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Solar power plants are highly dependent on solar radiation intensity, which 
fluctuates due to changes in atmospheric conditions. To maintain system 
stability and efficiency, an accurate short-term solar radiation prediction model 
is essential. This study developed a model for forecasting global solar radiation 
one hour ahead using the Backpropagation Neural Network (BPNN) method. 
The dataset was obtained from a photovoltaic (PV) system at Building A8 of 
Surabaya State University, recorded over four days (June 14-17, 2025) at two-
minute intervals. Five input variables were used: clearness index, solar 
radiation, air temperature, air humidity, and PV output power, resulting in a total 
of 3,020 data samples. The model was trained through a trial-and-error process 
by varying the number of neurons, hidden layers, and epochs to determine the 
optimal configuration. The forecast capability of the model was assessed 
through four statistical indicators: Mean Squared Error (MSE), Root Mean 
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and the 
coefficient of determination (R²). The best performance was achieved with a 
network architecture of 15 input neurons representing input variables resulting 
from data transformation using the sliding window method, one hidden with 25 
neurons, and a single unit in the output layer trained for 2000 epochs, resulting 
in R2 = 0.98, MAPE = 5.89%, and MSE = 0.00027. The novelty of this research 
lies in the integration of meteorological data with actual PV power output as 
model input, enabling the network to capture more realistic nonlinear temporal 
relationships. The proposed short-term forecasting model provides a practical 
approach to predicting solar radiation based on historical data and can support 
efficient energy management and photovoltaic system performance analysis. 

 
1. Introduction 

Solar radiation forecasting is an important aspect of solar energy and meteorology studies because solar radiation 
plays a key role in energy planning and maintaining the reliability of solar energy systems [1]. The fundamental challenge 
in solar radiation forecasting lies in its highly variable temporal and spatial nature due to the influence of atmospheric 
dynamics. Atmospheric variables such as cloud formation, relative humidity, air temperature, pressure, and aerosols 
cause fluctuations in radiation intensity that are difficult to predict consistently [2]. These conditions make solar radiation 
forecasting a complex problem [3]. 

This forecasting process requires the application of various methods designed to provide estimates of future solar 
radiation levels with varying degrees of accuracy. One widely used approach is data-based modelling. These data-
based models apply machine learning techniques, such as artificial neural networks, to process large amounts of 
historical data related to solar radiation, while also considering relevant meteorological and environmental variables. 
This method is capable of producing forecasts that not only capture short-term fluctuations but also predict long-term 
trends in solar radiation patterns by revealing complex relationships in the data [4]. These forecasts are very useful for 
supporting load scheduling, energy distribution management, and solar power system control strategies to minimize the 
impact of radiation fluctuations [5]. 

Several researchers have conducted studies using various data-based forecasting methods. Lin et al. [6] 
integrated Long Short-Term Memory (LSTM) with sky image features, meteorological data (temperature, humidity, and 
wind speed), and solar geometry to capture spatial and temporal relationships in radiation data. This model is capable 
of representing radiation fluctuation patterns smoothly, but requires a large dataset and a long training time. Gupta et 
al. [7] proposed a Random Forest–Particle Swarm Optimization (RF–PSO) hybrid model using temperature, humidity, 
and wind speed data as input variables. This hybrid approach improves stability and accuracy compared to single 
machine learning models, but is still limited to meteorological variables without considering actual PV system output 
data.  
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In addition, Simanjuntak and Wibowo [8] used Backpropagation Neural Network (BPNN) to estimate solar 
radiation intensity in Jayapura City based on local observation data. Test results showed similarities between the 
prediction results and observation data with a Root Mean Square Error (RMSE) value of 1.970 and a correlation 
coefficient of 0.188, indicating that the model was able to recognize general patterns but was not yet optimal in capturing 
the complex relationships between atmospheric variables. Huang, Ma, and Chen [9] also applied BPNN using 
meteorological data such as rainfall, relative humidity, and clearness index to predict daily radiation in Guangzhou, 
China. The model showed an increase in error during periods of high rainfall with an RMSE of 0.4708, confirming that 
extreme atmospheric conditions are still difficult to model accurately. 

Based on a review of previous studies, most solar radiation forecasting studies still focus on using meteorological 
data and sky images as the main variables. This approach is effective in representing atmospheric conditions, but it is 
not yet fully capable of capturing the direct response of photovoltaic systems to actual radiation changes. This approach 
shows that further research is needed to combine actual PV system output data with meteorological parameters to 
improve the model's ability to represent the actual conditions of solar power systems. The integration of these two types 
of data allows the model to not only study weather patterns, but also understand the dynamic relationship between 
radiation and PV output, which is essential for optimizing the operation of photovoltaic systems. 

