; 
 

𝛿 = 23.45 sin[
360 (284 + 𝑑𝑛)

365
]   (2b) 

 
𝜔𝑠  = 𝑐𝑜𝑠−1(−𝑡𝑎𝑛𝜑. 𝑡𝑎𝑛𝛿)   (2c) 
 

𝑠𝑜 = 
2

15
𝜔𝑠      (2d) 
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Substituting for 𝛿, 𝜔𝑠  and 𝑠𝑜 in Equation (2a) gives: 
 

Ho =
24

𝜋
𝐼𝑠𝑐 [1 +

 0.033 cos
360𝑑𝑛

365
] [𝑐𝑜𝑠𝜑] [𝑐𝑜𝑠 (23.45 sin (

360 (284 + 𝑑𝑛)

365
))]  ×

 [sin 〈𝑐𝑜𝑠−1 {[−𝑡𝑎𝑛𝜑] [𝑡𝑎𝑛 (23.45 sin (
360 (284 + 𝑑𝑛)

365
))]}〉] +

 
𝜋

180
[𝑐𝑜𝑠−1 {[−𝑡𝑎𝑛𝜑] [𝑡𝑎𝑛 (23.45 sin (

360 (284 + 𝑑𝑛)

365
))]}]  

[𝑠𝑖𝑛𝜑] [𝑠𝑖𝑛 (23.45 sin (
360 (284 + 𝑑𝑛)

365
))]  (2e) 

 

Where: 𝜔𝑠  is the sunset hour angle; 𝜑 is the latitude of the 

site; 𝛿 is the solar declination; and 𝑠𝑜 is the average day 
length. 
 
However, this approach is not particularly user-friendly due 
to the complex mathematical calculations required to 
determine the values of 𝐻𝑜, which can lead to significant 
computational errors. 

It is also good to note that some existing GSR estimation 
models remain limited by their inability to effectively 
represent complex atmospheric non-linearity, thereby 
resulting in inconsistent accuracy and dependence on 
assumptions (Dickinson, 2003; Shen et al., 2022; Huang 
et al., 2022). Again, many of the existing models lack 
innovation due to heavy reliance on modifications and 
amalgamation of earlier approaches, while some other 
models suffer from poor transferability across locations. In 
addition, high computational demands and the need for 
scarce input parameters have reduced the practicality of 
certain GSR models (Antonanzas et al., 2013; Bojanowski 
et al., 2013). Conversely, existing soft computing models 
have not adequately addressed this issue, as they are also 
presented in complex formats requiring a certain level of 
expertise (Apeh and Nwulu, 2024; Xu et al., 2025; Fohagui 
et al., 2026; Guler and Bilgin, 2026). Hence, the proposed 
model aims to address GSR data scarcity through a user-
friendly approach to mitigate erroneous estimations and 
the intricacy of existing models that attempt to predict GSR 
(Veeraboina and Guduri, 2014). 
 
Figure 1 describes the fundamental structure of a neural 
network. The output y of the network is given as: 
 
y = ∑ (𝑤𝑖 𝑥𝑖 

𝑛
𝑖=1 +  .  .  .  .  .  + 𝑤𝑛 𝑥𝑛 )   (3) 

 

y = (𝑤𝑇𝑥)     (4)  
 

Where: 
 

𝑤𝑇 = (𝑤1,  𝑤2, 𝑤3, . . . . . . 𝑤𝑛)𝑇   (5) 
 

𝑥 = (𝑥1,  𝑥2, 𝑥, . . . . . . 𝑥𝑛)    (6) 
 
By introducing a bias value and activation function, the 
equation becomes:
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Figure 1. Artificial neuron. 
 
