Artificial Neural Network-Based Modeling for Monthly Average Global Solar Radiation Estimation in South East Nigeria
ABSTRACT
Reliable estimation of global solar radiation (GSR) is essential for the proper planning and performance evaluation of solar power systems. This research presents a neural network–based approach for estimating monthly mean GSR across South East Nigeria, covering Enugu, Imo, Ebonyi, Anambra, and Abia States. Twenty years of meteorological records (2005–2025), including air temperature, relative humidity, and wind speed, were utilized for model development. A feedforward multilayer perceptron trained using the backpropagation technique was implemented for the prediction task. Model evaluation indicates good agreement between predicted and observed values, with a mean absolute percentage error (MAPE) of less than 5%, a coefficient of determination (R²) of 0.95451, and a root mean square error (RMSE) of 0.32 MJ/m²/day. The findings demonstrate that the developed model can effectively estimate solar radiation in tropical locations where measured solar data are scarce. This approach can support informed decision-making in the design and expansion of solar energy projects within the region.
Keywords: Global solar radiation (GSR), Artificial Neural Network (ANN), South East Nigeria, neuralnet, backpropagation algorithm.
INTRODUCTION
Solar energy plays an increasingly important role in the shift toward cleaner and more sustainable power systems. This is especially relevant in tropical countries such as Nigeria, where solar radiation levels remain relatively high throughout the year. The South East region comprising Enugu, Imo, Ebonyi, Anambra, and Abia States has considerable solar potential that could support expanded renewable energy deployment. Nevertheless, the country has struggled with chronic electricity shortages for more than thirty years, limiting industrial growth and overall socio-economic progress.
The transition to a low-carbon energy system depends largely on greater integration of renewable sources such as solar, wind, hydropower, and biomass. Photovoltaic installations in Nigeria have increased in recent years, yet the accurate estimation of global solar radiation (GSR) remains a significant difficulty. Reliable solar radiation data are often unavailable because only a few meteorological stations are equipped with functional pyranometers. Precise GSR information is required for photovoltaic system sizing, solar thermal system design, performance evaluation, and climate-related studies. Conventional measurement techniques are expensive and provide limited spatial coverage, making predictive modeling an attractive alternative.
Artificial Neural Networks (ANNs) have been widely applied to capture nonlinear relationships between weather parameters and solar radiation. In this work, an ANN model is developed to estimate monthly mean GSR for South East Nigeria using twenty years of meteorological data. The approach provides a practical and cost-effective means of assessing solar resources in areas where direct radiation measurements are scarce.
Several studies have examined the use of machine learning techniques for forecasting solar power generation. A review of research conducted over a ten-year period presents an overview of how ML methods have been adopted and improved for solar forecasting applications. Although the study categorizes different algorithms, it provides limited explanation of model structures and input selection strategies, making it difficult to compare their relative performance.
Recent artificial intelligence–based approaches for solar radiation prediction are discussed, highlighting the growing shift toward data-driven techniques. Amadi et al 2025, focuses on estimating global solar radiation using multi-parameter empirical models developed specifically for Ebonyi State, Nigeria. While incorporating several meteorological variables improves estimation accuracy, the findings are largely confined to the study area. Broader geographic validation and the integration of more advanced predictive models would strengthen the wider applicability of such methods.
The use of Artificial Neural Networks (ANNs) for solar radiation prediction is examined in [6], with emphasis on evaluating different ANN training algorithms in terms of convergence speed and predictive performance. Despite the advantages reported, ANN models particularly those trained with algorithms such as Levenberg–Marquardt can suffer from overfitting if proper validation and regularization procedures are not applied. Similarly, (Aliyu 2020) employs a feedforward ANN trained with backpropagation to estimate daily global solar radiation in Northwest Nigeria using locally obtained weather data. However, important implementation details, including network configuration (hidden layers and neuron count), activation functions, and training duration, were not clearly specified, which limits reproducibility and comparative assessment.
METHODOLOGY
Study Area
This study focuses on the South East geopolitical zone of Nigeria, which comprises five states: Enugu (6.4°N, 7.5°E), Imo (5.5°N, 7.0°E), Ebonyi (6.3°N, 8.0°E), Anambra (6.2°N, 7.1°E), and Abia (5.5°N, 7.5°E). The region experiences a tropical climate characterized by alternating wet and dry seasons. Two distinct wet periods occur annually: a more intense rainy season from April to July and a less intense one from September to November. The dry season appears in two phases, August (with rainfall occurring on fewer days per month with short August break) and a prolonged dry period from December to March. The latter phase is marked by the Harmattan, a dry, dusty wind originating from the Sahara Desert, which typically peaks between December and early February.