From a methodological perspective, various models have demonstrated good performance, such as LSTM, which 
excels at learning long-term temporal patterns, and RF–PSO, which is effective at improving prediction stability through 
a combination of optimization algorithms. However, both approaches have limitations: LSTM requires large datasets 
and long training times, while RF–PSO has difficulty capturing the subtle nonlinear relationships between continuous 
variables that often appear in solar radiation data. In this context, Backpropagation Neural Network (BPNN) offers a 
balance between complexity and efficiency. BPNN is capable of modelling nonlinear relationships between 
meteorological variables and PV power output with more moderate data requirements and relatively fast training time. 
Therefore, this study proposes a BPNN-based global solar irradiance forecasting model for the next hour that integrates 
meteorological data (temperature, humidity, clearness index) and actual PV output data. This approach is expected to 
produce an accurate, efficient, and applicable model to support optimal energy management and solar power system 
control. 
 
2. Research Method 

Research The research framework consists of several stages: data collection and preprocessing, model building 
with parameter adjustment, and model performance evaluation. A visual overview of the research stages is presented 
in Figure 1, which illustrates the logical flow and relationships between stages in the methodological framework. 

 

 
Figure 1. Research Stages 
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2.1 Data Acquisition Process 
Data acquisition was carried out during a four-day observation period, from June 14 to June 17, 2025, at a 

photovoltaic (PV) prototype system installed in Building A8, Universitas Negeri Surabaya. Data Acquisition was 
conducted between 7:00 AM and 12:00 PM, capturing intervals with the highest solar radiation to ensure adequate data 
variability. Measurements were taken at two-minute intervals, resulting in a total of 3,020 data samples. The selected 
time window encompassed a variety of sky conditions—clear, cloudy, and transitional—reflecting the dynamic nature 
of the tropical climate and enabling modeling of solar radiation under various atmospheric conditions.  

This study uses a dataset consisting of five main parameters: global solar radiation (W/m²), photovoltaic power 
output (W), ambient temperature (°C), relative humidity (%), and clearness index (Kt). These parameters were selected 
because they significantly affect the performance of photovoltaic systems. Global solar radiation represents the primary 
energy input, while PV power output indicates the system's energy conversion. Ambient temperature and relative 
humidity affect the electrical and thermal behavior of PV modules. The clearness index (Kt) serves as an indicator of 
atmospheric clearness and sky conditions. A sample of the collected data is presented in Table 1. 
 

Table 1. Sample of PV system dataset 

Date Time 
Solar 

Irradiance 
(W/m2) 

Ambient 
Temperature 

(°C) 

Relative Humidity 
(Rh%) 

PV 
Output 
Power 
(Watt) 

Clearness 
Index 

14/06/25 07:00 228,70 30,50 69,00 4,80 0,93 

14/06/25 07:02 229,10 30,70 69,00 6,00 0,90 

14/06/25 07:04 228,70 30,70 69,00 8,20 0,86 

14/06/25 07:06 228,80 30,70 69,00 6,10 0,83 

14/06/25 07:08 228,60 30,70 69,00 4,90 0,80 

14/06/25 07:10 228,80 30,80 69,00 7,50 0,77 

 
The clearness index (Kt) is defined as the ratio between the global solar radiation measured at the Earth's surface 

and the extraterrestrial solar radiation incident at the top of the atmosphere. This index reflects the degree to which the 
atmosphere is attenuated by clouds, aerosols, and other components. It serves as a metric for the transparency of the 
atmosphere to solar radiation. It captures both daily and seasonal variability in atmospheric clearness and is widely 
used in modeling the availability of solar energy. In theory, Kt values range from 0 to 1. however, in practice, it typically 
varies from approximately 0.8 under clear-sky conditions to values near 0 during overcast skies [10],[11]. Systematically, 
it is show in Equation 1. 

