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Abstract:  
This study focuses on short-term (10-minute) forecasting of Global 
Horizontal Irradiance (GHI) using artificial neural networks (ANNs) 
enhanced by three metaheuristic optimization algorithms: the FireFly 
Algorithm (FFA), Particle Swarm Optimization (PSO), and the White Whale 
Optimization Algorithm (WWOA). The models were trained using 
meteorological and astronomical data collected from a monitoring station 
in Khenchela, Algeria. To identify the solar radiation component most 
strongly correlated with GHI, one additional radiometric input, selected 
from the available components,  was introduced in separate experiments. 
Model performance was assessed using standard statistical metrics: 
relative Root Mean Squared Error (rRMSE), Mean Absolute Percentage 
Error (MAPE), and the coefficient of determination (R²). Results indicate 
that meteorological and astronomical variables alone are insufficient for 
highly accurate GHI prediction. However, when Global Tilted Irradiance 
(GTI) was incorporated as an additional input, all three hybrid models 
exhibited significantly improved accuracy. The ANN-FFA model achieved 
the best performance, with rRMSE=3.73%, MAPE=6.07%, and R²=0.9962. 
These findings demonstrate that GTI is the solar radiation component most 
closely related to GHI under the studied conditions. Furthermore, the study 
confirms the effectiveness of FFA, PSO, and WWOA in optimizing ANN 
hyperparameters for solar irradiance forecasting, with FFA yielding the 
most robust results. 
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1. INTRODUCTION   
 

The continuous increase in energy demand 
necessitates the exploitation of all available energy 
sources on our planet [1], including solar energy, 
which is considered clean, renewable, and 
accessible in most countries worldwide [2]. The 
effective deployment of solar technologies, 
particularly photovoltaic (PV) systems, depends 
critically on precise knowledge of local solar 
radiation [3,4]. Key irradiance components, such as 
GHI and Plane-of-Array (POA) irradiance, directly 
influence critical aspects like system sizing, 

performance prediction, and grid integration [5,6]. 
Without accurate, high-resolution data, even well-
designed PV installations risk underperformance 
and introduce significant uncertainty into energy 
planning and investment [7,8]. Therefore, accurate 
solar data are essential, motivating the 
establishment of solar radiation monitoring stations 
in numerous regions [9]. However, this approach 
remains challenging due to the high costs of 
installation and maintenance [10]. Consequently, 
researchers in this field have focused on predicting 
solar radiation using artificial intelligence and 
machine learning techniques in areas with similar 
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climatic conditions [11]. Researchers have 
developed various models, such as artificial neural 
networks, adaptive neuro-fuzzy inference systems, 
random forests, support vector machines, and deep 
learning models, that can forecast solar radiation 
using historical data from specific regions and have 
achieved promising results [12]. To address this 
topic, the following section reviews select prior 
studies on solar radiation prediction using diverse 
techniques across various global regions. 

In 2021, Ağbulut et al.  [13]  investigated the 
prediction of daily global solar radiation in four 
Turkish cities with varying characteristics using the 
following machine learning models: ANN, support 
vector machine (SVM), deep learning, and k-nearest 
neighbour (k-NN) algorithms. The results 
demonstrated the superiority of the ANN, which 
achieved an R² of 0.932, whereas the k-NN model 
performed poorly.  To predict surface longwave 
radiation (SLR) using ANN,  Al-rubaye et al. [11] 
studied two distinct models: the first relied on data 
measured in the Al-Qadisiyah region of Iraq, while 
the second utilized data obtained from the National 
Aeronautics and Space Administration (NASA) for 
the same location during 2022. The results of the 
study [11] indicated that the model that relied on 
data from NASA outperformed the other model, 
with an R2 of 0.823. In Brazil, Solano and Affonso 
[14] predicted solar radiation for various time 
horizons (one hour, two hours, three hours) using 
several machine learning models: Voting Average 
(VOA), SVR, XGBoost  and CatBoost, leveraging real 
data from the Salvador city station. Model 
comparison revealed that the VOA model, referring 
to three approaches of voting average, delivered 
the best performance across all time periods. Using 
deep neural networks, Marinho et al. [15]  
conducted short-term predictions on the west coast 
of the United States over time horizons ranging 
from 5 to 30 minutes. A comparison of results 
revealed that architectures employing 1D-CNNs and 
isolated Long Short-Term Memory (LSTM) layers 
generally performed best over a 10-minute 
timeframe. Over the long term, Vanlalchhuanawmi 
et al. [16] compared machine learning models with 
deep learning models across various time periods in 
the United States. The results concluded that the 
Recurrent Neural Network (RNN) model 
outperforms in short-term predictions, whereas the 
Gradient Boosting Regression (GBR) model excels in 
long-term predictions. Five advanced machine 
learning models (Gradient Boosting) were 
developed by Zerouali et al. [17] for hourly solar 
radiation forecasting using data from three 

Australian stations. The results indicated that GHI 
was the most influential predictor, while 
temperature had a slight positive effect and 
Relative Humidity showed a negligible impact. 

In Africa, numerous researchers have shown 
increasing interest in solar radiation forecasting, 
particularly in North Africa, which is recognized as 
one of the regions with the highest sunshine 
duration worldwide. In five distinct regions of 
Morocco, Bounoua et al.  [18] compared empirical 
and machine-learning models. Comparing the 
results, the machine learning-based models showed 
clear superiority, with the random forest model 
achieving an R-value of 87.53%. 