Data Collection
Historical meteorological data covering a twenty-year period (2005–2025) were obtained from credible and recognized sources, including the Nigerian Meteorological Agency (NiMET) and satellite-based climate databases. NiMET provided ground-measured weather observations from meteorological stations located within the South East region of Nigeria, including Enugu, Imo, Ebonyi, Anambra, and Abia States. These stations record key atmospheric parameters required for solar radiation analysis and renewable energy studies.
The collected dataset included monthly records of air temperature (°C), relative humidity (%), and wind speed (m/s), which were used as input variables for the predictive model. Where direct ground measurements of global solar radiation were unavailable or incomplete, supplementary data were obtained from validated satellite-derived databases such as NASA’s Prediction of Worldwide Energy Resources (NASA POWER). These datasets are widely accepted in solar energy research due to their consistency, long-term coverage, and suitability for regions with limited ground-based solar monitoring infrastructure.
Prior to analysis, the collected data were carefully screened to ensure completeness, consistency, and reliability. Missing values and anomalies were handled using appropriate data preprocessing techniques, including interpolation and statistical validation, to maintain the integrity of the dataset. Monthly averages were computed from the available daily records to provide uniform input for model development and evaluation.
The use of long-term historical meteorological data ensured that the developed model captured seasonal and inter-annual variations in weather conditions, thereby improving its ability to accurately estimate global solar radiation for the study region.
ANN Model Development
A feedforward multilayer perceptron (MLP) network was adopted for the prediction of global solar radiation (GSR). The choice of the MLP structure was informed by its proven capability to approximate complex nonlinear functions and its widespread application in renewable energy forecasting studies. The network architecture comprised four neurons in the input layer, representing the selected meteorological variables (air temperature, relative humidity, wind speed, and an additional relevant climatic parameter), two hidden layers with five and three neurons respectively, and a single neuron in the output layer corresponding to the estimated GSR value.
Each neuron in the hidden layers receives weighted signals from the preceding layer, sums them with an associated bias term, and processes the result through a nonlinear activation function. In this study, a sigmoid activation function was employed in the hidden layers to capture nonlinear relationships between the input variables and solar radiation, while a linear activation function was used in the output layer to produce continuous GSR values. The inclusion of two hidden layers enhanced the network’s capacity to learn subtle interactions among the meteorological inputs without excessively increasing model complexity.
The training process was performed using the backpropagation algorithm. During training, the network weights were iteratively updated by propagating the prediction error backward through the network and adjusting the weights using gradient descent optimization. The objective was to minimize the mean squared error (MSE) between the predicted and observed GSR values. To improve generalization performance and reduce the likelihood of overfitting, the dataset was divided into training and validation subsets. Model performance was monitored during training, and learning was stopped when the error convergence criterion was satisfied.
Prior to model development, the input variables were normalized to a common scale to enhance training stability and accelerate convergence. Data normalization also prevents variables with larger numerical ranges from dominating the learning process. After training, the model outputs were transformed back to their original scale for evaluation.
All simulations and modeling procedures were implemented in the R programming environment using the neuralnet package. This package allows flexible specification of hidden layer configurations, choice of activation functions, control of training parameters, and graphical visualization of the resulting network structure. The developed ANN model was subsequently evaluated using statistical performance indicators to assess its predictive accuracy and reliability for solar radiation estimation in the study area.
The general structure of the implemented ANN model, consisting of input, hidden, and output layers interconnected by weighted links, is illustrated in Figure 1.
[image: ]
Figure 1. Overall Structure of an Artificial Neural Network.
[bookmark: _Hlk202469206]Each neuron within the hidden layers of an artificial neural network (ANN) processes its inputs using a computational function defined as: 
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Where:  input parameter, weight corresponding to each input parameter and the activation function g(⋅) used in each neuron can take various forms, including linear, sigmoid, or hyperbolic tangent functions, depending on the network design and problem complexity.




