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Abstract 

The increasing penetration of solar photovoltaic (PV) generation into modern power systems has created a 

growing need for accurate short-term PV power forecasting to support reliable grid operation, energy 

management, and renewable energy integration. This study presents a comparative analysis of three machine 

learning models, namely Artificial Neural Network (ANN), Random Forest (RF), and Support Vector 

Regression (SVR), for short-term solar PV power forecasting. The forecasting framework utilizes solar 

irradiance, ambient temperature, module temperature, temporal variables, and historical PV power as input 

features. A chronological training-testing strategy is adopted to preserve the time-series characteristics of PV 

generation. The performance of the developed models is evaluated using Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), normalized RMSE (nRMSE), and 

coefficient of determination (R²). Initial results obtained from the experimental dataset demonstrate that 

Random Forest provides superior forecasting performance compared with ANN and SVR, achieving lower 

prediction errors and a higher coefficient of determination. The results indicate that ensemble-based machine 

learning techniques can effectively capture the nonlinear relationship between environmental conditions, 

historical generation, and PV power output. The proposed comparative framework provides a foundation for 

the development of advanced PV forecasting systems for grid-connected solar power plants. Future work will 

incorporate Long Short-Term Memory (LSTM) networks and validate the proposed models using real-world 

Indian PV plant data under different forecasting horizons and operating conditions. 

Keywords: Artificial Neural Network, Machine Learning, PV Power Forecasting, Random Forest, Renewable 

Energy, Short-Term Forecasting, Solar Photovoltaic, Support Vector Regression. 

 

1. Introduction  

The increasing deployment of renewable energy 

technologies has significantly changed the structure 

and operation of modern electrical power systems. 

Among various renewable energy sources, solar 

photovoltaic (PV) generation has emerged as an 

important technology because of its scalability, 

declining cost, and availability of solar resources. 

However, unlike conventional power plants, PV 

generation is highly dependent on environmental 

conditions such as solar irradiance, ambient 

temperature, module temperature, cloud cover, and 

other atmospheric parameters. Consequently, the 

output of a PV plant can exhibit significant temporal 

variability and uncertainty [1].  The intermittent 

nature of solar generation presents challenges for 

power-system planning, scheduling, and real-time 

operation. Increasing penetration of variable 

renewable energy can result in rapid changes in net 

load and increased uncertainty for system operators. 

Accurate forecasting of PV power can therefore assist 

in unit commitment, economic dispatch, energy 

management, reserve allocation, voltage 

management, and reliable integration of renewable 

generation into the electrical grid [2]. PV power 
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forecasting methods can generally be classified into 

physical, statistical, machine-learning, deep-learning, 

and hybrid approaches. Physical approaches 

generally use solar-resource and PV-system 

characteristics to estimate power output, whereas 

statistical and data-driven methods establish 

relationships between historical measurements and 

future generation. Direct PV power forecasting, in 

particular, has received considerable attention 

because the predicted power output can be directly 

utilized by grid operators and energy-management 

systems [3]. With the rapid development of artificial 

intelligence (AI), machine-learning techniques have 

become increasingly attractive for PV forecasting 

because they can model complex and nonlinear 

relationships between meteorological variables and 

PV power output without requiring an explicit 

physical model. Previous studies have extensively 

investigated techniques such as Artificial Neural 

Networks (ANNs), Support Vector 

Machines/Support Vector Regression (SVM/SVR), 

decision trees, ensemble learning, and other machine-

learning approaches for solar forecasting. A 

systematic review reported that ANN and support-

vector-based methods have played an important role 

in solar electricity forecasting, with meteorological 

parameters frequently used as model inputs [4]. 

Artificial Neural Networks are particularly suitable 

for PV forecasting because of their ability to 

approximate nonlinear input-output relationships. 

ANN-based approaches have consequently been 

widely investigated for solar-energy-system 

modeling and PV power prediction. However, ANN 

performance can depend strongly on network 

architecture, feature selection, parameter settings, 

and the characteristics of the training dataset [5]. 

