


MULTI-MODEL LEARNING METHODS FOR OIL PRICE PREDICTION


ABSTRACT
Present-day oil prices are rising due to certain conditions like inflation entire world. It is a major problem in the world. It affects so many fields connected to human life. Oil price prediction is most important for business scenarios. Machine learning algorithms play a key role in oil price prediction. Machine learning models predict the price of fuel. This paper aims to compare the machine learning models with multi-model learning models. To know in terms of accuracy and performance. Ensemble machine learning algorithms are most adaptive for different environments.  The predicted price of crude oil in the future is decided using machine learning algorithms. In our research, we tested five models for calculating oil price prediction. Among these five models, tuning three models with hyperparameters. Hyperparameter tuning means AutoML, which boosts the performance of the models. The above three models’ performance shows more than 93%. Two models, support vector machine and linear regression, do not perform well. The accuracy rate is more than 50%.
Keywords:  Automatic Machine Learning, Oil Prices Prediction, Hybrid Machine Learning. 
I.  TION
Unstable prices of crude oil create more confusion for businesspeople and also cause customers to suffer due to these high prices. These crude prices are dependent on Dubai and Saudi Arabia's oil prices. Transportation is also one of the causes of crude oil price changes [2]. These crude oil prices have more effects on developing countries like India. Most of the researchers concentrate on machine learning algorithms to predict accurate results of oil prices in the real world. The prediction of crude oil prices based on past dataset predicted values. Features are considered as input, and the target list is considered as predicted values. Different machine learning models are feasible to some extent for predicting crude oil prices [3]. Oil price prediction is most important for business scenarios. Machine learning algorithms play a key role in oil price prediction. Machine learning models predict the price of fuel. To know in terms of accuracy and performance. Ensemble machine learning algorithms are most adaptive for different environments [4]. Present-day oil prices are rising due to certain conditions like inflation entire world. It is a major problem in the world. It affects so many fields connected to human life. Figure 1 shows the Monthly crude oil spot prices (2019-2024). 
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Figure 1: Monthly crude oil spot prices (2019-2024) [1]
In a few countries, crude oil is a major source of income. For example, Saudi Arabia, Russia, the United States, and Iran etc. All these countries' crude oil plays a critical role in their economy and the global economy. If any dispute arises between any countries of crude oil production, it impacts on world economy, like price fluctuations affecting economic activities and social stability [5]. The two best real-time examples of price fluctuation of crude oil from 2019 to 2024. One is Covid-19 is the biggest calamities in the past 100 years. Due to this problem shake the crude oil market is shaken because the oil price drops suddenly [6]. For this price decline, oil companies decided to reduce production. The second real-time example is the Russia and Ukraine War, due to this problem suddenly decline the supply of crude oil and the price is increased. Now also this trend is also continuous throughout the world [7].

Crude oil price fluctuations and economic recession still remain unsettled due to certain problems arising in the world. Crude oil price is a most complex issue, through using different models on fluctuates of crude oil price is dynamically high and low every day in the market [8]. This type of market behavior is adjusted to use factors like supply and demand in the financial market. Supply and demand relation is a complex for technological development to sort out the issue [9]. Today also it is also a major issue faced by academicians and researchers to resolve price fluctuations. It consciously disturbs the world's economic activities throughout the world [10].

The following paper continues next section with the projected scheme and building. Section three with outcomes and investigation, with a comparative study. The ending section concludes the paper with an optimal solution.

II. PROPOSED SYSTEM AND ARCHITECTURE
Crude oil is the most dominant item in the world. Oil price prediction is most important for business scenarios. Machine learning algorithms play a key role in oil price prediction. Machine learning models predict the price of fuel. To know in terms of accuracy and performance [11]. Multi-model learning algorithms are most adaptive for different environments. Present-day oil prices are rising due to certain conditions like inflation entire world. It is a major problem in the world. It affects so many fields connected to human life. The predicted price of crude oil in the future is decided using machine learning algorithms. In our research, we tested five models for calculating oil price prediction. Among these five models, we tuned three models with hyperparameters [12]. Hyperparameter tuning means AutoML boosts the performance of the models.

The succeeding figure 2 shows our proposed architecture starting from data collection to the final result, with different phases included in this diagram [13]. The phases are 
1. Data Collection
2. Pre-processing the data
3. Extract the features
4. Selection of algorithms
5. Model Training
6. Evaluation of Model Test
7. Prediction
The phases are common for machine learning algorithm implementation in real-time scenarios. Data collection for the corresponding problem statement. From the pre-processing point of view, many procedures are available to remove abnormal data points. Feature extraction is also the most important phase for generating accurate results at the final stage. Here, data redundancy algorithms also apply to remove the redundancy. 

