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Accurate assessment of photovoltaic (PV) power output under varying environmental 

conditions is essential for evaluating solar energy performance and optimizing its 

application. This study employs a Feedforward back propagation neural network (FFBPNN) 

approach to predict the output power of a solar panel using a combination of electrical and 

weather-related parameters. The input variables include short-circuit current (𝐼𝑠𝑐), open-

circuit voltage (𝑉𝑜𝑐), maximum voltage (𝑉𝑚𝑎𝑥), maximum current (𝐼𝑚𝑎𝑥), efficiency (EFF) - 

represents how effectively it converts incident solar energy into electrical energy., fill factor 

(FF) - the ratio of the maximum obtainable power to the product of the open-circuit voltage 

and short-circuit current, solar radiation (G), wind speed (v), ambient temperature (Tₐₘ), and 

panel temperature (Tₚₐₙₑₗ) under solar radiation intensity in the ranges of 200–400, 400–600, 

600–800, and 800–1000 W/m². Three artificial neural network (ANN) models, ANN-10 (10 

inputs), ANN-8 (8 inputs, except 𝐼𝑠𝑐 and 𝑉𝑜𝑐), and ANN-6 (6 inputs, except 𝐼𝑠𝑐, 𝑉𝑜𝑐 , 𝑉𝑚𝑎𝑥  

and 𝐼𝑚𝑎𝑥), are developed for 496 dataset and compared based on their prediction accuracy 

using the coefficient of correlation (R) by varying a number of neurons in the hidden layer 
from 1 to 15. Among them, the ANN-8 model (8-10-1) demonstrates the highest prediction 

accuracy (R value of training, testing, validation and overall model exceeding 0.999) 

particularly at high solar radiation levels (800–1000 W/m²). The results confirm that 

FFBPNN-based modelling is a reliable and effective tool for forecasting PV output power 

under diverse operating conditions. This approach supports solar energy potential 

assessment and performance optimization across various geographical and climatic 

contexts. 
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I. INTRODUCTION 

In response to growing global energy demand, environmental degradation, and the urgent need to reduce reliance on fossil fuels, 

solar energy has become a cornerstone of sustainable development. Among renewable energy sources, solar power is particularly 

attractive due to its abundance, scalability, and minimal environmental impact [1]. Photovoltaic (PV) technology, which converts sunlight 

directly into electricity, plays a central role in harnessing this resource [2]. The increasing integration of PV systems across residential, 

commercial, and utility-scale applications reflects a global shift toward clean energy. However, the intermittent and variable nature of 

solar irradiance, shaped by geographic, meteorological, and temporal factors, poses significant challenges to the consistent and efficient 

operation of PV systems [3]. Accurate forecasting and modelling of PV output are thus critical for grid stability, energy planning, and 

operational efficiency [4]. 
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PV system performance is governed by complex, nonlinear relationships between environmental parameters (e.g., solar 

irradiance, temperature, wind speed, humidity) and electrical outputs (e.g., voltage, current, power) [5]. Predicting output under varying 

conditions is vital not only for system monitoring and control but also for optimizing energy storage, demand response, and economic 

dispatch, especially in smart grids and hybrid energy systems. Despite its importance, accurately modelling PV behaviour remains difficult 

due to the stochastic and nonlinear nature of these influencing factors [6]. Traditional modelling approaches, empirical, analytical, and 

physics-based, have laid the foundation for PV system analysis. These methods often rely on simplified assumptions and require parameter 

calibration, which may not generalize well under dynamic real-world conditions [7]. For instance, the widely used single-diode model 

requires parameters that could be hard to measure or that vary over time. Similarly, regression-based methods assume fixed functional 

relationships, limiting their ability to capture the nonlinear dynamics of PV performance. These limitations highlight the need for more 

adaptable, data-driven approaches [8].  

In this context, machine learning (ML) has emerged as a promising alternative for modelling complex systems, including PV 
output prediction. Among ML techniques, Artificial Neural Networks (ANNs) are particularly well-suited for this task due to their ability 

to model nonlinear relationships, manage noisy data, and generalize from historical patterns [9]. Modelled after the human brain, ANNs 

comprise layers of interconnected neurons that transform input features through weighted connections and activation functions to generate 

outputs. This structure allows ANNs to approximate complex functions without requiring predefined mathematical models [10]. The 

application of ANNs to PV modelling represents a shift from equation-driven to data-driven methodologies [11]. Leveraging large 

volumes of operational and meteorological data, often collected by sensors and monitoring systems, ANNs adapt to different PV 

technologies, configurations, and climate conditions. They could also be integrated with other intelligent systems such as fuzzy logic, 

genetic algorithms, or hybrid ML frameworks to further improve prediction accuracy and robustness [12]. Numerous studies have 

validated the effectiveness of ANNs in predicting PV performance [13- 15].  