Tree-based ensemble methods provide another 

promising approach. In particular, Random Forest 

(RF) can capture nonlinear interactions among 

multiple input variables while being relatively robust 

to variations in feature distributions. Previous large-

scale comparisons of machine-learning methods for 

hourly solar forecasting have reported that tree-based 

methods can perform consistently well across 

different locations and climatic conditions. However, 

the optimal forecasting method cannot necessarily be 

identified independently of the dataset, location, 

forecasting horizon, and operating conditions, 

emphasizing the importance of comparative 

evaluation [6]. Similarly, Support Vector Regression 

(SVR) has been widely applied to nonlinear 

regression and solar-power forecasting problems. 

SVR can provide good generalization performance 

by mapping nonlinear relationships into a higher-

dimensional feature space through kernel functions. 

Nevertheless, its performance depends on 

appropriate selection of parameters such as the 

penalty factor, kernel parameters, and insensitive loss 

function. Therefore, comparative assessment with 

other machine-learning models is necessary rather 

than assuming that a particular algorithm will always 

provide the best forecasting accuracy [7].  The 

selection of appropriate performance metrics is also 

important in PV forecasting research. MAE and 

RMSE provide information about absolute prediction 

errors, while MAPE provides a relative measure of 

forecasting accuracy. However, MAPE can become 

problematic when actual PV power approaches zero, 

particularly during nighttime or low-generation 

periods. Consequently, evaluation practices should 

consider the characteristics of the PV generation 

profile and should clearly describe the data 

preprocessing and validation methodology. Recent 

literature has emphasized the importance of 

consistent evaluation procedures and avoiding 

temporal data leakage when assessing PV forecasting 

models [8].  Although numerous studies have 

investigated individual forecasting algorithms, a 

systematic comparison of different machine-learning 

approaches under the same dataset, feature set, 

training-testing strategy, and evaluation metrics 

remains valuable. In particular, understanding the 

relative performance of ANN, RF, and SVR can help 

identify suitable models for short-term PV 

forecasting and provide a baseline for subsequent 

deep-learning approaches such as Long Short-Term 

Memory (LSTM) networks. Previous research has 

demonstrated the growing importance of deep-

learning approaches for capturing temporal patterns 

in renewable-energy forecasting, while conventional 

machine-learning models can remain attractive 

because of their lower computational complexity and 

suitability for moderate-sized datasets [9].  Therefore, 

this study presents a comparative analysis of ANN, 
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Random Forest, and SVR models for short-term solar 

PV power forecasting. The models utilize relevant 

meteorological, temporal, and historical PV-

generation variables to estimate PV power output. 

Their performance is evaluated using MAE, RMSE, 

MAPE, normalized RMSE (nRMSE), and R². A 

chronological training-testing strategy is adopted to 

preserve the temporal characteristics of the data. The 

objective is to identify the most effective machine-

learning approach for the investigated PV forecasting 

problem and establish a reliable baseline for future 

integration of deep-learning models and PV 

forecasting applications in power-system operation. 

2. Methodology 

2.1.Overall Research Framework 

The proposed methodology develops and evaluates 

machine-learning models for short-term solar 

photovoltaic (PV) power forecasting. The framework 

consists of five major stages: data acquisition, data 

preprocessing, feature engineering, machine-learning 

model development, and performance evaluation. 

The overall methodology is illustrated conceptually 

in Figure1. 

 

 
Figure 1 Proposed Methodology for Solar PV 

Power Forecasting Using Machine Learning 

Models 

 

The objective is to determine which machine-

learning model provides the most accurate short-term 

prediction of PV power under the investigated 

operating conditions. 

2.2.PV Dataset 

The study utilizes the publicly available Solar Power 

Generation Data obtained from an operational PV 

installation in India. The dataset contains generation 

measurements and weather-sensor measurements 

recorded at 15-minute intervals. The generation 

dataset contains parameters such as: 

• DC power  

• AC power  

• Daily yield  

• Total yield  

• Date and time  

The weather dataset contains: 

• Irradiance  

• Ambient temperature  

• Module temperature  

• Date and time  

The two datasets are synchronized using their 

common timestamp and plant identifier. For the 

forecasting model, AC power is selected as the target 

variable, since it represents the electrical power 

delivered by the PV system after conversion through 

the inverter. 