The field of solar radiation forecasting is 
witnessing growing interest, particularly in 
countries with high solar potential. In Algeria, this 
topic is attracting the attention of many researchers 
across the country, given the high hours of sunshine 
enjoyed by most regions. Among the most 
prominent studies on solar radiation forecasting in 
western Algeria, Soukeur et al.  [19] also developed 
a neural network model for solar radiation 
forecasting. Error analysis results demonstrated the 
model's effectiveness, suggesting that the neural 
network model is suitable for such regions. 
Southern Algeria, characterised by abundant 
sunlight yet challenging atmospheric variability, has 
become a key area for developing hybrid AI models 
in solar radiation forecasting. Benatiallah et al. [20] 
examined three desert cities and found that while 
random forest performed well (R =0.9255), a hybrid 
ensemble with XGBoost achieved even higher 
accuracy (R=0.9640). Similarly, Halima et al. [21] 
compared a standard ANN, a GA-enhanced ANN, 
and an ANFIS. Their results confirmed the superior 
performance of the GA-ANN hybrid (R=0.9005, 
MAPE=8.40%). 

Previous studies have addressed numerous 
models for estimating solar radiation, including the 
widely utilized ANN model. However, most 
investigations have focused on developing or 
comparing various predictive models, while the 
application of metaheuristic optimization 
algorithms to enhance ANN models has remained 
limited or partial. Such applications often confined 
themselves to a single algorithm, without 
comprehensive or systematic comparative analyses 
of different optimization strategies. Furthermore, a 
substantial number of studies have not thoroughly 
examined the additional impact of solar radiation 
components when incorporated as inputs to 
predictive models; instead, they typically employ a 
fixed set of variables without evaluating the 
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contribution of each radiation component to 
improving prediction accuracy. This limitation 
hampers the scientific understanding of the roles 
played by distinct physical components of solar 
radiation, leading to models that may be 
numerically effective but unoptimized in terms of 
input selection. 

This paper presents an ANN model optimized 
using three metaheuristic optimization algorithms 
(FFA, PSO and WWOA) to determine the optimal 
model structure, along with an analysis of the 
additional effect of solar radiation components, 
which showed a clear contribution to improving the 
predictive model's performance. The main 
contributions of this work are threefold: (1) 
development of an ANN-based predictive model 
optimized via three metaheuristic inference 
algorithms, and evaluating the effectiveness of the 
algorithms in finding the optimal model 
architecture; (2) Studying the impact of solar 
radiation components when integrated as model 
inputs, while evaluating the contribution of each 
component to improving prediction accuracy; and 
(3) comprehensive statistical evaluation of the 
tested models' performance using established 
evaluation metrics, facilitating an objective 
comparison between the basic model and the 
models improved by optimization algorithms and 
additional solar radiation components. 

 
2. MATERIALS AND METHODS  

 
2.1 Study Areas and Data Collection  

 
Measured solar radiation and corresponding 

meteorological data from the city of Khenchela 
(Table 1) were used in this study. The dataset spans 
the period from January 12, 2015, to April 30, 2016, 
and comprises 8,209 data points recorded at 10-
minute intervals, including night-time periods when 
solar radiation is absent. Khenchela is located in 
northeastern Algeria (Fig. 1), at a latitude of 
35.43°N, a longitude of 7.14°E, and an elevation of 
1,128 m above sea level. The average annual 
sunshine duration in northern Algeria is 
approximately 2,000 hours, and the mean daily 
solar energy potential on a horizontal surface is 
about 5 kWh/m² [22]. 

Solar radiation measurements at the Khenchela 
station were carried out using a Kipp & Zonen CMP6 
pyranometer operated by Shariket Kahraba wa 
Taket Moutadjadida (SKTM), formerly known as 
SKTM. To ensure data quality and enhance the 
reliability of the results, all missing values and 

outliers were systematically identified and 
removed.  

 
Table 1. Meteorological and astronomical input 

parameters 

Parameters  
Abbreviation 

(Unit) 
Category 

The year Y Meteorological 

Day of the year D Meteorological 

Temperature Tavg (K) Meteorological 

Relative humidity RH (%) Meteorological 

Atmospheric 
pressure 

BP (hPa) Meteorological 

Wind speed WS (m/s) Meteorological 

Declination DE (°) Astronomical 

Hour Angle HA (°) Astronomical 

Extraterrestrial 
Irradiation 

H0 (Wh/m2) Astronomical 

 

 
Fig. 1. Map of Algeria with the Studied Locations 

 
To design more efficient solar systems, we need 

to understand the relationship between the 
components of solar radiation, Direct Normal 
Irradiance (DNI), Diffuse Horizontal Irradiance 
(DHI), GTI, and their direct relationship to the Global 
Horizontal Irradiance [23]. Fig. 2 shows a detailed 
diagram of the solar radiation incident on the Earth. 
DNI refers to the amount of direct solar radiation 
from the solar disk incident on a surface 
perpendicular to the sun's rays, while DHI denotes 
the quantity of solar radiation scattered within the 
atmosphere.  

