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Abstract: The progression of industrial advancements has steadily incorporated data and
intelligence to enhance effectiveness and productivity. Industry 4.0 innovations facilitated seamless
data integration and communication across industrial setups, leading to intelligent factories
characterized by self-management and continuous learning. Looking ahead, Industry 5.0 aims to
foster Al integration and human-robot collaboration, promoting sustainable and personalized
industrial frameworks. This paper explores the strategy of complementing existing Business
Intelligence (BI) processes with Artificial Intelligence (AI) to enhance gas production in an oil field
in southern Oman. Current challenges include managing an undersaturated reservoir with limited
data, leading to reactive approaches and suboptimal oil recovery. Our methodology leverages Al
and BI tools like Microsoft Power BI and Python to automate gas detection using machine learning
algorithms based on surface readings. Results demonstrate an accuracy rate of approximately 50%
in predicting gas increases, with higher precision for wells with extended breakthrough times. This
approach enhances operational efficiency, reduces human error, and supports proactive decision-
making. Despite its simplicity, the model's potential for further research and refinement is
significant, advocating for the widespread adoption of Al-driven solutions to optimize production
and minimize environmental impact across various industries.
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1. Introduction

The progression of industrial advancements has seen a steady incorporation of data
and intelligence to enhance effectiveness and productivity(l). With Industry 3.0,
automation and digitalization came into play, generating substantial data streams from
diverse operational facets. This data primarily served for overseeing and managing
industrial functions like quality and production assurance, and maintenance. Capitalized
of Industry 4.0 on this data to derive actionable view, facilitated by technologies like cloud
computing, extensive data analysis, and the Internet of Things (IoT) (2). These innovations
facilitated seamless data integration and communication across various tiers and sectors
of industrial setups, encompassing machinery, processes, products and services (3).
Additionally, Industry 4.0 introduced the notion of factories intelligent, characterized by
self-management, adaptability, and continuous learning capabilities, thus optimizing
operational efficiency. Looking ahead, Industry 5.0 aims to foster artificial intelligence
integration and human-robot collaboration, fostering sustainable and a more personalized
industrial framework(4). Central to Industry 5.0 is the augmentation of human abilities
and creativity, prioritizing social and environmental dimensions like customer
satisfaction, worker welfare, and resource preservation(5). Envisioning a human-centered
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and environmentally conscious industrial landscape, Industry 5.0 heralds a future where
humans and machines collaborate synergistically for mutual benefit.(6).

Figure 1. Illustrates the progression of industries and their trajectory
toward artificial intelligence (AI). (7)

The convergence of artificial intelligence (AI) and business intelligence (BI) presents
significant benefits for various sectors, including the energy industry. This sector grapples
with challenges like rising need, market volatility and environmental regulations(8). By
integrating Al and BI, energy firms can extract value from their data and enhance
operations such as distribution, production, and consumption. Where BI facilitates data
collection, storage, analysis, and visualization from diverse sources like Meters, sensors,
devices, and systems(9). It empowers companies of energy to monitor assets, processes,
and performance, identify issues, enhance efficiency, and trim costs. On the other hand, Al
augments decision-making by enabling automation through techniques like natural
language processing, machine learning, deep learning and computer vision. Al empowers
energy companies to make predictions, receive recommendations, gain insights, and
optimize operations like dispatching, scheduling, trading and pricing(10). Additionally,
Al aids in developing new services and products like meters, smart grids, cities and homes.
By amalgamating Al and BI, energy firms can establish an intelligent energy system with
data-driven that is capable of adapting to evolving customer requirements, stakeholder
expectations, regulatory requirements, and market dynamics(7).

This paper explores the strategy of complementing existing BI processes with Al to
enhance the production of gas in an oil field located in the southern region of the Sultanate
of Oman. It delves into the insights, observations, and learnings gleaned by the
interdisciplinary author during the course of this endeavor, alongside offering broader
industry insights and a description of BI processes(11).

Business Intelligence Process

e

Figure 2. Illustrates the enhancement of the BI process
through the integration of AI (12)
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Let's delve deeper and see how Al supercharges Business Intelligence (BI) at each
stage.

1. Data Preparation on Autopilot: Al can handle data cleaning, integration,
transformation, and mining. This ensures high-quality data (consistent, valid)
and uncovers hidden patterns and anomalies.