 
 

y = φ(∑ (𝑤𝑖 𝑥𝑖 
𝑛
𝑖=1 + .  .  .  .  .  + 𝑤𝑛 𝑥𝑛  +  𝑏1 ))  (7) 

 

y = φ(∑ (𝑤𝑇𝑥 + 𝑏1 )
𝑛
𝑖=1 )    (8)  

 
For a network of two output layers, then the equation 
becomes: 
 

𝑦2  = γ[∑ (𝑤𝑗y + 𝑏2 )
𝑛
𝑖=1 ]    (9) 

 

𝑦2  = γ[∑ (𝑤𝑗φ⟨∑ ((𝑤𝑖 𝑥𝑖 +  .  .  .  .  .  + 𝑤𝑛 𝑥𝑛  +  𝑏1 )
𝑚
𝑗=1 ⟩ +𝑛

𝑖=1

𝑏2 )]      (10)  

 

𝑦2  = γ[∑ (𝑤𝑗φ⟨∑ (𝑤𝑇𝑥 + 𝑏1 )
𝑚
𝑗=1 ⟩ + 𝑏2 )

𝑛
𝑖=1 ]  (11) 

 

Where w is the weight of the respective variables, 𝑤𝑇 is the 
transpose of the weight, 𝑏1 and 𝑏2 are biases, φ and γ are 

the activation functions, 𝑥 is the input variable, while y and 
𝑦2  are the outputs of the network, i, j, n and m are positive 
integers. 
 
 
METHODOLOGY 
 
Figure 2 describes the major process involved in training 
an ANN for model development, while Figure 3 shows the 
setup of the Photovoltaic Research Station in Federal 
University of Technology, Minna, Nigeria. Materials used 
for the study include: Li-200SA Pyranometer, solar panel, 
laptop computer, data logger, MATLAB, and 
meteorological/atmospheric dataset. 

A 25-year (1993 to 2018) dataset comprising monthly 
averages of global solar radiation, relative humidity, cloud 
cover, rainfall, minimum temperature, and maximum 
temperature was sourced from the National Aeronautics 
and Space Agency (NASA) database for multiple locations 
in North Central Nigeria (https://power.larc.nasa.gov/data-
access-viewer/). North Central Nigeria is climatically 
diverse. It is located in a transition zone between the humid 
south and arid north. The climatic variation also supports 

both the Guinea and the Sudan savanna. To validate the 
satellite data, ground measurements were taken using a 
Li-200SA Pyranometer between December 2015 and 
November 2018. A mean percentage error of 8% and a 
mean square error of 0.30 were recorded as the error 
margin. 

Multiple datasets from various point locations in North 
Central Nigeria were employed to train a multilayer 
perceptron ANN, leading to the development of a Soft 
Computing Model (SCM) that demonstrated optimal 
performance when deployed across multiple sites. 
Furthermore, a 10-year dataset (2015–2024) comprising 
monthly averages of global solar radiation, relative 
humidity, and minimum and maximum temperatures was 
sourced from NASA (www.power.larc.nasa.gov/data-
access-viewer/) for different countries listed in Table 1, to 
further validate the SCM. Model performance was 
evaluated using standard statistical metrics, including 
Mean Absolute Error, Mean Bias Error, Mean Percentage 
Error and Root Mean Squared Error. 
 
 

Data instrument and data pre-processing 
 
The Li-200SA Pyranometer is engineered to measure 
GSR at a five-minute integration time in field conditions 
characterised by clear and unobstructed daylight, as 
depicted in Figure 3. It employs a silicon photovoltaic 
sensor with a maximum error margin of approximately ±5% 
under natural daylight conditions. The sensitivity of the LI-
200SA is fundamentally 90μA per 1000W, with a response 
time of 10μs, and a temperature tolerance ranging from -
40 to 65°C, which is comparable to the globally recognised 
thermopile-type Pyranometer (Nwokolo and Ogbulezie, 
2018; Olubusade et al., 2022). 

Filtering of the datasets was done in order to get rid of 
invalid data, while missing data was replaced by the 
average of neighbouring (preceding and succeeding) data. 
In addition, the ground-measured datasets were converted 
into monthly averages, corresponding to the sourced 
satellite datasets. 
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Figure 2. Flowchart of the ANN training. 
 
 
 

 
 

Figure 3. Photovoltaic Research Station, Federal University of Technology, Minna. 
 