The GHI is defined as the total solar radiation 
received on a horizontal surface and is expressed as 
[24]: 
 GHI = DHI + DNI × 𝑐𝑜𝑠( 𝜃𝑧) (1) 
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where is: θz - is solar zenith angle. 

The GTI represents the total solar radiation 
incident on a surface tilted at an angle β and is 
calculated using the isotropic sky model as: 

GTI  = DNI × 𝑐𝑜𝑠( 𝜃𝑖) + DHI × Fsky +  ρ × GHI × Fground     (2) 

where are: 𝜃𝑖 - is the angle of incidence on the tilted 
surface, 𝐹𝑠𝑘𝑦 - is the sky view factor between the 
collector and the visible part of the sky,  𝐹𝑔𝑟𝑜𝑢𝑛𝑑 - is 
the ground view factor between the collector and 
the visible part of the foreground surface. The 
mathematical expressions for 𝐹𝑠𝑘𝑦 and 𝐹𝑔𝑟𝑜𝑢𝑛𝑑 are 
given as follows: 

 
𝐹𝑠𝑘𝑦 =

1 + 𝑐𝑜𝑠 𝛽

2
,       𝐹𝑔𝑟𝑜𝑢𝑛𝑑 =

1 − 𝑐𝑜𝑠 𝛽

2
 (3) 

where is: 𝛽 - is Surface inclination angle relative to 
the horizontal plane. 

 
Fig. 2. Components of solar radiation incident on 

an inclined surface 
 

2.2 Modeling 
 

2.2.1 Artificial Neural Network 
 

ANNs are inspired by the human brain's neuron 
network and are typically organized into layers, 
which are made up of interconnected nodes of 
input, output and hidden layers [25]. The basic 
processing unit in a neural network is called a 
neuron, and it performs two functions: collecting 
inputs and producing outputs. Mathematically, it is 
represented by a linear algebraic function, which is 
then taken as an argument to a transfer function f 
to form the output y, represented by: 

 𝑦 = 𝑓(𝑥1𝑥2, , , , , 𝑥𝑛; 𝑤𝑖1𝑤𝑖2𝑤𝑖𝑛) 
(4) 

where: 𝑥𝑖  - are inputs, 𝑤𝑖𝑗  - are parameters of the 

weight of layer i and 𝑦 is the output. 
Information and signals are transmitted 

between neurons via weighted connections, where 
the input 𝑥𝑗 passes through a link, scaled by its 

weight 𝑤𝑖𝑗 to yield the product 𝑥𝑗 𝑤𝑖𝑗 , plus the 

neuron's bias 𝑏𝑖. This result serves as the argument 
for the activation or transfer function f. 𝑠𝑖 is the net 

input to the neuron. which in turn gives the output 
𝑦𝑖, represented by the following Eq.5: 

 𝑦𝑖 = 𝑓(𝑠𝑖) (5) 

where: 

 
𝑠𝑖 = ∑ 𝑊𝑖𝑗 × 𝑥𝑗 + 𝑏𝑖

𝑛

𝑗=1

 (6) 

The multi-layer feed-forward neural network 
(MLF) using the backpropagation (BP) algorithm has 
always been the most frequently used ANN 
approach for predicting solar radiation [26].  

Although a three-layer  Feed-forward Neural 
Network  (FFNN) is often sufficient for many 
prediction tasks [27], the architecture implemented 
in this study consists of: the input layer incorporates 
the meteorological and astronomical variables 
outlined in Table 1, supplemented by the solar 
radiation component as an additional input; 2 
hidden layers; One output layer representing the 
predicted GHI. 

The hidden layers employ the Scaled Exponential 
Linear Unit (SELU) activation function to enhance 
training stability and convergence performance. 
The output layer, in turn, utilizes a linear activation 
suited to continuous regression problems. 

A Python-generated script was used to estimate 
global solar radiation in the city of Khenchela. The 
Fig. 3 shows the general structure of the model. 

 

 

Fig. 3. ANN structure 

 

2.2.2 Firefly Algorithm 
 
Firefly algorithm is a metaheuristic algorithm 

based on population, inspired by the ideal 
behaviour of the flashing properties of fireflies, 
where the flashing of fireflies acts as a signalling 
system to attract other fireflies. Each possible 
solution is represented as a set of superior 
coefficients, and poorly performing solutions are 
gradually attracted towards better ones. The quality 
of each solution is evaluated based on an objective 
function built on the prediction error. The 
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coefficient of attraction between solutions can be 
modeled using the following relationship [28]: 

 𝐵(𝑟) = 𝛽0𝑒−𝛾𝑟2
 (7) 

where: 𝛽0 - is the firefly attractiveness value at r = 0, 
γ - is the media light absorption coefficient, and 𝑟 - 
is the distance between two solutions. 

The solution positions (i.e., the model 
parameters) are updated iteratively according to 
the attraction mechanism, with the addition of a 
random element to ensure exploration of the 
search space: 

𝑥𝑖
t+1 = 𝑥𝑖

𝑡 + β0e−γrij
2

(𝑥𝑗
𝑡 − 𝑥𝑖

𝑡) + α𝑡𝜖𝑖
𝑡 (8) 

where: 𝑥𝑖
t+1 and  𝑥𝑖

𝑡 is the current and updated 
positions of individual i, respectively. The term 

(β0e−γrij
2

(𝑥𝑗
𝑡 − 𝑥𝑖

𝑡)) represents the attraction factor, 

α𝑡  denotes the randomness coefficient, and 𝝐𝒊
𝒕 is a 

vector of random numbers drawn from a Gaussian 
distribution or a uniform distribution at time t. 
When β0=  0, it reduces to a simple random walk 
process [28]. 
 