  

𝐾𝑡  =
𝐺

𝐺𝑜
 

 
(1)  

 
Where G represents global solar radiation measured at the Earth's surface, and 𝐺𝑜 represents extraterrestrial 

solar radiation estimated using solar constants and solar geometry. The calculations involved in estimating Go are 
detailed in the following equation:  

 

𝐺𝑜 = 𝐼𝑠𝑐  𝑥 (1 + 0,033 cos (
360𝑛

365
𝑥

𝜋

180
))  𝑥 (cos 𝜑 cos 𝛿 cos 𝜔 + sin 𝜑 sin 𝛿) (2)  

 
Equation 2 is used to compute the extraterrestrial radiation 𝐺𝑜, based on the solar constant 𝐼𝑠𝑐, whose standard 

value is 1367 𝑊/𝑚2, the day of the year 𝑛, and solar geometry terms. The correction factor 1 + 0,033 cos (
360𝑛

365
𝑥

𝜋

180
) 

adjusts for the variation in Earth–Sun distance throughout the year. The trigonometric terms account for the location’s 

latitude 𝜑, the solar declination 𝛿, and the hour angle 𝜔. 
 

𝛿 = 23,45𝑜𝑥 sin (
360𝑥(284 + 𝑛)

365
𝑥

𝜋

180
) (3)  

 
Equation 3 provides the solar declination angle 𝛿, which varies daily due to the tilt of the Earth's axis. It is essential 

for determining the solar angle of incidence, a critical component in estimating the amount of radiation that reaches a 
specific point on Earth. 
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𝜔 = 15𝑜(𝑡𝑠𝑜𝑙𝑎𝑟 − 12) (4)  

 

Equation 4 calculates the solar hour angle 𝜔, representing the angular distance between the sun and the local 
meridian, based on solar time 𝑡𝑠𝑜𝑙𝑎𝑟. This helps identify the sun's position in the sky at any given hour. 

 
 

2.2 Data Preprocessing 
Prior to the training phase, the dataset underwent a preprocessing stage to ensure that the input data were 

properly structured, clean, and suitable for model development. Several preprocessing steps were applied, including 
data segmentation, sliding window transformation, and normalization. These steps were essential to enhance data 
consistency and capture temporal dependencies between consecutive observations, which are critical for short-term 
forecasting tasks. 

The dataset is divided into training and testing sets based on chronological order to maintain the temporal integrity 
of the data and prevent information leakage. The training data consists of the first three days (June 14-16), while the 
test data consists of the last day (June 17). To accommodate one-hour-ahead forecasting, and since actual 
observations are only available until 12:00 PM, dummy data are added to the test set to simulate predictions until 1:00 
PM. These dummy data entries are filled with the maximum value from the training set to avoid forward-looking bias. 
After the dataset is split, a sliding window approach is applied to organize the time series data into a supervised learning 
format. In this study, a three-step time window size was selected, meaning that each input vector consists of data from 
six consecutive time intervals, while the corresponding target is the global solar radiation at the next time step. This 
strategy allows the model to learn short-term temporal dependencies in the meteorological power signal and output 
[12]. 

Subsequently, min-max normalization is applied to scale each input variable into the range [0, 1]. This 
normalization method ensures that all features contribute proportionally to the training process and helps accelerate 
convergence in the neural network [13],[14]. Normalization is performed using the minimum and maximum values of 
the training data. 

 

𝑥′ =  
(𝑥 − 𝑎)

𝑏 − 𝑎
 (5)  

 
Equation 5 𝑥 is the original measurement, 𝑎 and 𝑏 represent the minimum and maximum values of the variable, 

and 𝑥′ correspond to be the normalized result. 
Importantly, the normalization parameters (min and max) are calculated only from the training set to prevent data 

leakage. These parameters are then applied to normalize the test set. All normalization and denormalization processes 
are implemented using automated MATLAB scripts to ensure consistency and reproducibility. 

 
2.3 Backpropagation Model 

Among various learning approaches, backpropagation is extensively adopted in neural network training, as it 
refines connection weights iteratively based on the computed error between predicted and target outputs. This algorithm 
consists of three main stages, namely (1) the feedforward stage, (2) the backward propagation stage, and (3) the weight 
and bias update stage. In stage (1), each neuron calculates the activation value based on the input from the previous 
layer and the connection weights that connect it to produce the network output. In stage (2), the difference between the 
actual output and the desired target is calculated to obtain the error gradient used in the process of adjusting the weights 
between units. Furthermore, in stage (3), the network weights and biases are updated based on the error gradient 
obtained in order to minimize the loss function and improve the accuracy of the model's predictions [15]. 