2.3.Data Preprocessing 

Data preprocessing is performed to improve data 

quality and ensure that the machine-learning models 

receive consistent input information. 

2.3.1. Date-Time Conversion 

The date and time fields are converted into a standard 

date time format. The observations are then sorted 

chronologically. 

2.3.2. Data Synchronization 

The generation and weather datasets are merged 

using: 

𝑫𝒂𝒕𝒆_𝑻𝒊𝒎𝒆 

 

and the corresponding plant identifier. This produces 

a unified dataset containing both environmental 

conditions and PV generation. 

2.3.3. Missing-Value Treatment 

The dataset is examined for missing values. Records 

containing incomplete values in essential forecasting 

variables are removed or appropriately treated before 

model training. 

2.3.4. Duplicate Removal 

Duplicate observations are identified and removed to 
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avoid giving excessive weight to repeated 

measurements. 

2.3.5. Night-Time Data 

PV power is approximately zero during nighttime. 

Since percentage-based forecasting metrics such as 

MAPE can become unstable when actual power 

approaches zero, daytime observations are 

considered separately when calculating daytime 

MAPE. 

2.4.Feature Engineering 

Feature engineering is performed to provide the 

models with both environmental and temporal 

information. The following variables are considered 

as input features Shown in Table 1: 

 

Table 1 Features Used for Solar PV Power 

Forecasting 

Category Feature 

Solar resource Irradiance 

Temperature Ambient temperature 

Temperature Module temperature 

Time Hour 

Time Day 

Time Month 

Historical 

generation 

Previous 15-min PV 

power 

Historical 

generation 

Previous 30-min PV 

power 

Historical 

generation 

Previous 45-min PV 

power 

Historical 

generation 
Previous 1-hour PV power 

Historical 

generation 
Previous-day PV power 

 

Historical PV power is incorporated through lagged 

variables. For example: 

 

𝑷𝒕−𝟏 = 𝑷(𝒕 − 𝟏𝟓 min) 
 

𝑷𝒕−𝟒 = 𝑷(𝒕 − 𝟔𝟎 min) 
 

and an approximately one-day lag is represented by: 

𝑷𝒕−𝟗𝟔 

 

because the dataset has a 15-minute sampling 

interval. The inclusion of lagged variables allows the 

models to learn temporal relationships in PV 

generation. 

2.5.Training and Testing Strategy 

Because PV forecasting is a time-series problem, 

random shuffling of observations is avoided. The 

dataset is divided chronologically into: 

• 80% training data 

• 20% testing data 

The training data are used to develop the models, 

while the final 20% are reserved for independent 

evaluation. This approach more closely represents the 

practical forecasting situation in which future PV 

power must be predicted using information available 

from the past. 

2.6.Feature Scaling 

Feature normalization is applied to models that are 

sensitive to the scale of input variables. 

Standardization is performed using: 

 

𝑿𝒔𝒄𝒂𝒍𝒆𝒅 =
𝑿− 𝝁

𝝈
 

 

where: 

• X= original feature value  

• μ= mean of the training feature  

• σ= standard deviation of the training feature.  

The scaling parameters are obtained only from the 

training dataset and subsequently applied to the 

testing dataset to prevent information leakage. 

Random Forest does not require feature scaling, 

while ANN and SVR use standardized inputs. 

2.7.Machine-Learning Models 

Three machine-learning algorithms are investigated. 