2.2.2.1. ANN–FFA Model 
 

In this study, the Firefly Algorithm serves as the 
framework for optimizing the hyperparameters of 
the artificial neural network. Within this context, 
each firefly does not merely represent an abstract 
mathematical vector; rather, it embodies a specific 
structural configuration of the ANN, where each 
firefly corresponds to a candidate ANN 
configuration defined as: 

𝑥𝑖 = [𝑁1, 𝑁2, 𝜂] 

where: 𝑁1, 𝑁2 - are the numbers of units in the first 
and second hidden layers, respectively, 𝜂 - is the 
learning rate. 

The search space is bounded as:  
𝑥𝑖 ∈  [𝑙𝑏, 𝑢𝑏] 

with: 𝑙𝑏 = [50,30, 0.0001] and  𝑢𝑏 = [280, 180, 0.01] 
Mean Square Error (MSE) is defined as the 

fitness value of the solution: 
 

𝑀𝑆𝐸 =
1

𝑚
∑(𝑌𝑖 − 𝑌‾𝑖)

2

𝑚

𝑖=1

 (9) 

where: 𝑌𝑖  - is Measured global solar radiation 
(W/m²), 𝑌‾𝑖 - is Predicted value (W/m²). 

Fireflies with inferior quality (higher MSE) are 
attracted toward those with superior quality (lower 
MSE). As outlined in Eq. (8), this process iterates 
over a fixed number of generations, progressively 
enhancing fitness in line with the characteristics 
detailed in Table 2. 

 
 

Table 2. Firefly algorithm parameters 

Parameter Generations Population 
Size 

α γ 

Value 20 15 0.5 1 

 
After the generations are over, the best firefly 

(best set of parameters) is chosen as the best 
solution (number of units in the first and second 
layers and learning rate), as these values represent 
the appropriate neural network structure for the 
inputs used, and these values are used in training 
the final model. 

 

2.2.3 Particle Swarm Optimization (PSO) 

 
Among the most famous metaheuristic 

algorithms, the PSO algorithm, inspired by the 
collective behaviour of flocks of birds and schools of 
fish, defines each particle as a candidate solution 
within a range of possible solutions. Each particle 
updates its position by adjusting its velocity based 
on its own best experience and the swarm's best 
position [29,30]. 

A particle in PSO can be defined as: 
𝑃𝑖 ∈ [𝑎, 𝑏]   

where: (i = 1,2,3.… d) and (a,b) ∈ R, d - is for 
dimensions, R - is for real numbers. 

Each particle has its own speed and position, 
which are assigned randomly at the beginning, 𝑝𝑏𝑒𝑠𝑡  
represents the best position that the particle should 
maintain, and 𝑔𝑏𝑒𝑠𝑡  known as the global best 
position among particles [30]. 

To determine the position and velocity of the 
particle, the following equations are used: 

 𝑉𝑖(𝑡 + 1) = 𝑉𝑖(𝑡) + 𝐶1𝑟1(𝑝𝑏𝑒𝑠𝑡 − 𝑛𝑖(𝑏)) +

𝐶2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡))  

(10) 

  
𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑉𝑖(𝑡 + 1) 

 
(11) 

where: 𝑉𝑖 - represents the velocity of the particle, 
𝑋𝑖- represents the position of the particle, 𝑟1, 𝑟2- are 
Random numbers between [1,2], 𝐶1, 𝐶2 - are the 
leaning factors. 
 

2.2.3.1. ANN–PSO Model 
 

According to the PSO model introduced above, 
the algorithm is used to search for optimal ANN 
hyperparameters, with each particle representing a 
candidate network configuration within a bounded 
domain. An initial population of particles 𝑥𝑖 ∈

 [𝑙𝑏, 𝑢𝑏] is randomly generated such that, including 
the batch size B: 

𝑥𝑖 = [N1, N2, η, B] 
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where:  
𝑙𝑏 = [64, 64, 0.0001, 32] and  𝑢𝑏[256, 256, 0.01, 128]. 

Each solution (or particle) represents a 
candidate configuration of the model parameters: 
the number of units in the first hidden layer, the 
number of units in the second hidden layer, the 
learning rate, and the batch size, respectively. 

The performance of each particle is evaluated 
using the MSE, whereby particles move towards the 
best discovered solutions in each iteration. Particle 
positions and velocities are now updated according 
to Eqs. (10) and (11), based on the best values and 
algorithm parameters listed in Table 3, until 
convergence to  the optimal solution representing 
the minimum MSE value. 

 
Table 3. PSO algorithm parameters 

Parameter Batch 
size 

Swarm 
Size 

Maximum 
Iterations (maxiter) 

Value [28,132] 20 30 

 
Once the MSE is identified corresponding to the 

best-performing particle, which encodes the 
optimal values for the number of units in the first 
and second hidden layers, the learning rate, and the 
batch size the final ANN model is constructed and 
trained using these optimized hyperparameters 
obtained by the PSO algorithm. 