To build an artificial neural network model with the Backpropagation algorithm, a mathematical formulation is 
needed to describe the computational process at each stage of network training. This formulation includes calculating 
activation values at the feedforward stage, determining the error between the actual and target outputs, and updating 
the weights and biases based on the error gradient at the backpropagation stage. The mathematical relationship 
between these variables forms the basis for the prediction model in this study, as described in the following equation 
[16].  

 
(1) Feedforward Stage 

In this phase, every neuron within the hidden layer obtains signals from the preceding layer and determines its 
activation value based on Equations 6 and 7: 
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𝑧𝑗 = 𝑓(∑ 𝑣𝑗𝑖𝑥𝑖 + 𝑣𝑗0

𝑛

𝑖=1

) (6)  

 

𝑦𝑘 = 𝑓(∑ 𝑤𝑘𝑗𝑧𝑗 + 𝑤𝑘0

𝑝

𝑗=1

) 
(7)  

 
Equations 6 and 7 calculate the activation values in the hidden layer (𝑧𝑗) and output layer (𝑦𝑘) using the binary 

sigmoid activation function, as shown in Equation 8. Here, 𝑥𝑖 is the 𝑖 -th input, 𝑣𝑗𝑖 and 𝑤𝑘𝑗 are the connection weights 

between the input–hidden and hidden–output layers, respectively, while 𝑣𝑗0 and 𝑤𝑘0 are the bias values. Equation 8 

shows the sigmoid activation function that converts input values into a range between 0 and 1, thereby producing 
continuous outputs that can be used in nonlinear learning processes. 

 

𝑓(𝑥) =
1

1 + 𝑒−𝑥
 (8)  

 
(2) Backward Propagation Stage 

This stage calculates the difference between the actual output value and the desired target to determine the 
amount of error that will be used in weight updating. Equations 9 and 10 show the process of calculating the error factor 
in the output layer and hidden layer: 

 

𝛿𝑘 = (𝑡𝑘 − 𝑦𝑘)𝑦𝑘(1 − 𝑦𝑘) (9)  

 

𝛿𝑗 = 𝑧𝑗(1 − 𝑧𝑗) ∑ 𝛿𝑘𝑤𝑘𝑗

𝑚

𝑘=1

 (10)  

  
Equation 9 calculates the error factor (𝛿𝑘) in the output neuron determined by the error between the target value 

(𝑡𝑘) and the network output (𝑦𝑘), while Equation 10 describes the backward propagation of the error to the hidden layer 
to calculate the contribution of each neuron to the total error. 

 
(3) Weight and Bias Update Stage 

Based on the error values obtained, the weights and biases are updated iteratively to minimize the loss function. 
The update process follows the gradient descent rule, as shown in Equations 11 and 12: 

 

Δ𝑤𝑘𝑗 = 𝛼𝛿𝑘𝑧𝑗, Δ𝑣𝑗𝑖 = 𝛼𝛿𝑗𝑥𝑖 (11)  

 

𝑤𝑘𝑗
𝑛𝑒𝑤 = 𝑤𝑘𝑗

𝑜𝑙𝑑 + Δ𝑤𝑘𝑗, 𝑣𝑗𝑖
𝑛𝑒𝑤 = 𝑣𝑗𝑖

𝑜𝑙𝑑 + Δ𝑣𝑗𝑖 (12)  

 
Equations 11 and 12 show the process of adjusting weights and biases using the learning rate α. The value of α 

controls the size of the update step so that the network can learn stably without causing oscillations or slow 
convergence. This training process is repeated until the total error reaches a specified threshold or the maximum 
number of epochs is reached. To implement this optimization mechanism effectively, the network must be structured in 
a way that allows information to flow and be processed efficiently between its layers. Therefore, an appropriate 
architectural design plays a crucial role in determining how the model captures and transforms input information during 
the learning process. 

A typical Backpropagation Neural Network (BPNN) architecture consists of three major components, namely an 
input layer, a hidden layer, and an output layer. The input layer functions as the medium through which external variables 
enter the model, while the hidden layer performs nonlinear information processing through interconnected neurons. The 
output layer then produces the final predicted value by applying the Sigmoid activation function [17]. Each layer is 
composed of several neuron units, depicted as circular nodes, and every neuron in one layer is connected to those in 
the subsequent layer via weighted connections, typically denoted as 𝑤. In addition, bias nodes with fixed weights may 
be present in the hidden layer to improve learning flexibility. The final result produced by the output layer represents the 
overall output of the neural network model [16], as illustrated in Figure 2. 
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Figure 2. BPNN Architecture 

