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Abstract— The increasing use of solar photovoltaic (PV) 

systems in electrical power networks requires accurate solar 

irradiance forecasting for reliable and efficient power 

generation. This paper presents an efficient Random Forest-

based Machine Learning technique for solar irradiance 

forecasting using historical irradiance and relevant 

meteorological parameters. The proposed model captures the 

nonlinear relationship between environmental conditions and 

solar irradiance and provides accurate prediction of available 

solar energy. The performance of the proposed technique is 

compared with a previous Deep Neural Network (DNN) 

method using accuracy and error rate as evaluation 

parameters. The Random Forest model achieves 99.67% 

accuracy with an error rate of 0.33%, while the previous DNN 

method achieves 94.70% accuracy with a 5.30% error rate. 

The results demonstrate that the proposed technique 

significantly reduces forecasting error and improves the 

reliability of solar irradiance prediction. Accurate forecasting 

can support PV power generation estimation, generation 

scheduling, power balancing, battery energy storage operation, 

voltage management, and renewable-energy integration. 

Overall, the proposed Random Forest technique provides an 

efficient and accurate solution for reducing uncertainty in 

solar PV generation and supporting reliable operation of 

modern electrical power systems. 
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I.  INTRODUCTION  

The rapid expansion of solar photovoltaic (PV) 
generation has made solar energy an important source of 
electrical power in modern power systems. However, PV 
generation is directly dependent on solar irradiance, which 
varies continuously with time and atmospheric conditions. 
Accurate solar irradiance forecasting is therefore essential 
for estimating future PV power output and maintaining 
reliable and economical operation of renewable-integrated 
electrical networks [1]. 

Solar irradiance directly determines the amount of 
electrical power that can be generated by a PV array. 
Variations in irradiance produce corresponding fluctuations 
in PV output, which can affect generation scheduling, power 
balancing, voltage profile, and network operating 
conditions. Accurate forecasting provides advance 
information about expected solar generation and helps 
system operators prepare suitable operational strategies [2]. 

The increasing penetration of distributed PV systems in 
distribution networks has further increased the importance 
of irradiance forecasting. Large variations in solar 
generation can create uncertainty in the generation-load 
balance and may require additional reserve power or 
energy-storage support. Reliable forecasting can reduce this 
uncertainty and improve coordination between solar 
generation and conventional generating resources [3]. 

Solar irradiance is influenced by several parameters, 
including solar position, temperature, humidity, cloud 
conditions, atmospheric characteristics, and seasonal 
variations. The nonlinear relationship between these 
parameters makes irradiance prediction a challenging 
electrical-energy forecasting problem. Conventional 
forecasting approaches may not always provide satisfactory 
results when irradiance changes rapidly due to changing 
atmospheric conditions [4]. 

Machine Learning (ML) techniques provide an 
alternative approach for developing accurate solar irradiance 
forecasting models. ML algorithms can learn relationships 
between historical irradiance measurements and relevant 
meteorological variables directly from available data. 
Techniques such as Artificial Neural Networks, Support 
Vector Regression, Decision Trees, Random Forest, and 
ensemble learning have been investigated for renewable-
energy forecasting applications [5]. 

Among different ML approaches, Random Forest (RF) 
is particularly suitable for forecasting applications because it 
combines multiple decision trees to generate a reliable 
prediction. The ensemble structure can handle nonlinear 
relationships between input variables and solar irradiance 
and can provide stable prediction performance for varying 
operating conditions. Its capability to process multiple 
electrical and meteorological parameters makes it useful for 
solar-energy forecasting [6]. 

Accurate irradiance forecasting is also important for 
battery energy storage systems (BESS) connected with PV 
plants. Forecast information can be used to determine 
expected solar generation and plan battery charging and 
discharging operations. During periods of high expected 
solar generation, available storage capacity can be managed 
appropriately, while stored energy can support the electrical 
network during periods of low solar generation [7]. 

Solar irradiance forecasting also contributes to improved 
power quality and distribution-system operation. Rapid 
changes in PV generation can cause voltage variations and 
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reverse power-flow conditions in distribution feeders with 
high PV penetration[8]. Forecasting future irradiance and 
corresponding PV output can assist in scheduling control 
actions and improving the coordination of PV inverters, 
storage systems, and other grid-supporting equipment [9]. 

Considering these requirements, this research proposes 
an efficient Random Forest-based technique for solar 
irradiance forecasting with a clear focus on solar PV and 
electrical power-system applications[10]. 

II. METHODOLOGY 

 

Figure 1: Flow chart 

The proposed methodology follows a sequential process 
consisting of dataset collection, data preprocessing, feature 
extraction, data splitting, Random Forest-based forecasting, 
and performance analysis. The complete process is 
explained step-by-step below. 

Step 1. Dataset Collection 

The first step is to select a suitable solar irradiance 
dataset for developing the forecasting model. The dataset 
contains historical solar irradiance measurements along with 
relevant meteorological parameters such as temperature, 
humidity, wind speed, and other available environmental 
variables. Since solar irradiance directly affects PV power 
generation, historical irradiance values are considered the 
main input for forecasting future solar availability. The 
collected data provides the basis for learning the 
relationship between environmental conditions and solar 
irradiance. 

