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ABSTRACT  

Oil price prediction plays a crucial role in the 

global economy, influencing decisions in 

industries such as transportation, 

manufacturing, and energy. Due to the volatile 

nature of oil prices, accurate forecasting has 

become a challenging task. This project 

proposes a machine learning-based approach to 

predict oil prices using historical data and 

various influencing factors. Traditional 

statistical methods often fail to capture 

complex patterns and non-linear relationships 

present in oil price data. Therefore, machine 

learning algorithms are employed to improve 

prediction accuracy and adaptability. The 

system utilizes historical oil price datasets 

along with relevant features such as demand, 

supply, geopolitical events, and economic 

indicators. Data preprocessing techniques 

including normalization, handling missing 

values, and feature selection are applied to 

enhance model performance. Various machine 

learning algorithms such as Linear Regression, 

Random Forest, and Support Vector Machine 

are implemented and compared to identify the 

most effective model. The trained model 

predicts future oil prices based on learned 

patterns from past data. Performance is 

evaluated using metrics such as Mean Squared  

 

Error (MSE), Root Mean Squared Error 

(RMSE), and accuracy. Experimental results 

demonstrate that machine learning models 

provide reliable predictions and outperform 

traditional methods. This project offers a data-

driven solution for oil price forecasting, 

helping businesses and policymakers make 

informed decisions in a dynamic market 

environment. 
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I. INTRODUCTION 

Oil is one of the most critical natural resources 

in the world, playing a vital role in global 

economic development and industrial growth. 

Fluctuations in oil prices have a significant 

impact on various sectors including 

https://ijerst.org/index.php/ijerst
http://www.ijerst.com/


 ISSN 2319-5991 
 

 

Vol. 22, No. 2, 2026                                      https://ijerst.org/index.php/ijerst                                        1908 

transportation, manufacturing, energy 

production, and financial markets. Due to 

factors such as geopolitical tensions, supply-

demand imbalance, economic conditions, and 

environmental policies, oil prices are highly 

volatile and difficult to predict. Accurate 

forecasting of oil prices is essential for 

governments, investors, and businesses to 

make strategic decisions, manage risks, and 

optimize resource allocation. Traditional 

statistical methods often fail to capture the 

complex and non-linear nature of oil price 

movements, making them less effective in 

dynamic market conditions. 

With the advancement of Artificial Intelligence 

and Machine Learning, new approaches have 

emerged to improve prediction accuracy. 

Machine learning algorithms can analyze large 

volumes of historical data and identify hidden 

patterns that are not easily detected by 

conventional models. Techniques such as 

Linear Regression, Support Vector Machines, 

Random Forest, and Neural Networks have 

been widely used for time series forecasting 

tasks. These models can handle complex 

relationships between variables and adapt to 

changing trends in data. By leveraging these 

techniques, it is possible to build more accurate 

and reliable prediction systems for oil prices. 

In this project, a machine learning-based 

framework is proposed for oil price prediction 

using historical data and relevant influencing 

factors. The system involves data 

preprocessing, feature extraction, model 

training, and performance evaluation. Various 

algorithms are implemented and compared to 

determine the most effective model. The results 

are analyzed using standard evaluation metrics 

to ensure reliability. This approach provides a 

robust and scalable solution for forecasting oil 

prices, helping stakeholders make informed 

decisions in a highly volatile market 

environment. 

II SURVEY OF RESEARCH 

1. Traditional Time Series Forecasting 

Methods 

Early research on oil price prediction primarily 

relied on traditional time series models such as 

ARIMA (AutoRegressive Integrated Moving 

Average) and exponential smoothing 

techniques. These methods analyze historical 

price trends and assume linear relationships in 

the data. While they are effective for short-term 

forecasting under stable conditions, they often 

fail to capture the complex and non-linear 

patterns present in oil price fluctuations. 