 

Figure 2 shows an example of the Backpropagation Neural Network (BPNN) model architecture used in this 
study. The network model consists of one input layer, one hidden layer, and one output layer with a 5-5-1 
architecture. The input layer consists of five input variables, namely: 
𝑋1= Solar irradiance, 

𝑋2= Temperature, 

𝑋3= Humidity, 
𝑋4= PV output power, dan 

𝑋5= Clearness index. 
The hidden layer consists of five neurons (𝑧1, 𝑧2, 𝑧3, 𝑧4, 𝑧5), each of which is connected to all neurons in the input 

layer through connection weights 𝑣𝑗𝑖. Each neuron in the hidden layer and output layer also has a bias unit that functions 

to adjust the activation threshold value. The output layer has only one neuron that produces an output in the form of a 
predicted solar irradiance value.  

In the network formation process, initial weights are randomly initialized for each inter-neuron connection, both 
between the input layer and the hidden layer (𝑣𝑗𝑖) and between the hidden layer and the output layer (𝑤𝑗𝑖). These weight 

values will be adjusted during the training process using the backpropagation algorithm until the model reaches the 
minimum error rate. 

 
2.4 Model Hyperparameter 

Hyperparameters are important variables that control the behavior and dynamics of an algorithm's learning 
process, and must be determined before the model training process begins [18]. Hyperparameter optimization is crucial 
for maximizing the performance of Backpropagation Neural Networks (BPNN) in short-term solar radiation forecasting. 
These parameters include several key components, such as training functions, performance metrics, learning rates, 
minimum gradients, and transfer functions. 

In this study, the selection of hyperparameters—which includes the training function, learning rate, transfer 
function, performance metric, and minimum gradient—refers to the default configuration provided by MATLAB's Neural 
Network Toolbox. The training function and performance metric play an important role in determining the direction and 
goal of optimization during the model learning process. In the MATLAB default settings, the Levenberg–Marquardt 
training function (trainlm) and Mean Squared Error (MSE) performance metric are used, which are widely adopted in 
various function approximation studies, including solar radiation forecasting, due to their stability and convergence 
efficiency [19]. The complete hyperparameter configuration used in this study is presented in Table 2. 
 

Table 2. Hyperparameter Model 

Parameters Value / Description 

Network Type Feedforwardbackprop 

Training function Trainlm 

Performance function MSE 

https://creativecommons.org/licenses/by-nc-sa/4.0/
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Learning rate 0.001 

Minimal gradient 1e-05 

Transfer function hidden LOGSIG 

Transfer function output PURELINE 

 
The logsig (log-sigmoid) function is applied to the hidden layer, as it is well-suited for input data normalized within 

the (0-1) range and capable of identifying and approximating nonlinear interactions among variables [20]. For the output 
layer, the purelin (pure linear) function is used because the target variable—solar radiation—is continuous rather than 
categorical [21]. The Levenberg-Marquardt algorithm (trainlm) is selected as the training method due to its fast 
convergence properties, particularly effective for medium-sized neural networks. 

To assess the impact of training duration on model convergence and generalization performance, this study 
explores three different epoch settings: 500, 1000, and 2000 epochs for each tested network architecture. This approach 
also helps in identifying the appropriate training depth to minimize the risk of underfitting or overfitting. By combining 
architecture testing with epoch variations, the optimal BPNN configuration can be systematically determined to achieve 
effective and reliable short-term solar radiation predictions. 

 
2.5 Model Training 

The model training process in this study was conducted using a trial-and-error approach to find the most optimal 
network architecture configuration, taking into account the number of neurons in the hidden layer. In this study, the 
number of neurons in the input layer was set at 15 neurons, which was obtained from the application of the sliding 
window technique with three backward steps on five main input variables. The output layer consisted of one neuron 
representing the global irradiance value one hour ahead. The network architecture was tested with various combinations 
of the number of neurons in the hidden layer, as shown in Table 3. 