For instance, a Levenberg-Marquardt back-propagation ANN model with six input parameters and a hidden layer of up to 35 

neurons achieved high accuracy in output prediction [16]. Other studies compared radial basis and feed-forward topologies using different 
training algorithms, finding mean bias errors below 1% and prediction errors between 0.05% and 1% [17-20]. In another case, an MLP 

model with seven inputs predicted maximum voltage (𝑉𝑚) and current (𝐼𝑚) with high precision using a single hidden layer of up to ten 

neurons [21]. A feed-forward ANN with two hidden layers, trained on six meteorological variables, achieved R² values as high as 99.9% 

when predicting mono-crystalline PV output [22]. Mellit et al. (2013) demonstrated that even simple ANN structures could effectively 

predict PV output. Using one year's worth of data for a 50 𝑊𝑝 module, their model, with just a single hidden neuron, achieved 

determination coefficients of 96–97% on sunny days and 93–97% on cloudy days [23]. Compared to traditional techniques, ANN-based 

models consistently offer superior accuracy in capturing the effects of environmental variability, shading, and system degradation.  
They also provide practical benefits in terms of implementation speed and computational efficiency, especially with modern 

hardware and software capabilities [24]. Nevertheless, the effectiveness of ANN models depends on factors such as network architecture, 

input feature selection, training algorithms, and data quality [25]. Despite their promise, ANN-based models in PV energy forecasting 

often face challenges such as overfitting, convergence instability, and limited interpretability. Recent advances, however, are steadily 

overcoming these limitations. Regularization strategies, ensemble learning, and data augmentation enhance generalization, while adaptive 

optimizers, metaheuristic-assisted training, and advanced initialization improve convergence speed and stability. Furthermore, 

explainable AI tools, attention mechanisms, and hybrid physics-informed networks enhance transparency and trust in predictions.  

Together, these developments expand the reliability and applicability of ANN models, enabling more accurate forecasting, fault detection, 

and system optimization, thereby strengthening their role in modern PV energy research and grid integration [26]. Despite the 

demonstrated success of ANN-based models in PV output prediction, several research gaps remain.  

Many existing studies focus on limited datasets, specific PV technologies, or narrow environmental conditions, which restrict  

the generalizability and robustness of the models [24], [26]. Furthermore, there is a lack of systematic comparison between different ANN 
architectures in terms of prediction accuracy, training efficiency, and sensitivity to input features. Additionally, few studies explore the 

integration of real-time meteorological data or assess model performance across diverse climatic zones [25]. These limitations highlight 

the need for more comprehensive, adaptable, and scalable ANN frameworks tailored to dynamic, real-world conditions. The present study 

aims to address these gaps by developing a data-driven ANN model that leverages diverse environmental inputs and evaluates multiple 

neural network configurations to optimize PV power output prediction. The novelty of this work lies in its systematic exploration of ANN 

architectures under varying climatic conditions, the inclusion of a broader set of input features, and the evaluation of model performance 

across different PV technologies. This approach not only enhances prediction accuracy but also contributes to the development of more 

reliable and transferable forecasting tools for modern energy systems. 

Hence, this study aims to develop and evaluate an ANN model for accurately predicting the output power of photovoltaic (PV) 

systems under varying environmental conditions. The primary objective is to investigate the impact of different electrical and 

meteorological input parameters on the accuracy of PV power prediction. Specifically, the study seeks to: (i) assess the predictive 

performance of ANN models using a combination of electrical parameters (short-circuit current (𝐼𝑠𝑐), open-circuit voltage (𝑉𝑜𝑐), maximum 

voltage (𝑉𝑚𝑎𝑥), maximum current (𝐼𝑚𝑎𝑥), efficiency (EFF), fill factor (FF)) and environmental factors (solar radiation, wind speed, 

ambient temperature, and panel temperature); (ii) analyse the effect of different solar radiation intensity ranges on model accuracy; (iii) 

optimize ANN architecture by varying the number of input features and hidden layer neurons; and (iv) compare the prediction accuracy 

of three ANN models (ANN-10, ANN-8, and ANN-6) using the coefficient of correlation (R). The findings aim to support the application 

of ANN-based modelling for PV performance evaluation and solar energy forecasting across diverse climatic conditions. 
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II. METHODOLOGY 