Step 2. Data Preprocessing 

The raw dataset is processed before applying the 
forecasting model. First, the data is checked for missing 
values, null values, duplicate records, abnormal 
observations, and measurement noise. Missing or invalid 
observations are handled appropriately to improve data 
reliability. The data may then be normalized to bring 
different input parameters into a comparable numerical 
range. Min-Max normalization can be expressed as: 

 

where represents the original value, while and 

represent the minimum and maximum values of the 
corresponding parameter. Proper preprocessing ensures that 
the forecasting model receives consistent and reliable input 
data. 

Step 3. Feature Extraction 

In this step, the important variables influencing solar 
irradiance are extracted from the preprocessed dataset. 
Important features may include previous solar irradiance, 
temperature, humidity, wind speed, time of day, month, 
solar position, and other available weather parameters. 
Historical irradiance values are particularly important 
because they provide information about the temporal 
behavior of solar radiation. Feature extraction reduces 
unnecessary information and allows the Random Forest 
model to focus on parameters that have a significant 
relationship with solar irradiance. 

Step 4. Data Splitting 

After feature extraction, the complete dataset is divided 
into training data and testing data. The training dataset is 
used to develop the Random Forest forecasting model, 
while the test dataset is used to evaluate its performance on 
unseen observations. For example, an 80:20 division can be 
used, where 80% of the observations are used for training 
and 20% for testing. For time-series solar data, 
chronological order should preferably be maintained so that 
future observations do not influence the training process. 

Step 5. Random Forest-Based Solar Irradiance 
Forecasting 

The main forecasting stage uses the Random Forest (RF) 
algorithm. Random Forest is an ensemble learning 
technique that combines multiple decision trees to generate 
a final prediction. Each decision tree learns a relationship 
between the selected input features and the target solar 
irradiance. Instead of depending on a single tree, multiple 
trees are generated using different samples and feature 
combinations. 

For a regression-based solar irradiance forecasting 
problem, the final RF prediction can be represented as: 

 

where is the predicted solar irradiance, is the number of 

decision trees, is the prediction produced by the 

tree, and represents the input features. 

The individual decision trees divide the input data 
according to feature conditions and learn the relationship 
between meteorological parameters and irradiance. The 
predictions from all trees are then averaged to obtain the 



                  International Journal of Research and Innovation in Multidisciplinary (www.ijrim.com) 

          ||Volume 3, Issue 8, August 2026 || Impact Factor: 5.2 | 

 

18 

 

 

final irradiance forecast. This ensemble process improves 
prediction stability and reduces the dependence on a single 
decision tree. 

Step 6. Test Data-Based Prediction 

After the Random Forest model has been trained, the test 
dataset is supplied to the trained model. The model uses the 
selected meteorological and historical irradiance features to 
estimate the solar irradiance for the required future time 
interval. The predicted values are then compared with the 
actual measured irradiance values. This comparison 
determines how accurately the model can track changes in 
available solar radiation. 

Step 7. Performance Analysis 

In the final step, the performance of the proposed 
Random Forest-based solar irradiance forecasting model is 
evaluated using Accuracy and Error Rate. Accuracy 
represents the percentage of correctly predicted solar 
irradiance observations and indicates how closely the 
predicted values match the actual irradiance values. 

III. SIMULATION RESULTS 

The simulation results are performed using the python 
software.  

 

Figure 2: Dataset 

 The figure 2 is showing the dataset, which is taken from 
the Kaggle machine learning website. 

 

Figure 3: Process view in python console 

Figure 3 is presenting the simulation process in the python 

console. First start with the dataset feature selection then 

preprocessing. 

 

Figure 4: Confusion matrix 

Figure 4 presents the confusion matrix for the proposed 

approach. A confusion matrix is a tabular representation 

used in machine learning classification to assess the 

performance of a classification algorithm by displaying the 



                  International Journal of Research and Innovation in Multidisciplinary (www.ijrim.com) 

          ||Volume 3, Issue 8, August 2026 || Impact Factor: 5.2 | 

 

19 

 

 

counts of true positives, false positives, true negatives, and 

false negatives.  

 

Figure 5: Performance attributes   

Figure 5 is presenting performance attributes or metrics are 

quantitative measures used to assess the effectiveness and 

efficiency of a machine learning model. These metrics 

provide insights into how well the model is performing on a 

given task. 

Table 1: Result Comparison 

 
IV. CONCLUSION 

 
The increasing integration of solar PV generation into 

electrical power systems requires accurate solar irradiance 
forecasting for reliable power generation and grid operation. 
Accurate forecasting helps reduce uncertainty in PV output 
and supports generation scheduling, power balancing, and 
renewable-energy integration. This study proposed an 
efficient Random Forest-based Machine Learning technique 
for solar irradiance forecasting using relevant historical and 
meteorological data. The methodology included data 
preprocessing, feature extraction, training-testing data 
splitting, and Random Forest-based irradiance prediction. 
The model was evaluated using accuracy and error rate to 
determine its forecasting effectiveness. The proposed 
Random Forest technique achieved 99.67% accuracy, 
compared with 94.70% for the previous DNN method [1]. 
The error rate was reduced significantly from 5.30% to 
0.33%, showing a clear improvement in forecasting 
performance. These results demonstrate the capability of 
Random Forest to provide reliable solar irradiance 
predictions for PV applications. The improved prediction 
can support PV power estimation, battery energy storage, 

generation scheduling, and power-system operation. 
Overall, the proposed method provides an effective 
approach for reducing solar-generation uncertainty and 
improving the reliable integration of solar PV into modern 
electrical power systems.             
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