2.7.1. Artificial Neural Network 

The ANN model is designed to capture nonlinear 

relationships between environmental variables, 

historical PV generation, and future PV power. The 

network consists of: 

• Input layer  

• Multiple hidden layers  

• Output layer  

A ReLU activation function is used in the hidden 

layers, while the output layer produces a continuous 

PV power prediction. The ANN learns the mapping: 
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𝑷𝑷𝑽 = 𝒇(𝑮, 𝑻𝒂, 𝑻𝒎, 𝑯𝒕, 𝑷𝒕−𝟏, 𝑷𝒕−𝟐, . . . ) 
 

Where 𝐺 represents irradiance, 𝑇𝑎 represents ambient 

temperature, 𝑇𝑚 represents module temperature, and 

𝑃represents historical PV power. 

2.7.2. Random Forest 

Random Forest is an ensemble learning algorithm 

consisting of multiple decision trees. Each tree 

generates an individual prediction and the final 

regression output is obtained from the ensemble of 

trees: 

 

𝑷̂𝑹𝑭 =
𝟏

𝑵
∑𝑷̂𝒊

𝑵

𝒊=𝟏

 

 

Where 𝑁 is the number of decision trees. Random 

Forest is particularly suitable for this application 

because it can capture nonlinear relationships and 

interactions among irradiance, temperature, time 

variables, and historical PV generation. 

2.7.3. Support Vector Regression 

Support Vector Regression (SVR) is employed to 

model nonlinear relationships between input 

variables and PV power. The radial basis function 

(RBF) kernel is used: 

 

𝑲(𝒙𝒊, 𝒙𝒋) = 𝐞𝐱𝐩(−𝜸 ∣∣ 𝒙𝒊 − 𝒙𝒋 ∣∣
𝟐) 

 

Where 𝛾 controls the influence of individual training 

samples. The main SVR parameters include: 

• C: penalty parameter  

• ϵ: insensitive loss parameter  

• γ: kernel coefficient.  

These parameters control the balance between model 

complexity and prediction accuracy. 

2.7.4. Performance Evaluation 

The forecasting models are evaluated using five 

performance metrics. 

Mean Absolute Error 

 

𝑴𝑨𝑬 =
𝟏

𝒏
∑ ∣

𝒏

𝒊=𝟏

𝒚𝒊 − 𝒚̂𝒊 ∣ 

 

MAE represents the average magnitude of prediction 

error. 

Root Mean Square Error 

 

𝑹𝑴𝑺𝑬 = √
𝟏

𝒏
∑(

𝒏

𝒊=𝟏

𝒚𝒊 − 𝒚̂𝒊)
𝟐
 

 

RMSE gives greater weight to larger prediction 

errors. 

Mean Absolute Percentage Error 

 

For daytime observations: 

 

𝑴𝑨𝑷𝑬 =
𝟏𝟎𝟎

𝒏
∑

∣
∣
∣𝒚𝒊 − 𝒚̂𝒊

𝒚𝒊 ∣
∣
∣

𝒏

𝒊=𝟏

 

 

Night-time observations are excluded from MAPE 

because actual PV output approaches zero. 

Normalized RMSE 

 

𝒏𝑹𝑴𝑺𝑬 =
𝑹𝑴𝑺𝑬

𝑷𝒓𝒂𝒕𝒆𝒅
× 𝟏𝟎𝟎 

 

where 𝑃𝑟𝑎𝑡𝑒𝑑 represents the relevant PV system 

power rating. 

Coefficient of Determination 

 

𝑹𝟐 = 𝟏 −
∑(𝒚𝒊 − 𝒚̂𝒊)

𝟐

∑(𝒚𝒊 − 𝒚̅)𝟐
 

 

An 𝑅2 value closer to 1 indicates better agreement 

between predicted and actual PV power. 

3. Results and Discussion 

The performance of three machine-learning models, 

namely Artificial Neural Network (ANN), Random 

Forest (RF), and Support Vector Regression (SVR), 

was evaluated for short-term solar photovoltaic (PV) 

power forecasting. The models were trained using 

solar irradiance, ambient temperature, module 

temperature, humidity, wind speed, time-related 

variables, and historical PV power information. The 

dataset was divided chronologically into 80% 

training data and 20% testing data to preserve the 
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temporal characteristics of the PV generation profile. 