This study develops an ANN model to predict the output power of a photovoltaic (PV) module under varying environmental 

conditions. The model is trained and evaluated using field experimental data collected over a one-month period at UCSI University Field 
Campus, Kuala Lumpur, Malaysia (Latitude: 3.079548° N, Longitude: 101.733216° E, Elevation: 70 m). The site experiences a tropical 

climate, making it suitable for solar energy potential assessment and performance prediction. 

II.1 PV MODULE SPECIFICATIONS AND MEASUREMENT INSTRUMENTS 

The solar panel model ZDNY-250C60 is made of Monocrystal (a-Si) material. The panel size is 1650×992×40 mm, and it 

consists of 60 cells. Its maximum power output is 250 W. The open-circuit voltage (𝑉𝑜𝑐) is 37.85 V, the short-circuit current (𝐼𝑠𝑐) is 8.40 

A, the voltage at maximum power (𝑉𝑚𝑎𝑥) is 31.17 V, and the current at maximum power (𝐼𝑚𝑎𝑥) is 8.03 A. The maximum system voltage 
is 1000 V, and the maximum fuse current is 15 A. The output tolerance is 0/+3%, and the measurements were taken at a temperature of 

25°C. Each cell has a dimension of 125×125 mm Figure (1). 

II.2 DATA COLLECTION AND INPUT FEATURES 

Data were collected using the experimental setup shown in Fig.(1), over a month period from 25 June to 26 July 2025, with 

measurements taken daily between 9:00 a.m. and 5:00 p.m. A PROVA 200A I-V Tracer Solar Module Analyzer was used to measure 

Open circuit voltage (𝑉𝑜𝑐), Short-Circuit current (𝐼𝑠𝑐), Voltage at max power (𝑉𝑚𝑝), and Current at max power (𝐼𝑚𝑝) capture the electrical 

characteristics of the PV module. The surface temperature of the panel was measured using a FLUKE 59 Mini IR Thermometer, while 

ambient temperature was recorded via a wired Mercury thermometer. Wind speed was monitored using a handheld anemometer. The 

following parameters were recorded at regular intervals: (i) Electrical parameters: 𝐼𝑠𝑐, 𝑉𝑜𝑐 , 𝑉𝑚𝑎𝑥 , 𝐼𝑚𝑎𝑥, Efficiency (EFF), Fill Factor (FF), 

(ii) Environmental parameters: Solar Radiation (G), Wind Speed (v), Ambient Temperature (Tₐₘ), Panel Temperature (Tₚₐₙₑₗ), and (iii) 

The PV output power served as the target (output) variable for the ANN model. To evaluate model performance under different irradiance 

conditions, solar radiation data were grouped into four categories: 200–400, 400–600, 600–800, and 800–1000 W/m². 

 
Figure 1: Experimental set-up used in the present study. 

Source: Authors, (2026). 

II.3 ANN MODELLING 

Artificial Neural Network (ANN) is a computational modelling framework inspired by the structure of the human brain, 

consisting of interconnected processing units (neurons) arranged in three layers: input, hidden, and output [27]. In this study, a feed-
forward Multilayer Perceptron (MLP) architecture was employed Figure (2), implemented in MATLAB 2024. Each input parameter is 

supplied to a neuron in the input layer, processed through synaptic weights and activation functions within the hidden layer, and finally 

transformed into the predicted output in the output layer [28]. 

 
Figure 2: General architecture of ANN. 

Source: Authors, (2026). 
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The dataset containing 40 entries was divided into 70% training, 15% testing, and 15% validation. Before training, all input 

parameters were normalized to a [0, 1] range using the Eq. (1): 

 

𝑋𝑖 =
0.8

𝑑𝑚𝑎𝑥−𝑑𝑚𝑖𝑛
 (𝑑𝑗 − 𝑑𝑚𝑖𝑛) + 0.1                                                                           (1) 

 