 
2.2.4 The White Whale Optimization Algorithm 

(WWOA) 
 
The White Whale Optimization Algorithm is an 

evolutionary optimization algorithm inspired by 
natural whale hunting behaviour. It is easy to 
implement and has few parameters, relying on 
spiralling around a target and gradually 
approaching it. The algorithm uses two Eqs. (12) 
and (13) to simulate whale movement in the 
solution space [31]. 

 
𝑋𝑡+1 = 𝑋𝑡 + 𝐴(|𝐶 × 𝑋∗ − 𝑋𝑡|) (12) 

The Eq. (12) represents the motion in the 
solution space. Where are: 𝑋𝑡 - represents the 
current solution position, 𝑋∗ - represents the best 
solution position, A, C - is the transactions directed 
towards exploration and exploitation. 

The whales' movement in a narrow circle around 
the optimal solution is expressed by Eq. (13), where 
this equation represents a mathematical model for 
bubble formation (bubble-net feeding) [31]: 

 
𝑋𝑡+1 = 𝑋∗ − 𝐴(|𝐶 × 𝑋∗ − 𝑋𝑡|)      (13) 

The type of movement (exploratory or 
exploitative) in the white whale algorithm is 
determined by the adaptive control parameter A, 
which regulates the update step size and the 
direction of movement during the search process. 
This parameter is defined as follows: 

 
𝐴 = 2𝑎 × 𝑟 − 𝑎;  𝐶 = 2 × 𝑟 (14) 

and 
 

𝑎 = 2 −
2𝑖

𝑀
 

(15) 

where: 𝑖 - the current iteration number, 𝑟 - is a 

random number of intervals [0, 1], 𝑀 - indicates the 
maximum number of iterations. In both the 
exploitation and exploration phases, 𝑎 is a linearly 
decreasing control parameter decreases linearly 
with the number of iterations from 2 to 0. 

When  ∣A∣<1: the movement of search agents is 
directed toward the best solution obtained so far, 

thereby enhancing exploitative behavior. 
Conversely, when ∣A∣≥1: this permits wider 
movements for the search agents, thereby 
promoting exploratory behavior [31,32]. 

 
2.2.4.1. ANN–WWOA Model 
 

For the ANN hyperparameter optimization, each 
whale 𝑥𝑖 represents a candidate configuration in 
the predefined search space 𝑥𝑖 ∈  [𝑙𝑏, 𝑢𝑏]. 

An initial population of whales (i.e., random 
candidate solutions) is generated such that: 
𝑙𝑏 = [64,64, 0.0001,32] and  𝑢𝑏[256, 256, 0.01,128] 

Each whale X now moves within the search space 
toward the best-known solution, guided by Eqs. (12) 
and (13). In this manner, the whale progressively 
advances toward the optimal neural network 
configuration that minimizes the MSE on the solar 
radiation dataset, while preserving solution 
diversity to avoid local minima. Solutions are 
updated according to the properties specified in 
Table 4. 

 

Table 4. WWOA parameters 

Parameter Batch 
size 

Population  

size 
Maximum 
Iterations  

Value [32,128] 20 30 

 
Once the optimal whale (best set of 

hyperparameters) is identified, the final artificial 
neural network model is trained using these 
parameters, which fall within the bounds lb and ub. 

Fig. 4 illustrates the general framework of the 
optimization process, which delineates the 
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sequential steps commencing with data 
preparation and pre-processing, followed by the 
initialization of candidate solutions; the fitness of 
these solutions is then evaluated using the MSE 
objective function, after which they are updated 
according to each algorithm's specific mechanism; 
FFA relies on an attraction-based update 
mechanism, PSO on a velocity update, and WWOA 
on a spiral search. This process continues iteratively 
until the best solution, representing the optimal 
model structure, is selected. 

 

 
Fig. 4. Flowchart of the ANN optimization using 

metaheuristic algorithms 
 

2.3  Assessment Indicators   
 

Selecting the optimal predictive model is 
challenging due to the differing characteristics of 
each algorithm. Model selection relies on 
fundamental criteria such as ease of 
implementation, training efficiency, and overall 
predictive performance. In this study, the selection 
process was validated using graphical analyses 
alongside five comprehensive evaluation metrics: 
Mean Absolute Error (MAE), rMSE, MAPE, and 
coefficient of determination (R²) [33]. The Scikit-
learn library, a widely used Python package that 
supports the application of various machine 
learning models, allows for the calculation of the 
aforementioned statistical metrics. Lower values for 

MSE, MAE, RMSE, and MAPE indicate better 
predictive performance, while an R² value closer to 
1 reflects higher model accuracy. Table 5 presents 
the mathematical formulas for these metrics [34].  