The next phase is the selection of algorithms to select suitable algorithms for the data. The next phase with model training, after the evaluation of the model test, and then the generation of the final result [14].  Figure 2 describes the architecture of the proposed system with multiple phases.
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Figure 2: Proposed architecture
III. RESULTS AND ANALYSIS
Oil price prediction is most important for business scenarios. Machine learning algorithms play a key role in oil price prediction. Machine learning models predict the price of fuel. The following phases are for the implementation of our project.
3.1 Importing modules
Before starting our implementation, import the libraries of the Python programming language. All are essential for implementing multiple models in our project.
3.2 Loading the Dataset
Loading the dataset into the current system. Dataset with multiple attributes starting from count to max. 
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3.3 Data Scaling
Data Scaling is a mandatory process for getting accurate results from a given input. Check missing values and fill those values using dissimilar methods; otherwise, ignore those values. Remove abnormal values also.
3.4 Data Visualization
Based on the given dataset, after pre-processing of the data, it can be shown in graphs with multiple diagnosis slots, with the count. Figure 3 shows the diagnosis against count, which means price against total barrel count. Diagnose the oil prices with the corresponding closing values.
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Figure 3: counts of diagnosis oil price values
Figure 4 describes the closing oil price values of oil price prediction with machine learning techniques. Based on availability and demand, closing values change. If you observe in graph, it can be shown.
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Figure 4: closing oil price values 
Figure 5 shows the Column chart variation of oil prices over the years from 2017 to 2023. The following graph shows the variation of prices from 2017 to 2023. Prices can increase year by year. But sometimes prices can be decreased based on demand and availability.
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Figure 5: Column chart variation of oil prices over the years
3.5 Model Implementation
Five models are implemented for oil price prediction in this research. There are LR, RF, SVM, gradient boosting, and decision tree. The following code is for the implementation of different models.
3.5.1 Linear Regression
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In our research, we used Linear regression and it generated an accuracy rate is 57.64%. It can be mainly used for linear relations, which means a one-to-one variable connection. Figure 6 shows the Line chart of oil prices over the years from 2017 to 2023. The oil price increased year by year in the graph using linear regression.
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Figure 6: Line chart of oil prices over the years (LR)
In Figure 6, we used Linear regression and it generated an accuracy rate is 57.64%. It is medium-range accuracy, not better. The graph shows an increasing price, which means that year by year, oil prices increase.
3.5.2 Decision Tree Regressor
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Figure 7 describes the Line chart of oil prices over the years from 2017 to 2923 using a decision tree. It also shows increased prices. This model gives a 93.2% accuracy rate. It is higher than Linear regression on the given dataset.  
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Figure 7: Line chart of oil prices over the years (DT)
3.5.3 Random Forest Regressor
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Figure 8 shows the Line chart of oil prices over the years from 2018 to 2023 using a random forest tree. It also shows increased prices. This random forest model gives a 93.2% accuracy rate. It is higher than linear regression.  Random forest regression is a bagging model; it comes under ensemble learning.
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Figure 8: Line chart of oil prices over the years (RF)
3.5.4 Support vector machine
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Figure 9: Line chart of oil prices over the years (SVM)
A support vector machine (SVM) is a supervised machine learning algorithm that classifies data by finding the best separating hyperplane. SVMs are used for classification, regression, and outlier detection. Figure 9 shows the Line chart of oil prices over the years from 2018 to 2023 using a support vector machine. It also shows increased prices. Support vector machine predicts a 50.64% accuracy rate.
3.5.5 Gradient Boosting Regressor
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Figure 10: Line chart of oil prices over the years (GB)
Figure 10 shows the Line chart of oil prices over the years from 2018 to 2023 using gradient boosting. It also shows increased prices. Gradient Boosting is similar to the random forest model. Both models generate the same accuracy and optimal rate.
3.6 Hyperparameter Tuning (AutoML)
3.6.1 Tuning Gradient Boosting Regressor
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3.6.2 Tuning Decision Tree Regressor
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Hyperparameter tuning is an enhancement of machine learning models, which provides a higher accuracy rate compared to a single model. Three models were used for hyperparameter tuning. (AutoML).
3.6.3 Random Forest Regressor
Table 1: RF parameter calculation
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In our research, we tested five models for calculating oil price prediction. Among these five models, tuning three models with hyperparameters. Hyperparameter tuning means AutoML, which boosts the performance of the models. The above three models’ performance shows more than 93%. Two models, support vector machine and linear regression not perform well. The accuracy rate is more than 50%. Table 2 shows the Comparison of models' accuracy. The RMSE value is lower in the random forest tree compared to SVM and linear regression. The following table provides more understandable calculations regarding accuracy. Hyper-tuning models predict a higher accuracy rate. Three models predict higher and similar accuracy rates. But the normal model does not provide more accuracy.

Table 2: Comparison of Models' accuracy
	S. No.
	Name of the Model
	Accuracy Rate (%)

	1
	Linear Regression
	50.74

	2
	Support Vector Machine
	50.1

	3
	Tuning Random Forest Tree
	93.2

	4
	Tuning Gradient Boosting
	93.2

	5
	Tuning Decision Tree
	93.2


IV. CONCLUSION
Oil price prediction is most important for business scenarios. Machine learning algorithms play a key role in oil price prediction. Machine learning models predict the price of fuel. To know in terms of accuracy and performance. Ensemble machine learning algorithms are most adaptive for different environments. The predicted price of crude oil in the future will be decided using machine learning algorithms. In our research, we tested five models for calculating oil price prediction. Among these five models, tuning three models with hyperparameters. Hyperparameter tuning means AutoML boosts the performance of the models. The above three models’ performance shows more than 93%. Two models, support vector machine and linear regression, do not perform well. The accuracy rate is more than 50%.
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LinearRegression()

score=regressor.score(xtest,ytest)
print("The model score is : “,score*100)

The model score is : 57.6411139496912
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DecisionTreeRegressor(random_state=42)
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print("The model score is : ",score*100)

The model score is : 93.20482267208735
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RandomForestRegressor (random_state=42)

egressor.score(xtest,ytest)
print("The model score is : ",score*100)

The model score is : 93.20165095322052
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