Where 𝑑𝑚𝑎𝑥, 𝑑𝑚𝑖𝑛 , and 𝑑𝑖 are the maximum, minimum, and current values of the dataset, respectively. The ANN model was 

trained using the Levenberg–Marquardt algorithm, known for its fast convergence. The common activation functions used in ANN are 

provided in Eq. (2). The sigmoid activation function was used in the hidden layer to introduce nonlinearity and enable the ANN to learn 

the complex nonlinear relationships inherent in solar radiation and PV electrical behaviour. The output layer used a linear activation 

function because the target variable (PV output power) is continuous and unbounded, requiring an unrestricted output range. This 

sigmoid–linear combination is the standard architecture for regression tasks and ensures both stable training and accurate numerical 

prediction. 

f(s)= 

{
 

 
𝑆 𝑙𝑖𝑛𝑒𝑎𝑟 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛

1

1+𝑒−𝑠
  𝑠𝑖𝑔𝑚𝑜𝑖𝑑 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛

   
𝑒−𝑠

𝑒+𝑠+𝑒−𝑠
 ℎ𝑦𝑒𝑟𝑏𝑜𝑙𝑖𝑐 𝑡𝑎𝑛𝑔𝑒𝑛𝑡 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛

                                                                     (2) 

 

The error function, as given in Eq. (3),  to be minimized during training is given in by: 
 

𝐸 =
1

2
 ∑ (𝑦𝑘̅̅ ̅ − 𝑦𝑘)

2𝑙
𝑘=1                                                                                      (3) 

 

The ANN models were evaluated using Coefficient of Correlation (R), which measures the strength of the linear relationship 

between predicted and actual output. To analyse the influence of different input combinations(in shown Table 1), three ANN models 

were developed: 

Table 1: Different input combinations used in the ANN models. 

Model Input parameters 
1 ANN-10 𝐼𝑠𝑐, 𝑉𝑜𝑐 , 𝑉𝑚𝑎𝑥 , 𝐼𝑚𝑎𝑥 , EFF, FF, G, v, 𝑇𝑎𝑚 , 𝑇𝑝𝑎𝑛𝑒𝑙  

2 ANN-8 𝑉𝑚𝑎𝑥 , 𝐼𝑚𝑎𝑥 , EFF, FF, G, v, 𝑇𝑎𝑚 , 𝑇𝑝𝑎𝑛𝑒𝑙  

3 ANN-6 EFF, FF, G, v, 𝑇𝑎𝑚 , 𝑇𝑝𝑎𝑛𝑒𝑙  

Source: Authors, (2026). 

For each model, the number of neurons in the hidden layer was varied between 1 and 15, and the architecture was trained multiple 

times to identify the configuration that yielded the best pre curacy. The methodology of the ANN model is illustrated in Figure 3. 

 
Figure 3: Implementation of methodology for ANN in the present study. 

Source: Authors, (2026). 

III. RESULTS 

This manuscript investigates the effect of different multilayer perceptron (MLP) architectures on the performance of three 

artificial neural network (ANN) models for predicting solar radiation across various intensity ranges (200-1000 W/m²). The study 

evaluates the influence of the number of neurons in the hidden layer on the correlation coefficient (R), which measures the accuracy of 

model predictions. The analysis reveals that ANN-10 demonstrates consistent and high predictive performance across multiple neuron 

configurations, particularly excelling in the 800-1000 W/m² range Fig(4). It maintains high R-values (mostly above 0.95), reflecting 

stability, robustness, and optimal model complexity. ANN-8, consistently achieves high and stable R-values, indicating superior 

generalization and minimal oscillations across neuron configurations. In contrast, ANN-6 exhibits significant fluctuations and 

instability across all ranges, suggesting higher sensitivity to network structure and potential overfitting or underfitting issues. These 

irregular trends highlight the challenges of model complexity in this configuration.  
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Figure 4: Effect of MLP architecture on ANN fitting performance for three models of solar radiation range (800-1000 W/m2). 

Source: Authors, (2026). 

Overall, the findings suggest that while ANN-10 and ANN-8 perform well across specific ranges, ANN-10 stands out for its 

consistent high performance in the 800-1000 W/m² range, making it a strong candidate for solar radiation modelling in these higher 

intensity ranges. Figure (5) presents the effect of multilayer perceptron (MLP) architecture, specifically the number of neurons in the 

hidden layer, on the correlation coefficient (R) for three artificial neural network (ANN) models: ANN-10, ANN-8, and ANN-6, 

developed for predicting solar radiation within the range of 600-800 W/m². The correlation coefficient (R) quantifies the agreement 

between predicted and measured solar radiation, with values approaching unity indicating higher model accuracy and generalization 

capability.  