The forecasting performance was evaluated using 

Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), daytime Mean Absolute Percentage 

Error (MAPE), normalized RMSE (nRMSE), and 

coefficient of determination (R²) Shown in Table 2. 

 

 

Table 2 Performance comparison of machine-learning models 

Model MAE (kW) 
RMSE 

(kW) 

Daytime 

MAPE 

(%) 

nRMSE (%) R² 

ANN 0.8725 1.1636 3.2708 1.1636 0.9981 

Random 

Forest 
0.6836 0.8224 1.9173 0.8224 0.9991 

SVR 0.8583 1.1671 2.6653 1.1671 0.9981 

3.1.ANN Performance 

The ANN model achieved an MAE of 0.8725 kW and 

an RMSE of 1.1636 kW. The daytime MAPE was 

3.2708%, while the nRMSE was 1.1636%. The 

model achieved an R² value of 0.9981, indicating a 

strong relationship between the predicted and actual 

PV power. The high R² demonstrates that ANN 

successfully learned the nonlinear relationship 

between the meteorological parameters, historical PV 

generation, and PV power output. However, its error 

values were higher than those obtained from the 

Random Forest model. 

3.2.Random Forest Performance 

Among the three evaluated models, Random Forest 

produced the best overall forecasting performance. 

The model achieved: 

• MAE = 0.6836 kW 

• RMSE = 0.8224 kW 

• Daytime MAPE = 1.9173% 

• nRMSE = 0.8224% 

• R² = 0.9991 

The Random Forest model obtained the lowest MAE, 

RMSE, daytime MAPE, and nRMSE while achieving 

the highest R². The superior performance can be 

attributed to the ability of ensemble decision-tree 

models to capture complex nonlinear relationships 

and interactions among solar irradiance, temperature, 

humidity, wind speed, time variables, and historical 

PV generation. The results indicate that Random 

Forest is particularly effective for the present 

structured/tabular PV dataset. 

3.3.SVR Performance 

The SVR model achieved an MAE of 0.8583 kW and 

an RMSE of 1.1671 kW. The daytime MAPE was 

2.6653%, while the nRMSE was 1.1671%. The R² 

value was 0.9981. Although SVR performed well and 

demonstrated a strong predictive capability, it was 

slightly inferior to Random Forest in all major 

evaluation metrics. The results suggest that SVR was 

capable of representing the nonlinear characteristics 

of PV generation but did not capture the complex 

feature interactions as effectively as the Random 

Forest model for this dataset. 

3.4.Comparative Analysis 

The comparison clearly shows that Random Forest 

outperformed both ANN and SVR. Random Forest 

reduced the MAE by approximately 21.65% and 

RMSE by approximately 29.32% compared with 

ANN. Compared with SVR, Random Forest reduced 

the: 

• MAE by approximately 20.35% 

• RMSE by approximately 29.51% 

The daytime MAPE of Random Forest was also only 

1.9173%, compared with 3.2708% for ANN and 

2.6653% for SVR. Therefore, based on the present 

experimental results: Random Forest demonstrated 

the best predictive performance among the three 

evaluated machine-learning models. 

3.5.Discussion of R² 

All three models produced very high R² values: 

• ANN: 0.9981 

• Random Forest: 0.9991 
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• SVR: 0.9981 

 

 
Figure 2 RMSE Comparison 

 

 
Figure 3 R2 Comparison 

 

 
Figure 4 Actual and predicted power output 

Comparison 

 

This indicates that all models were able to capture the 

major variation in PV power output. However, the 

small difference in R² should not be used alone to 

select the best model. MAE, RMSE, nRMSE, and 

daytime MAPE provide additional information about 

prediction errors Shown in Figure 2 - 4. Therefore, 

the overall ranking based on the combined metrics is: 

• Random Forest — Best 

• SVR — Second 

• ANN — Third 

3.6.Significance of the Results 

The obtained results demonstrate the potential of 

machine-learning techniques for short-term PV 

power forecasting. Accurate PV forecasting is 

important for the reliable integration of solar 

photovoltaic generation into electrical grids because 

PV output is inherently variable and dependent on 

weather conditions. A reliable forecasting model can 

support: 

• Grid scheduling  

• Power-flow analysis  

• Voltage management  

• Energy management systems  

• Battery energy storage scheduling  

• Demand-supply balancing  

• Renewable energy integration  

The present study therefore provides a foundation for 

developing an intelligent PV forecasting framework. 