2. Advanced Analytics Made Easy: Al utilizes machine learning, deep learning,
and reinforcement learning to generate insights. It builds predictive and
prescriptive models, learns from feedback, and adapts to changing situations.

3. Smarter Visualization and Reporting: Al leverages natural language generation,
data visualization, and conversational agents. This creates clear, concise, and
interactive dashboards and reports. Users can ask questions and receive
explanations directly from the AL

By embracing Al, Bl becomes more automated, intelligent, and adaptable. This
reduces human workload and errors, while boosting decision-making speed and
accuracy.(13)

2. Materials and Methods The Challenge: Managing an Undersaturated Reservoir
with Limited Data

Our reservoir is initially brimming with oil, free of gas bubbles, thanks to a pressure
exceeding the bubble point. However, produced oil carries some dissolved gas, which is
either sold, reinjected, or flared depending on market and environmental factors.
Unfortunately, our gas processing facilities are already maxed out, so handling additional
gas isn't an option without jeopardizing safety and efficiency.(14)

We monitor well performance using surface pressure and temperature gauges, but
lack regular testing to pinpoint individual well gas increases. This makes it difficult to
estimate crucial reservoir parameters like gas-oil ratio, oil saturation, and relative
permeability. Additionally, the complexity of the rock and fluids, coupled with limited
data, hinders accurate reservoir modeling. This translates to significant uncertainty
regarding reservoir behavior and future production potential(15).

Currently, a reactive approach prevails, focusing on maximizing production from
each well ("creaming") until it becomes unprofitable. This strategy neglects optimization
or intervention, potentially leading to suboptimal oil recovery and premature well
abandonment. The figure below exemplifies this challenge, showcasing a well with
increasing gas and potentially declining oil production, yet lacking regular testing for early
detection and intervention.(3)

Well "X" Production History

Figure 3. Illustrates an example of the production history
for Well "X."
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3. Results and Discussion

Envision a future where artificial intelligence (Al) revolutionizes oil field operations.
This study delves into such a scenario, proposing a system that merges Al with Business
Intelligence (BI) processes to automate gas detection in oil wells [4]. By utilizing accessible
tools like Microsoft Power BI and Python, this method aims to create a machine learning
algorithm that detects early signs of gas increases based on existing surface readings. The
proposed system evaluates four primary variables: wellhead temperature, pressure, oil
flow rate, and gas flow rate. Additionally, it accounts for seasonal weather fluctuations
that may impact surface measurements. This comprehensive approach ensures precise
predictions and reduces false alarms. Enhancing BI dashboards with AI: Directly
integrating Al into the Power Bl dashboard provides operators with real-time insights and
proactive recommendations. Through data analysis, the system generates predictions and
suggests optimal actions, facilitating informed decision-making.

Drawing insights from historical data: The key lies in historical data analysis.
Leveraging data from approximately 50 wells that have previously experienced gas
increases, the system trains and validates the machine learning algorithm, ensuring its
efficacy across various scenarios. Visual risk monitoring: In addition to predictions, the
system prioritizes safety by incorporating visual indicators. Utilizing color codes and
symbols, it highlights potential risks, enabling operators to swiftly respond to anomalies.
Thorough testing and validation: Following training, the system undergoes rigorous
testing on 50 different wells. This iterative process allows for result reproduction,
performance evaluation, and refinement of the algorithm's accuracy for practical use.
Optimizing production and reducing impact: Ultimately, this Al-driven approach aims to
optimize gas production while minimizing operational costs and environmental footprint.
By detecting early signs of gas increases, the system empowers surveillance teams to
proactively adjust operations, focusing on oil extraction while minimizing wasted gas that
would otherwise be flared. This contributes to a more sustainable and efficient operation.

Although this approach represents a relatively straightforward application of Al its
significance lies in its potential to inspire further research and innovation. It serves as a
foundation for researchers in the field to develop more advanced and impactful Al
solutions for the oil and gas industry.

Machine Learning Process

e, I 5
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Figure 4. Illustrates The Machine Learning Process.