As shown in the Fig (5), all three ANN configurations exhibit variations in correlation coefficient values with changes in the 
number of neurons in the hidden layer, reflecting the sensitivity of model performance to network complexity. The ANN-10 model (blue 

line) displays relatively stable and high R-values across most configurations, predominantly ranging between 0.90 and 1.00, with minor 

fluctuations at specific neuron counts. The ANN-8 model (orange line) also achieves strong predictive performance but exhibits more 

pronounced oscillations, with R-values varying between 0.80 and 1.00 depending on the number of neurons. In contrast, the ANN-6 

model (green line) shows significant instability and broader fluctuations in R, ranging between 0.70 and 0.98, suggesting higher sensitivity 

to the chosen network structure and potential overfitting or underfitting at certain configurations. 

 
Figure 5: Effect of MLP architecture on ANN fitting for three models of solar radiation range (600-800 W/m2). 

Source: Authors, (2026). 

Based on the observed R-values, the ANN-6 model demonstrates the best overall performance, maintaining high correlation 
coefficients (mostly above 0.95) across a wide range of hidden-layer neuron counts. This indicates superior stability, robustness, and 

generalization in fitting the nonlinear relationships governing solar radiation within the specified range. The consistently high R-values 

imply that ANN-6 achieved an optimal balance between model complexity and learning efficiency, resulting in minimized prediction 

errors and better adaptability to unseen data. Conversely, the irregular trends observed in ANN-8 and ANN-6 suggest less consistent 

learning behaviour and potential over-dependence on the number of hidden neurons. 

Figure (6) presents the effect of multilayer perceptron (MLP) architecture specifically the number of neurons in the hidden layer 

on the correlation coefficient (R) for three artificial neural network (ANN) models: ANN-10, ANN-8, and ANN-6, developed for 

predicting solar radiation within the range of 400-600 W/m². The correlation coefficient (R) quantifies the agreement between predicted 

and measured solar radiation, with values approaching unity indicating higher model accuracy and generalization capability. As shown 

in the figure, all three ANN configurations exhibit variations in correlation coefficient values with changes in hidden-layer neuron 

numbers, reflecting the sensitivity of model performance to network complexity. 
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The ANN-10 model (blue line) displays relatively stable and high R-values across most configurations, predominantly ranging 

between 0.90 and 1.00, with minor fluctuations at specific neuron counts. The ANN-8 model (orange line) also achieves strong predictive 

performance but exhibits more pronounced oscillations, with R-values varying between 0.80 and 1.00 depending on the number of 

neurons. In contrast, the ANN-6 model (green line) shows significant instability and broader fluctuations in R, ranging between 0.70 and 

0.98, suggesting higher sensitivity to the chosen network structure and potential overfitting or underfitting at certain configurations. 

 
Figure 6: Effect of MLP architecture on ANN fitting for three models of solar radiation range (400-600 W/m2). 

Source: Authors, (2026). 

Based on the observed R-values, the ANN-10 model demonstrates the best overall performance, maintaining high correlation 

coefficients (mostly above 0.95) across a wide range of hidden-layer neuron counts. This indicates superior stability, robustness, and 

generalization in fitting the nonlinear relationships governing solar radiation within the specified range. The consistently high R-values 

imply that ANN-10 achieved an optimal balance between model complexity and learning efficiency, resulting in minimized prediction 

errors and better adaptability to unseen data. Conversely, the irregular trends observed in ANN-8 and ANN-6 suggest less consistent 

learning behaviour and potential over-dependence on the number of hidden neurons. 

Figure (7) presents the effect of multilayer perceptron (MLP) architecture specifically, the number of neurons in the hidden layer 
on the correlation coefficient (R) for three artificial neural network (ANN) models: ANN-10, ANN-8, and ANN-6, developed for 

predicting solar radiation within the range of 200-400 W/m². The correlation coefficient (R) represents the strength of the relationship 

between predicted and measured solar radiation values, where values closer to 1 indicate superior prediction accuracy and stronger model 

generalization. As shown in the figure, all three ANN models exhibit noticeable variations in R-values as the number of hidden-layer 

neurons increases, reflecting the sensitivity of model performance to architectural complexity.  