 
 

ANN design  

 
The design considered a varying combination of 
parameters, including relative humidity, cloud cover, 
rainfall, minimum temperature, sunshine hours, maximum  
temperature and temperature range as inputs to the 
network. A combination of Relative Humidity (RH), 
Temperature range (𝑇𝑚𝑎𝑥  −  𝑇𝑚𝑖𝑛) and solar flux (𝐼𝑟𝑟 =

 𝐼𝑠𝑐 [1 + 0.033𝑐𝑜𝑠 〈
𝑑𝑛∗72

73
〉]) is most desirable for use after 

deployed to estimate GSR for different locations. They  are 

therefore documented as the three inputs to the ANN 
network as shown in Figure 4, where 𝐼𝑠𝑐  is solar constant 
and dn is the day number of the year. After a validity check 
on the acquired datasets, it was normalised to ensure even 
distribution (Folorunso et al., 2019). Normalising the 
dataset is achieved using the ‘minmax’ approach. This is 
done to ensure data conformity with the transfer functions. 
Measured GSR is the target of the network, while the 
network-predicted GSR is the output. The proposed SCM 
is developed using a multi-layer neural network consisting 
of three nodes at the I nput  layer,  varying  neurons  at  the    

     

               

  

   

                   

                    

                                                 

                 

                                             
  

   



 

 

40       Appl. J. Phys. Sci. 
 
 
 

 
 

Figure 4. Multi-Layer Neural Network. 
 
 
 

hidden layer, and one node at the output layer. The 
network training process employed the feedforward back-
propagation network (Shahin et al., 2008; al Shamisi et al., 
2011; Nguyen et al., 2019), and it is a supervised learning 
process that adopts the Levenberg-Marquard training 
algorithm (TRAINLM). MATLAB was used to write the 
script files for the developed SCM. The script files were 
written to assess and determine the relative effect of 
weights, biases, number of neurons in the hidden layer, 
and the accurate combination of the activation functions to 
obtain the best ANN’s performance. Furthermore, a 
varying number of neurons in the hidden layer was 
considered from 2 to 100 in line with Heuristic principles 
for the design of ANN (Walczak and Cerpa, 1999). Non-
linear activation functions (𝜑1) which include Logsig and 
tansig (Karlik and Olgac, 2011; Han and Moraga, 1995). 
were variably used at the first layer of the network, while 
purelin, a linear activation function (𝜑2) was used at the 

second layer of the network (Eichie et al., 2016) 𝜑2 is 
assumed at the second layer of the network, such that a 
linear model can be established, while 𝜑1 is used at the 
first layer of the network, such that different solutions can 
be obtained from the complex relationships between 
parameters.  

The mathematical representation of Figure 4 is given by: 
 

𝑦2 = 𝜑2[∑ (𝑤𝑗𝑘〈𝜑1(∑ (𝑤𝑖𝑗𝑥𝑖 + 𝑏𝑗)𝑛
𝑖 )〉 +  𝑏𝑘)𝑚

𝑗 ] (12) 

where all parameters have retained their initial properties 
and identities. 
 
 

Derivation of the model equation  
 
The model is obtained from Figure 4 and Equation 12.  

𝑦1 =  𝜑1 (𝐼𝑊 ∙ 𝑥 + 𝑏1)    (13) 
 
𝑦2 = 𝜑2[𝐿𝑊 (𝑦1) +  𝑏2]    (14) 
 
𝑦2 = 𝜑2[𝐿𝑊 (𝐼𝑊 ∙ 𝑥𝜑1 + 𝑏1𝜑1) +  𝑏2]  (15) 
 
For which 𝜑1 is a non-linear activation function then, 

𝑓(𝑥) ≠ 𝑥 and 𝜑2 is a linear activation function, such that 
𝑓(𝑥) = 𝑥 = 1. 
 
𝑦2 =  [( 𝐿𝑊 ∙ 𝐼𝑊 ∙ 𝑥)𝜑1 +  (𝐿𝑊 ∙ 𝑏1 )𝜑1 +  𝑏2] (16) 
 
where IW is a [m × 3] matrix, LW is a [1 × m] matrix, 𝑏1 is 

a [m × 3] matrix 
 
let  𝐿𝑊 ∙ 𝐼𝑊 = [t, u, v] matrix   (17) 
 

𝑥 = [
𝑂
𝑃
𝑄

]      (18) 

 

( 𝐿𝑊 ∙ 𝐼𝑊 ∙ 𝑥)𝜑1 =  [𝑡, 𝑢, 𝑣] [
𝑂
𝑃
𝑄

]   (19) 

 

( 𝐿𝑊 ∙ 𝐼𝑊 ∙ 𝑥)𝜑1 = tO + uP + vQ   (20) 
 
(𝐿𝑊 ∙ 𝑏1 )𝜑1 = [𝑧]    (21) 
 

𝒚𝟐 = tO + uP + vQ + z + 𝑏2   (22) 
 
α = z + 𝑏2     (23) 
 

𝒚𝟐 = tO + uP + vQ + α   (24)

 1

  

  

   
 3

 2

                                   

                                

   

   

 2

[ 1 

[ 2 
 2

  

  

 
 
 
 
 

 
 

 

 1



 

 

Olubusade et al.        41 
 
 
 

 
 

Figure 5. Neural network training tool. 
 
