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Abstract:

The oil and gas industry faces numerous challenges, including price fluctuations, operational complexities, and
the need to optimize production processes. In the meantime, the use of new technologies such as artificial
intelligence and machine learning can be considered as a solution to improve the accuracy of forecasts and
increase productivity. The aim of this study is to investigate the effectiveness of artificial intelligence models in
forecasting production and optimizing operations in oil fields. Also, the economic evaluation of the use of these
technologies in reducing costs and increasing profitability is another objective of this study. In this study,
various artificial intelligence and machine learning models have been used to simulate and predict production
in oil fields. Data related to different fields have been collected and analyzed, and the models have been
evaluated using various accuracy criteria. The results show that artificial intelligence models have high
accuracy in predicting production with an error rate of less than 3%. Also, the use of these models has led to a
25% reduction in operating costs and a 21.4% increase in production efficiency. The use of artificial
intelligence in the oil and gas industry has not only increased the accuracy of forecasts, but also contributed to
economic and operational improvements. These results indicate the high potential of these technologies to
transform the oil and gas industry.

Keywords: Artificial intelligence, machine learning, production forecasting, optimization, oil and gas industry,
cost reduction, increased productivity.
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Instruction

Artificial intelligence and machine learning have been recognized as powerful tools in optimizing oil and gas
extraction processes in recent decades. These technologies can help improve efficiency and reduce costs in this
industry by analyzing big and complex data (Sircar et al., 2021). The use of machine learning in the oil and gas
industry includes applications such as production forecasting, drilling optimization, and resource management,
which can reduce risks and increase productivity (Tariq et al., 2021).

Artificial intelligence can help predict the behavior of oil and gas reservoirs by building complex simulation
models, which plays an important role in strategic decision-making (Li et al., 2021). Hybrid Al techniques are
used to automatically adapt simulation models to field data, which increases the accuracy and speed of data
analysis (Giuliani et al., 2018). In drilling fluid engineering, Al techniques can be used to optimize the formulation
and performance of drilling fluids, which can reduce costs and increase efficiency (Agwu et al., 2018).

Machine learning-based communication can be used to determine water saturation in complex lithologies and
increase the accuracy of geological analyses (Khan et al., 2018). Artificial neural networks can be used to predict
hydraulic properties in carbonate reservoirs, which can help improve the planning and execution of injection
operations (Salem et al., 2018). Reservoir production modeling using multilayer neural networks and fiber optics
can provide more accurate predictions of gas production from the Marcellus shale (Ghahfarokhi et al., 2018).

Machine learning can also be used to identify the best combination of hydraulic fracturing classes and improve
technologies in the Marcellus Shale (Anderson et al., 2016). Artificial neural networks can be used to predict
fracture pressure, which helps improve the safety and efficiency of drilling operations (Ahmed et al., 2019).

Big data deep learning-based sucker rod pump well condition detection models can help improve productivity
and reduce failures (Wang et al., 2019). Injection and production optimization in the steam flooding process using
improved particle swarm optimization can lead to increased efficiency and reduced costs (Ni et al., 2014).

Prediction of the effect of fracture using gray relation analysis and BP neural network can help improve
operational decisions (Shi et al., 2014).

Research Method

In this scientific-research article, which examines the applications of artificial intelligence and machine
learning in optimizing oil and gas extraction, the research method has been designed and implemented as follows:

Research Objective: The main objective of this research is to develop and evaluate artificial intelligence
models for optimizing oil and gas extraction processes and to examine their effects on improving efficiency and
reducing costs.

Research Type: This research is of an applied and experimental type that uses real data and computer
simulations to examine and evaluate the proposed models.

Statistical Population: The statistical population of this research includes operational and production data
from several oil and gas fields that are available to researchers.

Sample and Number of Samples: Random sampling was carried out from the available data, and the number
of samples included data related to 10 different oil and gas fields.
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Sampling Method: The sampling method was carried out randomly and with regard to access to valid and

reliable data.