The ANN-8 model (orange line) consistently demonstrates the highest and most stable R-values across nearly all configurations, 

maintaining correlations predominantly above 0.95, with minimal fluctuations. This trend indicates that ANN-8 effectively captures the 

nonlinear patterns in the solar radiation data while avoiding overfitting or underfitting. The ANN-R10 model (blue line) shows moderate 

performance, with R-values generally ranging between 0.80 and 0.95. Although it achieves strong correlations at certain neuron counts 

(e.g., around 5–6 and 10–11 neurons), the performance exhibits greater oscillations, suggesting sensitivity to the network structure and 

possible inconsistencies in generalization when the architecture changes. The ANN-6 model (green line), by contrast, demonstrates the 

lowest and most unstable R-values, fluctuating between 0.55 and 0.95, which implies weaker learning stability and a higher likelihood of 

overfitting or underfitting across different hidden-layer configurations. 

 
Figure 7: Effect of MLP architecture on ANN fitting for three models of solar radiation range (200-400 W/m2). 

Source: Authors, (2026). 
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Based on the observed results, the ANN-8 model is identified as the best-performing MLP architecture for this solar radiation 

range. Its consistently high R-values and minimal oscillations indicate superior predictive robustness, stability, and adaptability across 

varying hidden-layer neuron counts. This suggests that ANN-8 achieved an optimal balance between model complexity and learning 

efficiency, leading to more reliable and accurate solar radiation predictions. 

VI. DISCUSSION 

For manuscript discussion, these findings highlight that while all models are influenced by hidden-layer neuron variations, ANN-

8’s architecture demonstrates the most reliable and generalizable learning behaviour. The stability of its correlation coefficients indicates 
that it effectively captures the underlying physical and nonlinear dependencies of solar radiation within the 200-400 W/m² range, making 

it the most suitable architecture for practical modelling and forecasting applications. 
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Figure 8: Regression performance of ANN-10, ANN-8, and ANN-6 models at different solar radiation ranges (200–1000 W/m²) 

showing correlation coefficients (R) for training, validation, testing, and overall datasets. 
Source: Authors, (2026). 

The regression plots for all models (ANN-10, ANN-8, and ANN-6) under different solar radiation ranges (200–1000 W/m²) are 

presented in Fig ( 8). The correlation coefficient (R) was used to evaluate the prediction accuracy of each model. 
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Among the tested configurations, the ANN-8 model consistently achieved the highest R-values across training, validation, and 

testing datasets, indicating strong predictive reliability and superior generalization capability. At higher radiation levels (800–1000 W/m²), 

ANN-8 achieved an almost perfect fit (R ≈ 0.9999), while ANN-10 and ANN-8 recorded slightly lower but still high correlations. 

Similarly, for mid-range radiation (600–800 W/m²), ANN-10 exhibited an R ≈ 0.985, demonstrating robust prediction with minimal 

deviation. At lower radiation levels (200–400 W/m² and 400–600 W/m²), all models maintained good predictive capability, though minor 

reductions in R were observed, possibly due to increased variability in measured data. Overall, ANN-8 outperformed ANN-10 and ANN-

6 across all radiation categories, suggesting that its architecture and parameter tuning were most effective in capturing the nonlinear 

behaviour of solar radiation. The comparative evaluation of ANN architectures across different solar radiation ranges demonstrates the 

strong influence of input size and hidden layer configuration on model performance. The results consistently reveal that the number of 

input features plays a decisive role in predictive accuracy, while the hidden layer size contributes to fine-tuning the learning and 

generalization capability of the models [29]. 
For the highest radiation range (800–1000 W/m²), ANN-R8 with eight inputs emerged as the most effective configuration. The 

MLP (8-10-1) architecture achieved nearly perfect regression values across training, testing, and validation, highlighting its ability to 

capture the nonlinear relationships in this intensity band. In contrast, models with six inputs (ANN-6) showed weaker performance, with 

the best architecture (6-5-1) still underperforming relative to the 8- and 10-input models [30]. This suggests that reducing the 

dimensionality of the input space limits the ability of network to learn the complex patterns inherent in high-intensity solar radiation data. 

In the 600–800 W/m² range, the superiority of ANN-8 (8 inputs) was reinforced. The MLP (8-1-1) model provided the highest consistency, 

achieving regression values close to unity across all phases. Interestingly, in this radiation band, some 6-input models also delivered 

competitive performance, particularly MLP (6-15-1), which maintained strong validation accuracy. This indicates that for mid-range 

radiation intensities, the complexity of input features can be somewhat reduced without severely compromising prediction accuracy, 

provided that the hidden layer is configured effectively [31].  