 
 

Hence, the developed model takes the form: 
 
H = t(RH) + u(𝛥𝑇) + v(𝐼𝑟𝑟) + α  (25) 
 
where 𝜑1 and 𝜑2 are activation functions of the first and 

second layers respectively, 𝑏𝑗 = 𝑏1 is the input bias that is 

associated with the jth neuron of the first layer, 𝑏𝑘 = 𝑏2 is 
the output bias that is associated with the kth neuron of the 

second layer, 𝑤𝑖𝑗 is the adjustable weight that connects the 

input layer to the hidden layer, 𝑤𝑗𝑘  is the adjustable weight 

that connects the hidden layer to the output layer, (for 
which 1≤ 𝑗 ≤ 𝑚, that is, the total number of neurons in the 

hidden layer), 𝑥𝑖 is the set of input data to the ANN (for 
which 1≤ 𝑖 ≤ 𝑛 and n = 3), 𝑦1 is the output of the first layer 

while 𝑦2 is the output of the second layer, z is a derivative 
of the product of the layered weights and the input biases, 
it is a 1 by 1 matrix, t, u, v = are constants derived from the 
product of the layered and input weights, O, P, Q = are 
input vectors which represent relative humidity (RH), 
temperature change (𝛥𝑇) and solar flux (𝐼𝑟𝑟) respectively, 

also, LW ≡ 𝑤𝑗𝑘 while, IW ≡ 𝑤𝑖𝑗. 

 
 
Training and testing the state of the ANN  
 
The dataset used in the process consists of 300 samples 
(that is, monthly average datasets from January to 
December for 25 years), with 210 samples (70%) allocated 
for training, 45 samples (15%) for testing, and the 

remaining 45 samples (15%) for validation. A multi-layer 
neural network was trained as depicted in the 
nntrainingtool in Figure 5. The optimal network 
configuration from multiple training trials comprises 49 
neurons in the hidden layer, utilising tansig and purelin as 
the selected activation function pair for the first and second 
layer of the network, respectively, in which a regression 
coefficient of 0.9832 was achieved for the training phase, 
and 0.9737 for the testing phase, representing the best 
possible performance across all training trials. The Mean 
Squared Error (MSE) was recorded at 0.0015, and the 
Mean Absolute Error (MAE) at 0.0210. In addition, the 
damping factor (Mu) is 0.0000001, which is low compared 
to the maximum allowable limit, reflecting stable and faster 
convergence behaviour. 

In accordance with the above results, the values of the 
constants are given as: 
 

t = 0.0181, u = 0.1486, v = 0.0015, z = 0.3876, 𝑏2 = -
0.7606, α = -0.373 
 

where H is the GSR, RH is the relative humidity, 𝛥𝑇 is the 

change in temperature, 𝐼𝑟𝑟 is the solar flux, t, u, v, z, 𝑏2 and 
α are constants as expressed in equation (25). 
 
 
Performance assessment of SCM  
 
GSR was estimated using the SCM alongside thirteen 
other existing empirical models for comparative performance 



 

 

42       Appl. J. Phys. Sci. 
 
 
 

Table 1. Name and description of locations. 
 