Studies have shown that oil markets are 

influenced by multiple dynamic factors such as 

geopolitical events, economic indicators, and 

supply-demand variations, which cannot be 

fully modeled using linear approaches. As a 

result, traditional methods often produce lower 

accuracy when dealing with highly volatile 

data. This limitation has encouraged 
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researchers to explore advanced techniques 

such as machine learning to improve prediction 

performance. 

2. Machine Learning-Based Prediction 

Models 

Machine learning techniques have gained 

significant attention for oil price prediction due 

to their ability to model non-linear 

relationships and handle large datasets. 

Algorithms such as Linear Regression, Support 

Vector Machines (SVM), Decision Trees, and 

Random Forest have been widely used in 

various studies. These models learn from 

historical data and identify hidden patterns that 

influence oil prices. Research findings indicate 

that machine learning models outperform 

traditional statistical methods in terms of 

accuracy and adaptability. However, the 

performance of these models depends on 

factors such as feature selection, data quality, 

and parameter tuning. This project utilizes 

multiple machine learning algorithms to 

compare their effectiveness in predicting oil 

prices. 

3. Deep Learning Approaches in Forecasting 

Recent studies have explored the use of deep 

learning models such as Artificial Neural 

Networks (ANN), Long Short-Term Memory 

(LSTM), and Recurrent Neural Networks 

(RNN) for oil price prediction. These models 

are particularly effective for time series data as 

they can capture temporal dependencies and 

long-term patterns. LSTM networks, in 

particular, have shown promising results due to 

their ability to remember past information over 

long sequences. Research suggests that deep 

learning models can achieve higher accuracy 

compared to traditional machine learning 

methods, especially when large datasets are 

available. However, they require high 

computational resources and careful tuning to 

avoid overfitting. 

4. Feature Selection and Influencing Factors 

Oil price prediction is influenced by multiple 

external factors such as crude oil supply, global 

demand, inflation rates, exchange rates, and 

geopolitical events. Research highlights the 

importance of selecting relevant features to 

improve model performance. Feature 

engineering techniques such as correlation 

analysis, principal component analysis (PCA), 

and data normalization are commonly used to 

enhance prediction accuracy. Studies show that 

incorporating macroeconomic indicators 

significantly improves forecasting results. This 

project considers various influencing factors 

and applies preprocessing techniques to ensure 

that the model captures meaningful 

relationships in the data. 

5. Hybrid Models for Improved Accuracy 

Hybrid models combine multiple techniques 

such as statistical methods and machine 

learning to improve prediction performance. 

For example, some studies integrate ARIMA 
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with neural networks to capture both linear and 

non-linear patterns in the data. These hybrid 

approaches have been shown to outperform 

individual models by leveraging the strengths 

of each method. Research indicates that 

combining different algorithms can reduce 

prediction errors and improve robustness. This 

project explores multiple machine learning 

models and compares their performance to 

identify the most suitable approach for oil price 

prediction. 

6. Evaluation Metrics and Model 

Performance 

Evaluating the performance of prediction 

models is a critical aspect of research. 

Common metrics used in oil price prediction 

include Mean Squared Error (MSE), Root 

Mean Squared Error (RMSE), Mean Absolute 

Error (MAE), and R-squared values. These 

metrics help in measuring the accuracy and 

reliability of the models. Research emphasizes 

the importance of using multiple evaluation 

criteria to ensure comprehensive analysis. 

Visualization techniques such as line graphs 

and error plots are also used to compare 

predicted and actual values. This project adopts 

standard evaluation metrics to assess model 

performance and ensure that the predictions are 

accurate and reliable for practical applications. 

III. WORKING METHODOLOGY 

The proposed system begins with data 

collection from reliable sources containing 

historical oil price data along with influencing 

factors such as demand, supply, economic 

indicators, and geopolitical events. The 

collected dataset is preprocessed to improve 

data quality and consistency. This includes 

handling missing values, removing outliers, 

and normalizing the data to ensure uniform 

scale across all features. Feature selection 

techniques are applied to identify the most 

relevant variables that significantly impact oil 

price fluctuations. The dataset is then split into 

training and testing sets, typically in an 80:20 

ratio, to evaluate the performance of the 

models effectively. This preprocessing stage is 

crucial for ensuring accurate and reliable 

predictions. 