At the 400–600 W/m² range, the results once again emphasized the strength of the 8-input models. ANN-8 with MLP (8-15-1) 
delivered outstanding regression values, demonstrating robustness and generalization ability across datasets. The 10-input model (ANN-

10) with MLP (10-11-1) also showed high reliability, but its performance fluctuated more across different subsets, suggesting occasional 

overfitting. The 6-input models in this range displayed greater variability, with certain configurations performing well (e.g., MLP 6-7-1) 

while others struggled, indicating that fewer input features reduce stability and predictive robustness [32]. For the lowest radiation range 

(200–400 W/m²), the pattern remained consistent: 8-input models were the most effective, particularly ANN-8 with MLP (8-13-1), which 

achieved near-perfect regression values across training, testing, and validation. The 10-input models performed well in certain 

configurations, such as MLP (10-7-1), which balanced accuracy and generalization effectively. However, the 6-input models again 

showed inconsistent performance, with only a few architectures like MLP (6-7-1) delivering reliable outcomes [33]. This reinforces the 

observation that reducing input dimensionality to six features constrains the capacity of model to capture variability in the lower radiation 

bands.  

A critical aspect revealed by the results is the balance between overfitting and underfitting. Some 10-input networks, particularly 

those with larger hidden layers, demonstrated very high training accuracy but weaker performance on validation data. This suggests a 
tendency toward overfitting, where the model memorizes training patterns without effectively generalizing to unseen data [34]. On the 

other hand, some 6-input models, especially with fewer hidden neurons, showed underfitting, as they were unable to capture sufficient 

complexity to accurately represent solar radiation variability. The 8-input networks consistently avoided both extremes by maintaining 

strong generalization, indicating an optimal balance between model complexity and predictive stability. The findings across all radiation 

ranges demonstrate that ANN-8 models with eight input features consistently outperformed both the 10-input and 6-input networks. The 

8-input configurations not only provided superior predictive accuracy but also ensured stability and generalization across different solar 

radiation ranges.  The results further highlight the importance of optimizing hidden layer size, as models with too few or too many neurons 

occasionally exhibited reduced generalization despite high training accuracy [35].  

Thus, selecting the appropriate number of inputs alongside a balanced hidden layer configuration is critical for achieving robust 

solar radiation prediction. Among all tested architectures, ANN-8 with MLP (8-10-1) stands out as the most effective, offering both 

computational efficiency and high predictive reliability across radiation ranges. From a practical perspective, these findings have direct 
implications for solar energy applications. Reliable solar radiation prediction is essential for photovoltaic (PV) system design, energy 

storage planning, and grid integration. Accurate forecasts help optimize the sizing of PV modules and batteries, improve energy dispatch 

strategies, and reduce reliance on fossil-fuel backup systems. The demonstrated stability of the 8-input models indicates that such 

configurations can provide dependable forecasts under varying radiation conditions, thereby supporting more efficient energy 

management. Furthermore, the insights on overfitting and underfitting emphasize the need for careful architecture selection to avoid 

unreliable predictions that could compromise planning and operational decisions in solar energy systems [36]. The superior performance 

of ANN-8 across all radiation ranges demonstrates its robustness and adaptability in modelling nonlinear solar radiation behaviour.  

The near-unity correlation coefficients (R > 0.99) in both training and testing phases indicate excellent learning and 

generalization capability. The slightly reduced performance of ANN-10 and ANN-6 in certain ranges may be attributed to overfitting or 

inadequate neuron configuration, which limits the model’s ability to adapt to complex variations in input–output relationships. The 

stability of ANN-8 across both high and low radiation levels confirms its optimized network architecture and well-balanced hidden layer 
design. These results affirm that ANN-based models, particularly ANN-8, are highly reliable for solar radiation estimation and serve as 

an efficient computational alternative to traditional empirical or statistical methods. The performance of three artificial neural network 

(ANN) models (ANN-10, ANN-8, and ANN-6) was evaluated across different solar radiation ranges (200–1000 W/m²) to understand the 

effect of multilayer perceptron (MLP) architecture, specifically the number of neurons in the hidden layer, on the correlation coefficient 

(R). The results revealed that ANN-10 demonstrated the most consistent and robust performance, particularly in the 800–1000 W/m² 

range, maintaining high R-values (between 0.90 and 1.00) across various neuron configurations, suggesting optimal stability and 

generalization capability.  