Sn Location Latitude (o) Longitude (o) 

1 Australia -26.44 133.28 

2 Brazil -15.79 -47.88 

3 Cameroon 3.84 11.50 

4 Canada 55.36 -100.44 

5 China 34.05 102.41 

6 Colombia 3.05 -73.49 

7 Egypt 30.03 31.23 

8 Ghana 5.61 -0.21 

9 India 20.59 78.96 

10 Malaysia 3.80 101.69 

11 Nigeria 9.22 7.85 

12 South Africa -28.48 24.67 

13 Togo 8.62 0.82 
 
 
 

ce analysis using statistical metrics. The empirical models 
employed include both single-parameter and multiple-
parameter models. The single-parameter models comprise 
the Hargreaves and Samani Model (Md 1), Bristow and 
Campbell Model (Md 2), Annadale Model (Md 3), Allen 
Model (Md 4), Angstrom-Prescott Model (Md 5), Glover 
and McCulloch Model (Md 6), Ogleman Model (Md 7), and 
Newland Model (Md 8). The multiple-parameter models 
include the Swartman and Ogunlade Model (Md 9), 
Abdalla Model (Md 10), Okundamiya Model (Md 11), 
Olomiyesan and Oyedum Model (Md 12), and Badescu 
Model (Md 13). To further evaluate the applicability of the 
developed SCM beyond Nigeria, it was implemented in 
some selected countries. The selected countries and their 
respective coordinates are presented in Table 1. 
 
 
RESULTS AND DISCUSSION 
 
For all combinations of activation functions, an increase in 
the number of neurons within the hidden layer enhances 
the network's performance, with a corresponding decrease 
in the MSE and the MAE. Therefore, an appropriate 
number of neurons facilitates effective generalisation of 
results; conversely, an insufficient number of neurons 
leads to underfitting due to suboptimal training and testing 
performance, while an excessive number of neurons 
results in overfitting, characterised by strong training 
performance but poor generalisation (Walczak and Cerpa, 
1999; Ogunbo et al., 2020; Sharkawy, 2024; Ni et al., 
2026). The effect of RH is most significant on GSR. This is 
owing to the fact that an increase in RH would result in a 
corresponding increase in atmospheric water vapour and 
cloud, which absorbs, reflects and scatters solar radiation, 
thereby reducing the magnitude of GSR at the Earth’s 
surface (Alemu, 2025). On the other hand, the effect of 𝛥𝑇 
on GSR is intermediate. It has  an  indirect  effect  on  GSR. 

However, it is good to note that clear skies would result in 
an increased GSR and a corresponding increase in 𝛥𝑇. In 
addition, 𝐼𝑟𝑟 represents the maximum potential solar 
energy at the top of the atmosphere and has the least 
influence on GSR owing to its relatively constant values 
(Skakun and Volobuev, 2017).  

GSR was estimated using fourteen GSR models and 
compared with measured GSR (MGSR) datasets. 
Information regarding the performance of the various 
models in comparison to the MGSR is presented in Figure 
6 and Table 2. The graphical illustration in Figure 6 
indicates that the values of the SCM closely approximate 
the MGSR (Maqsood et al., 2004; Fohagui et al., 2026; 
Guler and Bilgin, 2026). The accuracy of the SCM is further 
corroborated by Table 2, which shows lower values that 
are desirable for MAE, MBE, MSE, and RMSE, and a 
higher value approaching unity for the R.  

When deployed to different point locations, results 
showed that the SCM performs very well in tropical and 
equatorial regions such as Nigeria, Malaysia, Colombia, 
Brazil, Cameroon, Ghana, and Togo with corresponding 
low error values, indicating strong accuracy and reliability. 
This suggests that the model is well-tuned to climates 
similar to Nigeria’s, where solar conditions are relatively 
stable and consistent with the tropics. However, the 
model’s performance deteriorates significantly in mid- and 
high-latitude regions, with particularly poor results for 
Canada and China, showing severe underestimation. 
Furthermore, countries like Australia, Egypt, South Africa, 
and India also recorded significant errors with consistent 
underestimation, which is likely due to differences in 
atmospheric turbidity, seasonality and solar angles 
compared to Nigeria. Findings, as shown in Figure 7 and 
Table 3, confirm that the SCM is effective in Africa, South 
America, and Southeast Asia, but requires significant 
adjustment before global application. Figure 7 describes 
the relationship between the measured  and  the estimated   
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Figure 6. Comparison of estimated GSR with measured GSR for different models. 
 
 
 

Table 2. Evaluation of GSR models. 
 