In the next phase, various machine learning 

models are implemented to predict oil prices. 

Algorithms such as Linear Regression, 

Random Forest, and Support Vector Machine 

(SVM) are trained using the prepared dataset. 

These models learn patterns and relationships 

between input features and oil prices. 

Hyperparameter tuning is performed to 

optimize model performance and reduce errors. 

Each model is evaluated using performance 

metrics such as Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), and R-

squared values. Comparative analysis is 

conducted to identify the best-performing 

model based on accuracy and efficiency. This 

step ensures that the most suitable algorithm is 

selected for prediction. 
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Finally, the trained model is used to predict 

future oil prices based on new input data. The 

system generates outputs in the form of 

predicted values along with graphical 

visualizations comparing actual and predicted 

prices. These visualizations help in 

understanding trends and model performance. 

The system can be further enhanced by 

integrating real-time data for continuous 

prediction. By combining data preprocessing, 

machine learning, and evaluation techniques, 

the proposed methodology provides a robust 

and scalable solution for oil price forecasting, 

enabling better decision-making in dynamic 

market conditions. 

IV RESULTS EXPLANATIONS 

The experimental results of the proposed oil 

price prediction system demonstrate the 

effectiveness of machine learning models in 

forecasting price trends. After training the 

models on historical data, predictions were 

generated and compared with actual oil prices. 

Among the implemented algorithms, Random 

Forest and Support Vector Machine showed 

better performance compared to Linear 

Regression, as they were able to capture non-

linear relationships in the data. The evaluation 

metrics such as Mean Squared Error (MSE) 

and Root Mean Squared Error (RMSE) 

indicated lower error values for these models, 

confirming higher prediction accuracy. The R-

squared value also showed that the models 

explained a significant portion of the variance 

in oil price data. 

Graphical analysis was used to visualize the 

comparison between actual and predicted 

prices. Line graphs clearly showed that the 

predicted values closely followed the actual 

price trends, especially in stable market 

conditions. However, during sudden market 

fluctuations caused by external factors like 

geopolitical events, slight deviations were 

observed. This indicates that while machine 

learning models perform well, they may still 

face challenges in capturing unexpected real-

world events. Nevertheless, the overall trend 

prediction remained accurate and reliable. 

Furthermore, the comparative analysis of 

different models highlights the importance of 

selecting appropriate algorithms for time series 

forecasting. The results confirm that ensemble 

methods like Random Forest provide better 

generalization and robustness. The system 

successfully demonstrates the capability of 

machine learning in predicting oil prices with 

high accuracy. These findings suggest that the 

proposed approach can be effectively used for 

real-world applications such as financial 

planning, investment decisions, and policy-

making in the energy sector. 
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V. CONCLUSION 

The proposed oil price prediction system using 

machine learning algorithms provides an 

efficient and accurate approach to forecasting 

oil price trends. By utilizing historical data and 

relevant influencing factors, the system is able 

to capture both linear and non-linear 

relationships that affect price fluctuations. 

Among the implemented models, advanced 

algorithms such as Random Forest and Support 

Vector Machine demonstrated superior 

performance in terms of accuracy and error 

reduction compared to traditional methods. The 

use of preprocessing techniques and proper 

feature selection further enhanced the model’s 

reliability. Graphical analysis showed that 

predicted values closely follow actual trends, 

validating the effectiveness of the approach. 

Although sudden market changes due to 

external factors may introduce minor 

deviations, the overall performance remains 

robust. This project highlights the potential of 

machine learning in financial forecasting and 

supports better decision-making for industries, 

investors, and policymakers in the energy 

sector. 
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