Page 1236



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.57, p. 1229-1239, January/February, 2026. 

 

 

In contrast, ANN-8 achieved the highest and most stable R-values, particularly in the 200-400 W/m² range, consistently 

exceeding 0.95. This indicates its superior ability to generalize and effectively capture the nonlinear relationships in the data, with minimal 

fluctuations in performance across hidden-layer neuron changes. However, ANN-6 exhibited significant instability across all radiation 

ranges, with fluctuating R-values ranging from 0.55 to 0.98, pointing to overfitting and underfitting challenges due to its sensitivity to 

network complexity. Overall, the findings suggest that the choice of ANN architecture plays a crucial role in predicting solar radiation, 

with ANN-10 being most suitable for higher radiation ranges and ANN-8 offering superior reliability in lower ranges, while ANN-6 

showed less consistent results, making it less ideal for accurate predictions [37]. 

This section presents a comparison of current state-of-the-art regression models for photovoltaic power forecasting, evaluated 

using the R² regression metric in Table 2. 

Compared to the research articles referenced in Table 1, the proposed model presented improved results in photovoltaic power prediction 

as measured by the R² regression metric. However, the novel aspect of the model is located in the portability of the most effective 
regression technique. The proposed model has achieved a R² value of 0.999 in 800–1000 W/m² range and utilises a novel preprocessing 

approach and method. The feature engineering process in the proposed model employed correlation coefficients to extract significant 

features from the dataset. 

Table 2: Comparison of present results with literature. 

Case 

study 

Feature selection 

method 
Regression model Features Type Maximum R Dataset Used 

[38] 
Tree-based feature 

importance & principal 

component analysis 

Artificial neural network 
and random forest 

4 0.9672 
Hawaii, United States of 

America (2016) 

[39] 

7, 6, and 5 input scenarios 

manually tested; no 

automatic feature 

selection algorithm. 

(ANN) with multilayer 

feed-forward architecture 

and backpropagation 

algorithms (GD, LM, RP, 

SCG). 

9 0.9629 
Indian Meteorological 

Department 

[40] 

Wavelet transformation-

based decomposition 

technique 

WT-LSTM, LSTM, 

Ridge regression, Lasso 

regression, elastic-net 

regression 

7 0.9749 
Urbana Champaign, 

Illinois 

[41] 

Manual selection using 

domain knowledge; 6 

input parameters selected 

for physical relevance to 
PV generation. 

(ANN) with Levenberg–

Marquardt 

backpropagation. 

6 0.9925 

Middle Technical 

University, Baghdad–

Iraq. 

[42] 
Pearson’s correlation and 

heatmap 
(LR), (GBR),       (MLP) 4 0.9823 

Sharda University PV 

Dataset 

Present 

study 

Feature reduction 

performed only by 

comparing 10, 8, and 6 

input combinations 

Levenberg-Marquardt 

algorithm;  

ANN-10, ANN-8, 

ANN-6 

10 0.9995 

UCSI University Kuala 

Lumpur, Malaysia), 1-

month experimental 

dataset (25 June–26 July 

2025) 

Source: Authors, (2026). 

V. CONCLUSION 

This study developed and evaluated ANN models for predicting the output power of photovoltaic (PV) systems under varying 

environmental conditions. Three ANN configurations with different input combinations (10, 8, and 6 parameters) were evaluated across 

four solar radiation ranges (200–400, 400–600, 600–800, and 800–1000 W/m²). The results demonstrate that model performance strongly 

depends on both the number of input features and the hidden layer architecture. Among the tested models, ANN-8 (8 inputs) consistently 

outperformed ANN-10 (10 inputs) and ANN-6 (6 inputs), achieving near-perfect regression values (R ≈ 0.999) across most radiation 

ranges. This indicates that selecting an optimal subset of input variables, rather than using all available parameters, enhances predictive 

accuracy and reduces computational complexity. The findings also confirm that ANN models are highly effective in capturing the 

nonlinear relationships between electrical and environmental parameters influencing PV performance. Overall, the study highlights the 

robustness of ANN-based modelling for solar energy forecasting and system performance evaluation. By systematically comparing 

different ANN architectures, this work provides practical insights into input feature selection and network design, supporting the 

deployment of reliable and efficient prediction tools for PV applications across diverse climatic conditions. 
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