Sn Model MAE MBE MSE RMSE R 

1 Md 1 0.881 -0.881 0.896 0.947 0.789 

2 Md 2 0.819 -0.819 0.904 0.951 0.887 

3 Md 3 15.266 -15.266 252.096 15.878 0.817 

4 Md 4 1.195 -1.195 1.558 1.248 0.788 

5 Md 5 1.688 -1.688 3.650 1.910 -0.645 

6 Md 6 3.270 -3.270 11.401 3.377 -0.603 

7 Md 7 2.456 -2.456 6.705 2.589 -0.611 

8 Md 8 2.579 -2.579 7.308 2.703 -0.604 

9 Md 9 0.273 -0.153 0.142 0.377 0.702 

10 Md 10 1.344 -1.344 1.972 1.404 0.707 

11 Md 11 0.249 -0.170 0.098 0.313 0.842 

12 Md 12 0.269 -0.168 0.129 0.359 0.760 

13 Md 13 0.294 -0.167 0.150 0.388 0.705 

14 SCM 0.247 -0.043 0.077 0.277 0.825 
 
 
 

Table 3. SCM performance in different countries. 
 

Sn Location MAE MBE MPE (%) RMSE 

1 Australia 1.26 -0.26 10.73 1.43 

2 Brazil 0.40 -0.18 3.39 0.46 

3 Cameroon 0.42 -0.40 9.94 0.53 

4 Canada 4.49 -4.49 399.36 5.17 

5 China 2.16 -2.16 55.52 2.40 

6 Colombia 0.27 -0.05 1.57 0.31 

7 Egypt 1.52 -0.43 18.03 1.72 

8 Ghana 0.85 0.85 16.91 0.92 

9 India 0.94 -0.54 13.50 1.13 

10 Malaysia 0.26 0.11 1.89 0.29 

11 Nigeria 0.27 0.07 0.61 0.32 

12 South Africa 1.38 -0.73 19.59 1.61 

13 Togo 0.37 -0.08 2.21 0.41 
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Figure 7. Comparison of estimated GSR with measured GSR in different countries. 
 
 
 

GSR for each point location under investigation. 
 
 
Conclusion and Recommendation 
 
Solar energy plays a crucial role in the anticipated future 
of energy transition and its vast applicability is irrefutable. 
A precise knowledge of incoming solar radiation is 
essential for each point of application and the desired 
technology. Establishing a comprehensive global 
database of GSR is crucial for enhancing international 
solar energy planning, facilitating global marketing, and 
supporting the design and production of solar-related 
technologies and services. In response to the persistent 
challenge of GSR data scarcity, this study has developed 
an ANN-based SCM to provide reliable estimates of 
incident solar radiation. SCM was designed to achieve an 
optimal balance between computational simplicity and 
predictive accuracy. 

From various training ANN trials, a multilayer ANN 
architecture with 49 neurons in the hidden layer was 
selected as the most suitable configuration, forming the 
basis of the proposed SCM, which identifies solar flux, 
relative humidity, and temperature change as key 
meteorological parameters that significantly influence the 
distribution of GSR. During the training phase, the model 
achieved a regression coefficient of 0.9832, indicating a 
strong correlation between predicted and measured GSR 
values. The predictive capability of the trained model was 
further validated using an independent dataset, which 
produced a regression coefficient of 0.9737, an MSE of 
0.0015,   and   a   MAE  of   0.0210,  representing  the  best  

performance across all training iterations. 
To further assess the robustness of the SCM, it was 

compared with several widely used empirical models, 
including the Hargreaves and Samani model, Bristow and 
Campbell model, Annandale model, Allen model, 
Angstrom–Prescott model, Glover and McCulloch model, 
Ogleman model, and Newland model. Comparative results 
demonstrated that the SCM consistently matched or 
outperformed some of the conventional models in 
predictive accuracy. Furthermore, the model was deployed 
and evaluated across multiple geographic locations, 
including Australia, Brazil, Cameroon, Egypt, Ghana, 
India, Malaysia, South Africa, and Togo. Findings from 
these deployments confirmed that the SCM is well-
optimised for tropical and equatorial climatic regions. 
However, results also suggested that recalibration may be 
necessary to ensure reliable performance of SCM in 
temperate and high-latitude regions. Hence, the 
researchers recommended extending the training 
database by incorporating additional datasets from diverse 
climatic regions to enhance global scalability and improve 
the general applicability of the SCM. 
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