 
Table 5. Statistical evaluation indicators used 

Indices Optimal 
value 

Equation 

𝐌𝐀𝐏𝐄 
0 1

𝑚
∑  𝑚

𝑖=1 |
𝑌𝑖−𝑋𝑖

𝑌𝑖
|                   ( 61 ) 

𝐑𝐌𝐒𝐄 
0 1

𝑚
∑  𝑚

𝑖=1 (𝑋𝑖 − 𝑌𝑖)2  ( 71 ) 

𝐌𝐀𝐄 
0 1

𝑚
∑  𝑚

𝑖=1 |𝑋𝑖 − 𝑌𝑖|  ( 81 ) 

𝐫𝐑𝐌𝐒𝐄 
0 (

RMSE

 𝑌‾
) 100  (19) 

𝐑𝟐 
1 1 −

∑  𝑚
𝑖=1  (𝑋𝑖−𝑌𝑖)2

∑  𝑚
𝑖=1  (𝑌‾−𝑌𝑖)2              (20) 

 
3. RESULTS AND DISCUSSION  

 
Enhanced ANN models were developed using 

multiple metaheuristic  algorithms to achieve 
optimal structure, with the aim of predicting solar 
radiation using meteorological and astronomical 
data as constant inputs in all cases. The progressive 
incorporation of solar radiation components (DNI, 
DHI and GTI) was also adopted to evaluate the 
impact of each component on model performance 
and prediction accuracy. All models were evaluated 
using the statistical measures listed in Table 5. 

In the first case, when using meteorological and 
astronomical data for the study site, it is clear that 
the models provided similar performance in all 
cases. There was a slight superiority of the ANN-
WWOA model as it gave a balance between all 
indicators, where the results were for the ANN-
WWOA model MAP =26.84% ; rRMSE=20.79% ; 
R2=0.8831. 

On the same input data, the ANN- PSO model 
gave the following results MAPE=28.29% ; 
rRMSE=20.62%; R2=0.8849. While the ANN-FFA 
model provided relatively lower performance 
compared to other models, as the results were 
MAPE=28.90%; rRMSE=21.68%; R2=0.8728. 

On the other hand, the ANN model yielded very 
poor results on the same dataset, with the 
estimated values being MAPE=44.44% ; 
rRMSE=29.27% ; R2=0.7684. 

Table 6 below summarizes the results of the 
studied models on the meteorological and 
astronomical dataset for the study site. 
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Table 6. Models result using only meteorological and 

astronomical data as inputs 

Models 
MAE 

(W/m2) 
rRMSE 

(%) 
MAPE 

(%) 
R2 

ANN 82.66 29.27 44.44 0.7684 

ANN-FFA 59.28 21.68 28.90 0.8728 

ANN-PSO 54.46 20.62 28.29 0.8848 

ANN-WWOA 53.71 20.79 26.84 0.8831 

 
It is evidently clear that optimization using the 

FFA, PSO, and WWOA enhances the accuracy of the 
horizontal global solar radiation estimation ANN 
model, where the coefficient of determination 
initially stands at R2=0.7684, improving to a range 
between R2=0.8728 and R2=0.8831 post-
optimization. The balance between the exploratory 
and exploitative characteristics of the WWOA gives 
it a slight advantage over other algorithms, with an 
estimated R2 value of 0.8831. This balance also 
enables the algorithm to efficiently search the 
solution space and avoid falling into local minima, 
followed by a gradual focus on promising regions, 
where whale positions are intelligently updated 
towards the optimal solution. On the other hand, 
the PSO and FF Algorithms are simpler. The PSO 
algorithm tends to converge towards a solution 
without further optimization. In solar radiation 
prediction scenarios, strong correlations among 
input variables are not observed, which reduces the 
diversity of the PSO algorithm. In contrast, the FFA 
focuses on the brightness attraction mechanism, 
leading to an excessive narrowing of the exploration 
space, especially in solar radiation prediction 
problems characterized by complex, nonlinear, and 
multidimensional search spaces. This makes it fall 
into the trap of local optimum solutions. This 
behaviour does not reflect an inherent deficiency in 
the algorithm itself but rather highlights its relative 
limitations when applied to dynamic and nonlinear 
solar radiation forecasting tasks.  

Table 7 below presents the optimal 
configuration of the ANN architecture obtained 
using the metaheuristic algorithms in the study on 
the dataset. 

 
Table 7. Optimal ANN Parameters 

Models Layer 1 Layer 2 
Learning 

rate 
Batch 
size 

ANN 128 64 0.001 64 

ANN-FFA 178 69 0.0069 15 

ANN-PSO 85 138 0.0087 36 

ANN-WWOA 219 237 0.01 86 

 

Table 7 shows a remarkable diversity in the ideal 
structure of an ANN. This reflects the varying 
capabilities of each model in representing the 
nonlinear relationships inherent in solar radiation 
prediction data. The results indicate that the 
WWOA algorithm tends towards a more complex 
structure in the hidden layers with a higher learning 
rate and larger batch size. reflecting a high 
representational capacity suitable for capturing 
complex relationships. This distinguishes the 
WWOA algorithm by its ease in exploring and 
exploiting the solution space. In contrast, the PSO 
algorithm exhibited an asymmetric distribution of 
nodes between the two layers, along with an 
average learning rate and an average batch size. 
This reflects the dynamic nature of the PSO 
algorithm in searching for solutions that achieve 
rapid convergence and an implicit orientation 
towards minimizing variance and reducing 
overlearning while maintaining acceptable 
accuracy. However, this often limits the 
comprehensive exploration of the solution space. 
On the other hand, the optimal structure obtained 
by the FF algorithm is characterized by a moderate 
number of nodes in the first layer and a relatively 
smaller number in the second layer, along with a 
low learning rate and a small batch size. This 
indicates a conservative learning behaviour 
resulting from the local brightness attraction 
mechanism, leading to an early convergence 
towards local solutions without sufficient 
exploration of deeper structures. 