 
Table 3. Configuring Multiple Network Architectures 

Number Input layer and neurons Hidden layer and neurons Output layer and neuron 

1 15 15 1 

2 15 20 1 

3 15 25 1 

4 15 40 1 

5 15 20-10 1 

6 15 30-15 1 

7 15 15-5 1 

8 15 30-15-5 1 

9 15 15-30-15 1 

10 15 60-30-15 1 

11 15 15-10-5-3 1 

12 15 25-15-10-5 1 

13 15 15-30-15-5 1 

 
As stated by Uzair and Jamil [22], a good network topology cannot be determined solely by the number of input 

and output neurons. In fact, selecting the appropriate number of hidden layers can significantly reduce training time 
while maintaining high accuracy. Although various heuristics have been proposed to estimate the optimal number of 
hidden layers, the most effective configuration typically depends on the specific characteristics of the dataset. Using too 
many hidden layers can lead to increased training time without substantial performance improvements. Therefore, when 
accuracy is the primary goal, deeper networks may be beneficial, but when computational efficiency is a concern, 
simpler architectures are preferred. 

Additionally, unnecessarily increasing the number of neurons or hidden layers can lead to overfitting, where the 
model performs well on training data but poorly on unseen data. According to Deng [23], the accuracy of neural networks 
tends to increase with the addition of more neurons to the hidden layer; however, after reaching a certain threshold, 
additional neurons result in a decrease in accuracy. In other words, there is a saturation point where further increases 
in complexity no longer significantly improve model performance. 

 
2.6 Model Evaluation 

To evaluate the performance of the Backpropagation Artificial Neural Network (BPNN) model in predicting very 
short-term solar radiation, a series of quantitative metrics were used, namely Mean Absolute Percentage Error (MAPE), 
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Mean Square Error (MSE), Root Mean Square Error (RMSE), and coefficient of determination (R²) [24],[25]. These 
metrics aim to measure how well the model can accurately represent actual data. The accuracy of the prediction can 
be seen from the error values produced. The difference between the actual value and the predicted result is referred to 
as the residual, as shown in Equations 13, 14, 15, and 16. 

The evaluation focuses on the test data to capture the model's ability to generalize beyond the data on which it 
was trained. However, the prediction results at 12:02 and 13:00 are not included in the evaluation process to prevent 
the performance assessment from being distorted by the presence of dummy inputs. The evaluation is only conducted 
up to 12:00, which is the last time interval with actual data available. 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)2

𝑛

𝑖=1

 (13)  

 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

|𝑦𝑖 − 𝑦𝑖̂|

𝑦𝑖
| × 100%

𝑛

𝑖=1

 (14)  

 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)2

𝑛

𝑖=1

 (15)  

 

𝑅 𝑆𝑞𝑢𝑎𝑟𝑒 = 1 −  
∑ (𝑦𝑖 −  𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦𝑖̅)2𝑛
𝑖=1

 (16)  

 
Within these equations, 𝑦𝑖refers to the true value recorded at time step 𝑖, 𝑦𝑖̂is the estimated output generated by 

the model, and 𝑦𝑖̄stands for the average of the observed data. The parameter 𝑛indicates the total number of 
observations considered in the evaluation. These metrics serve to quantify both the absolute and proportional deviations 
of the model predictions, offering an overall measure of how well the model reproduces the real data pattern. The next 
section elaborates on the results and performance comparison using these metrics. 

 
3. Results and Discussion 

The following section presents the performance evaluation of the proposed Backpropagation Neural Network 
(BPNN) model applied to short-term forecasting of global solar irradiance in photovoltaic energy systems. The testing 
phase involved training and evaluating the model under different configurations, particularly by adjusting the quantity of 
neurons in the hidden layers and altering the number of learning iterations. The purpose of this testing was to determine 
the best architecture configuration that produces the most accurate prediction performance based on actual data. The 
testing results show significant differences in model performance based on variations in the number of neurons and 
training epochs, highlighting the sensitivity of the BPNN model to hyperparameter selection and its direct impact on 
forecasting accuracy and convergence stability. 
 
3.1 Comparative Performance of BPNN Configurations 

The performance of the Backpropagation Artificial Neural Network (BPNN) model on various architectural 
configurations is summarized in Tables 4, 5, and 6, which present the prediction accuracy for each configuration using 
training epochs of 500, 1000, and 2000, respectively, as assessed by four metrics: Mean Absolute Percentage Error 
(MAPE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and coefficient of determination (R²). These 
evaluation metrics were selected to comprehensively assess the model’s prediction capability from different 
perspectives—accuracy, error magnitude, and correlation between predicted and actual values. The comparison among 
different epoch settings also provides insight into the model’s convergence behavior, helping to identify the optimal 
training duration that balances computational efficiency and predictive accuracy. 