Data collection tools: Data collection tools include field information systems, data from sensors installed in
oil and gas fields, and computer simulation software.

Data analysis method: The collected data were analyzed using machine learning models and artificial
intelligence algorithms. Statistical software and specialized machine learning tools such as Python and related
libraries were used to analyze the data. The results obtained were interpreted and reviewed using advanced
statistical techniques and comparative analyses.

Research findings

Table 1: Oil field information

Field

Rank Field Name | In-situ Recoverable | Daily
storage reserves Production
(billion (thousand
(billion barrels) barrels)
barrels)
1 Ahvaz Oil 65.5 37 750,000
Field
2 Gachsaran | 52.9 23.7 480,000
Oil Field
3 Maroon Oil | 46.7 21.9 520,000
Field
4 Azadegan 33.2 5.2 40,000
Oil Field
5 Aghajari 30.2 174 300,000
Oil Field
6 Ragsafid 16.5 3.44 180,000
Oil Field
7 Ab Timur 15.2 2.6 60,000
Oil Field
8 Sorush Oil | 14.2 10 46,000
Field
9 Karanj Oil | 11.2 5.7 237,000
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10 Bibi
Hakimeh
Oil Field

7.59 5.67 120,000

Table 2: AI Model Simulation Results

. Predicted Production (thousand|  Actual Production (thousand| Percentage
Field Name
barrels) barrels) \Error
Ahvaz Oil Field 760,000 750,000 1.33%
 Gachsaran—Oill 5 hop 480,000 2.08%
Field
Maroon Oil Field| 530,000 520,000 1.92%

This table presents the results of AI model simulations, comparing predicted production with actual production
figures. The percentage error indicates the accuracy of the predictions. For instance, the Ahvaz Oil Field shows
a 1.33% error, suggesting the model's high accuracy in predicting production. Such precision is crucial for
decision-making in operational planning and resource allocation.

The analysis of this table highlights the effectiveness of Al models in forecasting production. With errors below
3% for all fields, these models provide reliable insights, allowing operators to optimize production strategies and
improve efficiency in resource management.

Table 3: Machine Learning Model Input Parameters

Field Name Permeability (mD),  Porosity (%)  Fluid Type
Ahvaz Oil Field 150 20 Heavy Oil
Gachsaran Oil Field 200 18 Light Oil
Maroon Oil Field 180 22 Light Oil

This table lists the input parameters used in machine learning models, including permeability, porosity, and
fluid type. These parameters are critical for modeling and predicting oil field behavior. For example, higher
permeability in the Gachsaran Oil Field suggests better fluid flow, which can influence production rates.

Table 4: Prediction Model Accuracy under Various Conditions

RMSE (Root Mean Square

MAE (Mean Absolute

R? (Coefficient of

M T

odel Type Error) Error) \Determination)
Neural Networks 15,000 10,000 0.95
Decision Trees 20,000 12,000 0.92
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RMSE (R M MAE (M A R’ ;
Model Type SE (Root Mean Square (Mean  Absolute (.Coe'fﬁczent of|
Error) Error) Determination)
R ;
egression 18,000 11,000 )03
Analysis

This table evaluates the accuracy of different prediction models using metrics such as RMSE, MAE, and R>.
Neural networks exhibit the lowest errors and the highest R? indicating superior performance in predicting
outcomes.

The comparison reveals that neural networks are particularly effective in handling complex datasets with non-
linear relationships, making them ideal for oil field predictions. This insight guides the selection of appropriate
models for different prediction tasks, aiming to enhance accuracy and reliability.

Table 5: Comparison of Different Machine Learning Methods

Method Advantages Disadvantages

Neural High accuracy, handles| Requires  large  datasets,
Networks non-linearity well computationally intensive

Decision Easy to interpret, fast) Prone to overfitting, less
Trees execution accurate

Simple implementation,|  Assumes linear relationships,

Regression
& interpretable results less flexible

This table compares various machine learning methods, highlighting their strengths and weaknesses. Neural
networks are noted for their high accuracy and ability to model complex relationships, but they require significant
computational resources.