In general, these results indicate that structural 
variations in the model are not necessarily 
associated with improved predictive performance, 
but rather with the harmony among the network 
architecture, training parameters, and the nature of 
the data. This underscores the importance of 
hyperparameter optimization to achieve optimal 
predictive performance. 

In the second part of the study, which concerns 
the relationship between the following three 
components of solar radiation (DNI, DHI and GTI) 
and GHI, the same data used in the first study were 
employed. One solar radiation component (DNI, 
DHI, or GTI) was added at a time, and the impact of 
this addition on improving the models' performance 
in predicting GHI was investigated. Table 8 presents 
the statistical results for each case. 
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Table 8. Models result for using meteorological and 

astronomical data with the addition of one component 
of solar radiation as inputs 

 
Models 

Compone
nts of 
solar 

radiation 

 
MAE 

(W/m2) 

 
rRMSE 

(%) 

 
MAPE 

(%) 

 
R2 

ANN-
FFA 

DHI  43.38 17.24 25.55 0.9196 

DNI  24.07 9.69 13.07 0.9746 

GTI  10.21 3.73 6.07 0.9962 

ANN-
PSO 

DHI  50.32 19.01 23.48 0.9022 

DNI  26.92 10.23 16.09 0.9717 

GTI  12.66 4.38 7.68 0.9948 

ANN-
WWOA 

DHI  45.72 18.54 24.24 0.9071 

DNI  25.60 9.76 15.40 0.9742 

GTI  11.77 4.21 6.58 0.9952 

 
The results in Table 8 indicate that all models 

performed well in predicting GHI. A comparison of 
their performance shows that the ANN-FFA model 
slightly outperforms the ANN-PSO and ANN-WWOA 
models across most statistical metrics. 

The ANN-FFA model achieved the best results 
ever when adding the GTI component, as the results 
were  MAPE=6.07%; rRMSE=3.73%; R2=0.9962. 

On the other hand, when adding the same 
component to the ANN-WWOA model, the results 
were as follows MAPE=6.58%; R2=0.9952. 

In this case, the ANN-PSO model performed 
slightly less than the other models, as the results 
were MAPE=7.68%; rRMSE=4.38%; R2=0. 9948. 

DNI is one of the main components of solar 
radiation and gave good results when added to the 
models, as the results for the ANN-FFA model were 
MAPE=13.07%; rRMSE=9.69%; R2=0.9746. 

The ANN-WWOA model also achieved similar 
performance MAPE=15.40%; rRMSE=9.76%; R2=0. 
9742. 

As for the ANN-PSO model MAPE=16.09%; 
rRMSE=10.23%; R2=0.9717. 

When DHI was added, the results were not as 
accurate as desired compared to the other 
components in all models, as the ANN-FFA model 
gave relatively better results. The results were as 
follows MAPE=25.55%; rRMSE=17.24%; R2=0.9196. 
The ANN-WWOA model also did not have very 
satisfactory results and achieved average 
performance, as MAPE=24.24%; R2=0. 9071.  

The results in Table 8 confirm that including an 
additional radiation component in the model inputs 
clearly contributed to improving predictive 
performance, indicating that this variable adds an 
important informational dimension that was not 
adequately represented in the original model 
formulation. This enabled the ANN-FFA model to 
quickly exploit information via the "brightness 

attraction" mechanism, making it particularly 
effective in complex, highly interconnected search 
spaces. 

In contrast, the WWO algorithm showed less 
effectiveness when the optimization goal was 
precisely defined and the underlying relationships 
were clear. Its relative strength becomes apparent 
in ambiguous or nonlinear scenarios, as in the first 
case of this study, which relied entirely on climate 
data and had uncertain, complex input-output 
relationships. In such conditions, WWOA's broad 
and comprehensive search capability enables it to 
explore the difficult solution space with high 
efficiency, making it well-suited for complex and 
ambiguous optimization problems. 

The PSO algorithm demonstrated consistently 
acceptable performance across both cases. It 
performed particularly well in the weather-only 
scenario, owing to its efficient information-sharing 
mechanism among particles, which supports 
effective exploration and rapid adaptation in 
environments with weakly defined or noisy 
relationships. 

Finally, Figs. 5 and 6 display scatter plots of 
predicted versus actual GHI values. In these plots, 
blue markers represent the model predictions, 
while the red diagonal line indicates ideal one-to-
one agreement between observed and estimated 
values. 

Fig. 6 shows that the data points precisely match 
along a 1:1 ideal proportionality line, indicating a 
strong agreement between predicted and observed 
solar radiation values. This agreement is 
significantly enhanced by the addition of the GTI 
component, which improves model performance by 
reducing random scattering and systematic bias. 
The improved accuracy is due to the supplementary 
information provided by the GTI, which relates to 
the dynamic behaviour of solar radiation, 
particularly its interaction with an inclined surface 
under realistic atmospheric conditions. 
Consequently, the model becomes not only more 
accurate but also more physically consistent, 
underscoring the importance of incorporating field-
based variables into solar radiation forecasting 
frameworks. 