 
Table 4. Performance Comparison of BPNN Models with Different Architectures Using 500 Epochs 

Network architecture 
configuration 

EPOCH 500 

MAPE MSE RMSE R SQUARE 

15-15-1 12,80% 0,00191 0,33 0,961237 
15-20-1 12,60% 0,00188 0,33 0,962174 

15-25-1 16,50% 0,00215 0,34 0,950127 
15-40-1 5,90% 0,00168 0,25 0,972702 
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15-20-10-1 22,60% 0,00285 0,38 0,945521 

15-30-15-1 15,90% 0,00205 0,35 0,956882 
15-15-5-1 8,80% 0,00174 0,29 0,964863 

15-30-15-5-1 11,70% 0,00179 0,3 0,963352 
15-15-30-15-1 14,40% 0,00199 0,34 0,960437 

15-60-30-15-1 12,30% 0,00186 0,32 0,965045 
15-15-10-5-3-1 18,60% 0,00225 0,36 0,952645 

15-25-15-10-5-1 14,50% 0,002 0,35 0,958237 
15-15-30-15-5-1 11,20% 0,00177 0,3 0,963774 

 
Table 5. Performance of BPNN Models with Various Network Architectures Using 1000 Epochs 

Network architecture 
configuration 

EPOCH 1000 

MAPE MSE RMSE R SQUARE 

15-15-1 13,10% 0,00159 0,097 0,964583 
15-20-1 10% 0,00123 0,092 0,969163 
15-25-1 10,90% 0,00129 0,093 0,971002 
15-40-1 9,40% 0,00114 0,091 0,973057 

15-20-10-1 8,40% 0,0006 0,09 0,973488 
15-30-15-1 12,30% 0,00152 0,096 0,964451 
15-15-5-1 10% 0,00125 0,092 0,967837 

15-30-15-5-1 13,10% 0,0016 0,097 0,962011 
15-15-30-15-1 13,60% 0,00166 0,098 0,961027 
15-60-30-15-1 9,80% 0,00118 0,091 0,970437 
15-15-10-5-3-1 18,60% 0,0023 0,105 0,951943 
15-25-15-10-5-1 8,70% 0,00091 0,091 0,974137 
15-15-30-15-5-1 19,30% 0,00247 0,106 0,950063 

 
Table 6. Performance of BPNN Models with Various Network Architectures Using 2000 Epochs 

Network architecture 
configuration 

EPOCH 2000 

MAPE MSE RMSE R SQUARE 

15-15-1 15% 0,00174 0,095 0,962319 
15-20-1 19% 0,00239 0,11 0,955829 
15-25-1 5,89% 0,00027 0,04 0,981874 
15-40-1 11,50% 0,00135 0,075 0,968345 

15-20-10-1 10,50% 0,00126 0,071 0,969437 
15-30-15-1 17,70% 0,00221 0,106 0,949932 
15-15-5-1 9,10% 0,00112 0,067 0,971128 

15-30-15-5-1 14,60% 0,00169 0,09 0,963523 
15-15-30-15-1 12% 0,00141 0,078 0,965618 
15-60-30-15-1 11,20% 0,00131 0,074 0,967018 
15-15-10-5-3-1 14,4 0,00166 0,089 0,966873 
15-25-15-10-5-1 6,40% 0,00071 0,055 0,976045 
15-15-30-15-5-1 12,30% 0,00145 0,079 0,965919 

 
At all epoch levels, network architectures with deeper or wider configurations do not always produce better 

performance, highlighting the importance of balancing model complexity and generalization. At the 500-epoch training 
setting (Table 4), the architecture with 15 input neurons, one hidden layer consisting of 40 neurons, and a single unit in 
the output layer produced the best results with a MAPE of 5.90% and an R² value of 0.9727, indicating that this 
architecture is more effective at capturing the underlying patterns in the data compared to other configurations. 

By increasing the training duration to 1000 epochs (Table 5), the architecture with 15 input neurons, two hidden 
layers with 20-10 neurons, and one output neuron outperformed other architectures with a MAPE of 8.40% and an R² 
of 0.9735, indicating improved generalization over time. Interestingly, while error rates decreased for some models, 
overfitting began to emerge in deeper networks such as the 15 input neurons, four hidden layer architecture with 15-
30-15-5 neurons and a single unit in the output layer, with MAPE exceeding 19%. 