Decision trees offer interpretability and speed but may lack accuracy due to overfitting. Regression provides
simplicity and ease of interpretation but may not capture non-linear patterns effectively.

Table 6: Drilling Process Optimization Results

Field Name Drilling Time (days)|  Cost (million USD)|  Efficiency Improvement (%)
Ahvaz Oil Field 30 15 10

Gachsaran Oil Field) 28 14 12

Maroon Oil Field 32 16 8

This table presents the outcomes of optimizing drilling processes, including drilling time, cost, and efficiency
improvements. The Gachsaran Oil Field shows the highest efficiency improvement at 12%, demonstrating the
effectiveness of optimization efforts.

Table 7: Sensitivity Analysis of Model Parameters
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Parameter Baseline Value Adjusted Value Impact on Output (%)
Permeability (mD) 150 170 +5
Porosity (%) 20 22 +3
Pressure (psi) 2500 2600 +4

This table presents a sensitivity analysis of key model parameters, showing how changes in these parameters
affect the model's output. For example, increasing permeability from 150 mD to 170 mD results in a 5% increase
in output, indicating a strong sensitivity to this parameter.

Understanding the sensitivity of different parameters helps in identifying which factors most significantly
influence the model's predictions.

Table 8: Economic Evaluation of AI Utilization

Metric Before Al After Al Improvement
Implementation Implementation (%)
Operational Costs (million 20 15 25
USD)
Production Efficiency (%) 70 85 21.4

This table evaluates the economic impact of implementing Al technologies, focusing on operational costs and
production efficiency. The use of Al has led to a 25% reduction in costs and a 21.4% increase in production

efficiency.

Table 9: Model Validation Results with New Data

Field Name Predicted Production | Actual Production | Validation
(thousand barrels) (thousand barrels) Accuracy (%)
Ahvaz Oil Field 755,000 750,000 99.33
Gachsaran  Oil 485,000 480,000 99.04
Field

This table shows the results of validating models with new, unseen data. The high validation accuracy, such
as 99.33% for the Ahvaz Oil Field, demonstrates the models' robustness and reliability in predicting production.

Table 10: Comparison of Results Before and After Optimization
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Field Production Before Production After Improvement
Name Optimization (thousand barrels) | Optimization (thousand barrels) | (%)
Ahvaz Oil Field 750,000 770,000 2.67
Gachsaran Oil 480,000 495,000 3.13
Field

This table compares production levels before and after implementing optimization strategies. For instance,
the Ahvaz Oil Field shows a 2.67% improvement in production following optimization efforts.

Conclusion

Artificial intelligence models have been shown to significantly increase the accuracy of production
forecasting. With an error rate of less than 3% in forecasts, these models provide powerful tools for managers
and decision makers to better plan for the production and exploitation of oil fields. The use of advanced artificial
intelligence and machine learning techniques has not only increased the accuracy of forecasts, but also led to a
significant reduction in operating costs. Economic analysis shows that a 25% reduction in costs and a 21.4%
increase in production efficiency can significantly improve the profitability of companies. The models presented
in this study have been able to maintain high accuracy even with new and unseen data, which indicates their high
flexibility and adaptability. This important feature allows companies to better cope with changes and new
challenges in the industry and adjust their strategies to new conditions.

The results obtained from the optimization of drilling and production processes show that continuous
improvement and the use of advanced methods can lead to increased production and efficiency. This indicates the
importance of investing in research and development to find new ways to optimize and improve performance.

Given the positive results obtained, it is suggested that future research focus on developing more advanced
models and combining different data to improve accuracy and efficiency. Also, the use of new technologies such
as the Internet of Things and big data analytics can help further improve productivity and reduce costs. These
changes can lead the oil and gas industry towards greater sustainability and efficiency.
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