In contrast, Fig. 5 shows the ANN-WWOA model, 
which relies on a limited dataset and exhibits 
significantly weaker agreement, with numerous 
outliers that deviate markedly from the isotropy 
line. This demonstrates the inability of conventional 
weather data to fully describe the dynamics of solar 
radiation. The increased dispersion indicates that 
the input set lacks sufficient information to capture 
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the full variability of solar radiation, leading to a 
deterioration in predictive performance, 
particularly in critical situations and during sudden 
data fluctuations. This comparison clearly illustrates 
that incorporating direct solar radiation 
components, especially GTI, is an effective strategy 
for enhancing the reliability of solar radiation 
forecasting models. 

 

 
Fig. 5. Scatter plot for the ANN-WWOA model for 

meteorological and astronomical data 

 

 
Fig. 6. Scatterplot for ANN-FFA model with GTI 

 
To analyze the time behaviour of both actual and 

expected values, Figs. 7 and 8 illustrate the 
performance of the two models on a time series of 
data. 

When the GTI component was incorporated as 
an additional input, the ANN-FFA model achieved 
excellent performance, with the actual values (blue 
line) largely matching the expected values (orange 
line) in most cases, as shown in Fig. 7, 
demonstrating its high predictive power across 
various time periods. In contrast, the ANN-WWOA  
model utilizing astronomical and meteorological 

data, as depicted in Fig. 8, exhibits significant 
discrepancies between actual and predicted values.  

 
Fig. 7. Plot of true values and predictions for the ANN-

FFA model with GTI 
 

 
Fig. 8. Plot of true values and predictions for the ANN-

WWOA model for meteorological and astronomical data 

 
To understand the ability of the model to 

represent the statistical properties of the data, Figs. 
9 and 10 represent the Density Plot of True and 
Predicted Values (Histogram). 

Fig. 9 shows that the ANN-FFA model closely 
matches observed GHI values in the 100–500 W/m² 
range but struggles at low irradiance (<100 W/m²), 
where rapid transitions (e.g., sunrise or cloud 
edges) are hard to capture. The ANN-WWOA model 
performs weakest in the 0–200 W/m² range  
(Fig. 10), likely due to high atmospheric variability 
during morning/evening hours, yet achieves 
acceptable accuracy in the 200–600 W/m² daylight 
window. Performance degrades again at high 
irradiance (>600 W/m²), suggesting limited 
robustness under peak conditions. Overall, ANN-
FFA demonstrates superior fidelity, especially in 
transitional regimes critical for real-time solar 
forecasting. 
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Fig. 9. The density plot of true and predicted values for 

ANN-FFA model with GTI 
 

 
Fig. 10. The density plot of true and predicted values 

for the ANN-WWOA model for meteorological and 
astronomical data 

 
4. CONCLUSION  
 

This study investigated 10-minute ahead 
forecasting of GHI using ANNs optimized with three 
metaheuristic algorithms: the FFA, PSO, and 
WWOA. Using meteorological and astronomical 
data, the developed models were trained to identify 
the best ANN architectures for short-term solar 
irradiance forecasting. Furthermore, the 
relationship between GHI and its three main 
components, DNI, DHI, and GTI, was systematically 
examined using the developed models. 

In the first scenario, the model was built using 
only meteorological and astronomical variables, 
without including measurements of direct solar 
radiation. The performance of the models was 
evaluated using a set of approved statistical 
measures. Results indicated limited predictive 
capability across all configurations. Remarkably, the 
ANN–WWOA model, among the best-performing in 
this scenario, achieved R²=0.8831, reflecting 
substantial error and insufficient reliability for 
short-term forecasting. These findings underscore 
that meteorological and astronomical data alone 
are inadequate for accurate GHI prediction at high 
temporal resolution, particularly under rapidly 
fluctuating atmospheric conditions. 

To examine the relationship between solar 
radiation components and GHI, the same models 

described previously were employed, with one solar 
radiation component introduced as an additional 
input at a time. This approach was adopted to 
assess the influence of each component on the 
accuracy of the results. Using the previous statistical 
measures, it was shown that the GTI component 
made a significant improvement and high accuracy 
in the results for the models, in which ANN-FFA 
slightly outperformed the ANN-WWOA and ANN-
PSO models. The ANN-FFA model gave the following 
results: R2=0.9962. These results proved that GTI 
Incline is the most solar radiation component that 
has a relationship with GHI. The other components 
of solar radiation also provided improvements, as 
DNI gave good results in all models. The results for 
the ANN-FFA model were estimated at R2 = 0.9746, 
while DHI showed the least improvement for the 
studied models. 

The results of the investigation indicate that 
predicting Global Horizontal Irradiance over short 
periods using machine learning models requires 
access to solar radiation components, especially 
GTI. The study also showed that improving the 
artificial neural network model using the FFA, PSO 
and WWOA showed effectiveness in improving the 
accuracy of the model. Based on this, future 
research should expand the scope by developing 
additional models and more advanced 
metaheuristic inference algorithms, and broaden 
the study to include additional climatic variables, 
with the aim of achieving more accurate and 
effective predictions. This path opens up broad 
prospects for more effective practical applications 
in analysing and optimizing solar energy resources. 
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