The 2000 epoch configuration (Table 6) yields further improvements for certain architectures. Specifically, the 
architecture with 15 input neurons, one hidden layer with 25 neurons, and a single unit in the output layer achieves the 
lowest MAPE of 5.89% and the highest R² of 0.9819, outperforming even deeper configurations. However, some deeper 
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architectures, such as the 15 input neurons with two hidden layers (30-15 neurons) and a single unit in the output layer, 
showed a decline in performance, indicating that longer training without careful regularization can lead to diminishing 
returns or overfitting. 

These results indicate that while increasing the number of epochs generally improves model accuracy, optimal 
performance does not solely depend on deeper networks but rather on a balanced architecture with appropriate training 
duration. The combination of 15 input neurons, one hidden layer with 25 neurons, and 2000 training epochs proved to 
be the most effective configuration in this study for very short-term solar radiation prediction. 

 
3.2 Global Solar irradiance Forecasting Results 

Global solar radiation forecasts are generated using the BPNN architecture with the best performance based on 
quantitative evaluation metrics. The network architecture configuration with 15 input neurons, one hidden layer with 25 
neurons, and a single unit in the output layer, trained for 2000 epochs, was identified as the most accurate and stable 
model across all MAPE, MSE, RMSE, and R² indicators. To complement the performance evaluation, a visual analysis 
was conducted to test how closely the best-performing BPNN model could replicate the actual solar radiation data 
patterns. This visualization helps highlight the model's ability to follow temporal trends, capture fluctuations, and 
maintain prediction stability across the observed timeframe. 

Figure 3 illustrates the comparison between actual solar radiation values and the predictions generated by the 
BPNN model with 15 input neurons representing input variables resulting from data transformation using the sliding 
window method, one hidden layer consisting of 25 neurons, and a single unit in the output layer, trained over 2000 
epochs. This model was selected based on its superior performance across all evaluation metrics, as presented in 
Table 6. The predicted curve closely aligns with the actual data, demonstrating the model's ability to capture peak 
variations and slopes, which are crucial for real-time solar forecasting. The visualization is based on the test dataset 
from June 17, 2025, which was not used during the training process. By applying the model to this unseen dataset, the 
generalization capability of the BPNN is effectively evaluated. The comparison with the actual test data provides a 
reliable benchmark to assess how well the model performs in real-world conditions. 

 

 
Figure 3. Visualization of Actual vs. Predicted Solar Irradiance and Extended One-hour Ahead Forecast Using the 

Optimal BPNN Model 
 

In addition to predictions within the observation period (up to 12:00), Figure 3 also presents short-term forecast 
results for the next hour (from 12:02 to 13:00). Although this future interval is supported by dummy input (simulated 
data), the model is able to generate a smooth and reasonable continuation of the solar radiation trend, consistent with 
the last known actual data point. These results confirm that the BPNN configuration performed best in this study for 
short-term solar radiation forecasting. The balance between network complexity and training time proved to be crucial 
in achieving optimal prediction accuracy, both numerically and visually. 

 
4. Conclusion 

The Backpropagation Neural Network (BPNN) model developed in this study has proven to be effective for short-
term forecasting of global solar radiation in photovoltaic (PV)-based solar power generation systems. Through a series 
of tests on 13 different network configurations and three variations in the number of training epochs (500, 1000, and 
2000), the optimal configuration was obtained with 15 input neurons representing input variables resulting from data 
transformation using the sliding window method, one hidden layer consisting of 25 neurons, and a single unit in the 

Predict data 

Actual data 

forecast results 1 hour ahead 
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output layer, trained for 2000 epochs. This configuration consistently produced the best performance across all 
evaluation metrics. Test results showed that this configuration yielded the lowest error values, with a MAPE of 5.89%, 
MSE of 0.00027, RMSE of 0.04, and a coefficient of determination (R²) of 0.981874. These findings indicate that a 
relatively simple network architecture, when optimized through training, can produce highly accurate prediction results. 
The model successfully captures temporal patterns and fluctuations in solar radiation, as evidenced by numerical 
evaluations and visualizations that align with actual data on the test date of June 17, 2025. 

Additionally, visual analysis confirms the model's ability to generate smooth and realistic predictions for future 
time intervals, even when using synthetic (simulated) input data. Although this model is not designed for real-time 
operation, it functions as a short-term forecasting system that uses historical data to estimate radiation one hour ahead, 
similar to a weather prediction model. In practical applications, forecast results can be integrated into PV system 
management processes—such as energy scheduling, load planning, or monitoring dashboards—to support decision-
making and improve overall system efficiency. 
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