3.7.Limitation and Next Stage 

One important limitation of the present study is that 

the dataset used for the initial analysis is synthetically 

generated. Consequently, the obtained performance 

values, particularly the very high R² values, should 

not be interpreted as representative of a real PV plant 

without further validation. 

Conclusion 

This study presents a comparative machine-learning 

framework for short-term solar photovoltaic power 

forecasting using meteorological, temporal, and 

historical PV-generation variables. ANN, Random 

Forest, and SVR are evaluated using a common data-

processing and chronological training-testing 

framework to ensure realistic performance 

assessment. Preliminary results indicate that Random 

Forest outperforms ANN and SVR; however, these 

results are based on a synthetic dataset and will be 

validated using a real Indian PV generation and 

weather dataset. The proposed framework aims to 

support grid scheduling, energy management, power-

flow analysis, voltage regulation, reserve allocation, 
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and renewable-energy integration. Future work will 

focus on LSTM-based forecasting, hyperparameter 

optimization, different forecasting horizons, 

uncertainty quantification, and integration of 

predicted PV power into a grid-connected power-

flow model. 
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  𝑫 𝒂 𝒕 𝒆 _ 𝑻 𝒊 𝒎 𝒆


    𝑷  𝒕 − 𝟏 = 𝑷  ( 𝒕 − 𝟏 𝟓  min )


    𝑷  𝒕 − 𝟒 = 𝑷  ( 𝒕 − 𝟔 𝟎  min )


    𝑷  𝒕 − 𝟗 𝟔


    𝑿  𝒔 𝒄 𝒂 𝒍 𝒆 𝒅 =   𝑿 − 𝝁  𝝈


    𝑷  𝑷 𝑽 = 𝒇  (  𝑮 ,    𝑻  𝒂 ,    𝑻  𝒎 ,    𝑯  𝒕 ,    𝑷  𝒕 − 𝟏 ,    𝑷  𝒕 − 𝟐 ,  . . . )


  G


    T  a


    T  m


      𝑷 ^  𝑹 𝑭 =   𝟏  𝑵   ∑  𝒊 = 𝟏  𝑵      𝑷 ^  𝒊


  N


  𝑲  (    𝒙  𝒊 ,    𝒙  𝒋 ) = 𝐞 𝐱 𝐩 ⁡  ( − 𝜸 ∣ ∣   𝒙  𝒊 −   𝒙  𝒋 ∣  ∣  𝟐 )


  𝛾


  𝑴 𝑨 𝑬 =   𝟏  𝒏   ∑  𝒊 = 𝟏  𝒏 ∣   𝒚  𝒊 −     𝒚 ^  𝒊 ∣


  𝑹 𝑴 𝑺 𝑬 =    𝟏  𝒏   ∑  𝒊 = 𝟏  𝒏 (    𝒚  𝒊 −     𝒚 ^  𝒊    )  𝟐


  𝑴 𝑨 𝑷 𝑬 =   𝟏 𝟎 𝟎  𝒏   ∑  𝒊 = 𝟏  𝒏   ∣     𝒚  𝒊 −     𝒚 ^  𝒊    𝒚  𝒊 ∣


  𝒏 𝑹 𝑴 𝑺 𝑬 =   𝑹 𝑴 𝑺 𝑬    𝑷  𝒓 𝒂 𝒕 𝒆 𝒅 × 𝟏 𝟎 𝟎


    P  r a t e d


    𝑹  𝟐 = 𝟏 −    ∑ (    𝒚  𝒊 −     𝒚 ^  𝒊    )  𝟐   ∑ (    𝒚  𝒊 −   𝒚 -    )  𝟐
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