In a multilayer perceptron (MLP) network comprising multiple neurons, as illustrated in Figure 1, the output vector Y is expressed as:  Where:  input vector,  weight vector = functional relationship between input and output vector.
The computation steps for the backpropagation algorithm are presented as:

The output of the hidden node is gotten by:

								(2)


Where, is the input

 is the weight connecting input node to hidden node ,

is the bias input to the hidden node , usually ,

is the weight connecting the bias to hidden node ,

is the number of input nodes,

is the activation function (sigmoid)
The sigmoid activation function is defined as:
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The output of the output layer nodes  is calculated by:

							(4)


is the bias to output node , usually 

is the weight connecting the bias to the output node

is the number of hidden nodes

To compute the error at the output node :

								(5)

is the target (desired) output for node ,

represents the product of the output error and the derivative of the activation function.


To compute the error at the hidden node 

							(6)
Were, is the derivative of the activation function multiplied by the backpropagated error from the output layer,  is the number of output nodes
Weight updates for the output layer are performed as:

			         			  (7)


Where, is the learning rate while is the momentum constant.
The momentum term is computed as:

							(8)
The training process is repeated iteratively until the total squared error falls below a pre-defined threshold:

					           			 (9)
The structure of the neural network remains fixed during training; only the weights are updated.
DATA PREPROCESSING AND NORMALIZATION
To enhance model training and ensure consistency among the predictor variables, all input features were normalized to a [0,1] range using min–max normalization as presented: 

									(10)




Where is the normalized data point, is the original data point, is the maximum global data and is the minimum global data.
The dataset was then randomly partitioned into training (70%) and testing (30%) subsets. The training subset was used to develop the model, while the testing subset served to evaluate its generalization performance.
PERFORMANCE EVALUATION OF ANN MODELS
The effectiveness of the developed ANN models was assessed using statistical performance metrics, namely the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the correlation coefficient (R2). As outlined by, the MAE and RMSE are defined by the following equations:

								(11)
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Where : total number of data; measured monthly average global solar radiation; and  ANN predicted monthly average global solar radiation.






3. RESULTS
[image: ]
[image: ]Figure 2. A Neural Network Architecture Plot.                        

Figure 3.  Regression Plot for Training and Testing Data
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Figure 4. Plots of Predicted Vs Actual Global Radiation
Table 1. Performance Metrics Comparing Other Machine Learning Algorithms
	Model
	RMSE
	MAE
	R2

	Random Forest
	0.8214078
	0.6612371
	0.9103514

	ANN
	0.4054609
	0.3314389
	0.95451

	Linear Regression
	0.8033434
	0.6550671
	0.88469282

	SVR
	0.7446030
	0.5404511
	0.89419807


Discussion
The comparative evaluation of the developed models indicates clear differences in predictive performance across the applied machine learning techniques. As shown in Table 1, the Artificial Neural Network (ANN) outperformed the other models in all selected performance metrics. The ANN achieved the lowest root mean square error (RMSE = 0.4054609) and mean absolute error (MAE = 0.3314389), alongside the highest coefficient of determination (R² = 0.95451). These results indicate that the ANN model produced predictions that were closer to the observed global solar radiation (GSR) values and explained a larger proportion of the variance in the dataset compared to the alternative methods.
The Random Forest model demonstrated relatively strong performance (R² = 0.9103514), but its higher RMSE (0.8214078) and MAE (0.6612371) suggest larger prediction deviations when compared to the ANN. While Random Forest is effective in handling nonlinear relationships and interactions among variables, it may be less sensitive to subtle seasonal variations in solar radiation patterns within the study region.
Similarly, Support Vector Regression (SVR) achieved moderate predictive accuracy (R² = 0.89419807), with error values higher than those of the ANN. Although SVR is known for its robustness in high-dimensional spaces, its performance can be influenced by kernel selection and parameter tuning, which may limit its flexibility when modeling highly dynamic meteorological processes.
Linear Regression recorded the lowest coefficient of determination (R² = 0.88469282), indicating that it explained less variability in GSR compared to the nonlinear models. This outcome is expected, as solar radiation is influenced by complex and nonlinear interactions among meteorological variables, which simple linear models may not adequately capture.
Overall, the ANN model effectively predicted monthly average GSR across South East Nigeria using twenty years of meteorological data. The high R² value and reduced error metrics confirm the model’s ability to approximate the nonlinear relationships between temperature, relative humidity, wind speed, and solar radiation. In addition, the model successfully reproduced seasonal variations, with higher GSR values observed during the dry season and lower values during the rainy months.
Performance differences across the five states were minimal; however, slightly improved accuracy was observed in states such as Enugu and Ebonyi, where weather patterns tend to exhibit relatively stable seasonal transitions. The results demonstrate that the ANN approach provides a dependable and scalable framework for solar radiation estimation, particularly in regions with limited ground-based measurement infrastructure. This makes it suitable for supporting solar energy system design, feasibility studies, and renewable energy planning within the study area.
CONCLUSION  
This study developed and evaluated an Artificial Neural Network (ANN) model for estimating monthly average global solar radiation (GSR) in South East Nigeria. Using twenty years of meteorological data, the model demonstrated strong predictive capability and outperformed other evaluated machine learning techniques in terms of RMSE, MAE, and R². The findings confirm that nonlinear modeling approaches are better suited for capturing the complex interactions between atmospheric variables and solar radiation.
Given the limited availability of ground-based solar radiation measurements in many parts of Nigeria, the developed ANN framework provides a practical and economically viable alternative for solar resource assessment. The model’s ability to accurately reproduce seasonal trends further strengthens its suitability for photovoltaic system design, performance evaluation, and regional energy planning.
Future research may focus on integrating high-resolution satellite-derived radiation data to improve spatial coverage and robustness. In addition, the application of more advanced deep learning models—such as recurrent or hybrid architectures—could be explored to enhance predictive performance and support large-scale renewable energy deployment strategies.
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