The newly developed model has demonstrated promising outcomes in predicting
gas increases within oil wells, achieving an accuracy rate of approximately 50%. While this
accuracy may appear moderate, the model excels in providing higher precision for wells
with extended breakthrough times, furnishing valuable insights for proactive risk
mitigation. This innovation obviates the need for repetitive manual data analysis upon the
arrival of new information, as the model automatically scans incoming datasets, effectively
acting as an additional surveillance layer for the team. This transition from reactive to
proactive monitoring significantly enhances operational efficiency, allowing personnel to
concentrate on other critical tasks.
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Nevertheless, it's crucial to acknowledge that the efficacy of machine learning
models heavily relies on the quality and quantity of their training data. The model
described here adopts a relatively simple approach, focusing on four variables: wellhead
temperature, pressure, oil flow rate, and gas flow rate. While effective, this simplicity
imposes limitations, as assumptions of uniform subsurface conditions introduce a degree
of inaccuracy, underscoring the inherent constraints of machine learning. However, this
doesn't diminish the model's value; rather, it stimulates discourse and encourages ongoing
refinement of operational practices within this pivotal sector, paving the way for further
exploration and enhancement.

So, how does this model operate? At its core, it assimilates the aforementioned
variables and employs a machine learning algorithm, such as linear regression, to uncover
patterns and correlations between these inputs and the occurrence of gas increases.
Subsequently, the model furnishes a prediction for each well, accompanied by a confidence
interval to gauge its own certainty. Additionally, it triggers visual alerts and color-coded
indicators to draw attention to potential risks, ensuring timely responses to critical
situations. Currently, the model has undergone training and validation using historical
data from 50 wells that have previously encountered gas increases. To evaluate its efficacy
in real-world scenarios, it undergoes further testing on an additional set of 50 wells.

Looking ahead, exciting prospects lie in expanding the capabilities of this model. By
incorporating data from diverse sources such as sensors, meters, and various monitoring
systems, the model can capture a more comprehensive picture and mitigate uncertainties.
Broadening the scope of considered variables, including reservoir pressure, fluid
properties, and rock characteristics, would enable it to accommodate the complex and
heterogeneous nature of subsurface environments. Finally, leveraging more advanced
machine learning techniques, like neural networks, could empower the model to capture
the non-linear and dynamic aspects of the system, further enhancing its accuracy and
reliability.

Ultimately, refining this model holds the potential for substantial enhancements in
operational efficiency and safety. By accurately anticipating gas increases, we can optimize
production processes, mitigate risks, and ensure responsible resource management. This
case serves as a stepping stone toward a future where data-driven insights underpin our
decision-making, fostering a more sustainable and efficient oil and gas industry.
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Figure 5. Presents The Key Findings From Testing Conducted On 50
Wells.
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4. Conclusion

Beyond Oil & Gas: The authors assert that the insights gleaned from this project
extend beyond gas prediction in oil wells. They advocate for the widespread adoption of
data science and Al across various industries, urging professionals to explore similar
digitalization strategies for efficiency gains. This project stands as a beacon of thought
leadership, inspiring others to embrace and customize such methodologies in their
respective fields.

Improving Model Performance: To refine the gas prediction model and tailor it for
broader applications, several crucial considerations are outlined:

1. Feature Engineering: Drawing from domain expertise and statistical analysis,
creating new features can unveil hidden patterns and enhance model
performance.

2. Hyperparameter Tuning: Experimenting with key parameters within the
chosen model algorithm can fine-tune its accuracy and efficacy.

3. Model Selection: Exploring alternative algorithms like Support Vector Machines
or Gradient Boosting may identify models better suited to specific datasets or
tasks.

4. Addressing Seasonality: Incorporating time-based features or specialized
models is crucial for better predictions if seasonal trends significantly impact
the data.

Understanding Limitations: Acknowledging the model's constraints is imperative
for responsible implementation:

1. New Wells: The model primarily relies on historical data, rendering it
unsuitable for newly drilled wells lacking production history.

2. Surface Interference: Wells experiencing frequent changes in operating
conditions due to surface interferences may not align well with the model,
necessitating specialized approaches.

3. Anticipating Future Changes: Predicting future events such as workovers is
vital. Resetting the history start time based on such interventions ensures the
model accurately reflects post-change trends.

4. Data Quality: Ensuring data accuracy and consistency is crucial to mitigate
model biases and ensure dependable predictions.

Deployment and Beyond: Integrating the model into production systems facilitates
real-time monitoring and prediction, driving operational enhancements. Collaboration &
Knowledge Sharing: Cultivating interdisciplinary collaboration and knowledge exchange
can accelerate the development and adoption of advanced Al-driven solutions.
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