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Abstract: Interpreting seismic data is essential for characterizing reservoirs, as it helps in decoding under-the-earth geological
formations and refining the search and extraction of hydrocarbons. Yet, the growing scale and intricacy of seismic data introduces
hurdles to the classic methods of interpretation. This paper introduces method using unsupervised machine learning and analytics to
boost the interpretation of seismic data and enhance the characterization of reservoirs. Through the deployment of these unsupervised
learning techniques, my strategy facilitates the uncovering of elusive geological formations, variations in rock bodies, and anomalies in
fluids that might escape notice using traditional interpretation processes. The machine learning algorithms’ capacity to autonomously
extract features and recognize patterns makes it possible to discover reservoir segments, stratigraphic traps, and paths of fluid
movement that were previously invisible. Additionally, incorporating data analytics techniques enables the smooth combination of
varied data types, including well logs, output data, and petrophysical insights, with the seismic interpretations. This comprehensive
tactic strengthens reservoir characterization, supporting more informed decisions in the development and optimization of fields. The
document ends by touching on the prospective benefits the suggested method could bring to the petroleum industry, underscoring its
potential to cut down on interpretation timelines, diminish subjectivity, and amplify our grasp on intricate reservoir systems. The
employment of unsupervised machine learning and data analytics in the interpretation of seismic data marks a pivotal advance in
adopting cutting-edge technologies for better characterization of reservoirs and the enhancement of operational efficacy.

Keywords: seismic data interpretation, unsupervised machine learning, data analytics, reservoir characterization, self- organizing maps,
clustering, automated feature extraction, pattern recognition, multi-disciplinary data integration, decision- making, field development,
production optimization

significant reduction in human error while enhancing the
precision and efficiency of underground
characterizations. Especially, approaches based on

1. Introduction

Interpreting seismic data is crucial in the petroleum

sector, serving as the backbone for understanding the
geological formations below the earth's surface. This
process is instrumental in making vital choices
concerning the exploration and extraction of
hydrocarbons. A precise interpretation of seismic data
plays a pivotal role in reservoir description, which
scrutinizes reservoir attributes like porosity, permeability,
and the presence of fluids, aiming at refining strategies
for field development and boosting hydrocarbon
extraction.

Nevertheless, the escalating sophistication and bulk of
seismic data present considerable obstacles to
conventional interpretation  methodologies.  The
traditional approaches to manual interpretation are not
only slow and subjective but also vulnerable to error,
leading to varied results and occasionally incorrect
assumptions about underground features. Also, the
necessity to merge various types of data, including well
logs, output details, and petrophysical data, further
entangles the interpretation task, demanding a more
comprehensive strategy towards reservoir description.

The burgeoning interest in employing machine learning
and data analytics in seismic data interpretation is a
testament to the industry’s endeavor to overcome these
hurdles. Machine learning, with its capability to automate
and refine the interpretation process, proposes a

unsupervised machine learning are promising, capable of
deciphering complex patterns and attributes in the seismic
data autonomously, without relying on pre-tagged
training datasets.

This document introduces a methodology that utilizes
unsupervised machine learning alongside data analytics
to elevate the quality of seismic data interpretation and
reservoir ~ characterization. The fusion of these
unsupervised learning techniques with data analytics
offers a more detailed and accurate comprehension of the
underground, thereby supporting more informed
decisions in the optimization of field development and
production.

Problem Statement

Interpreting seismic data plays a pivotal role in the realm
of oil and gas, offering crucial insights into what lies
beneath the Earth's surface and assisting in the decision-
making processes for identifying and extracting
hydrocarbons. Nonetheless, the journey of interpreting
seismic information is fraught with obstacles that may
impede the precise delineation of hydrocarbon deposits.

Challenges in Seismic Data Interpretation

Growing Data Complexity and Volume: The progression
in seismic collection tech, including 3D and 4D seismic
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surveys, has led to a surge in the amount of data requiring
analysis. This explosion in data volume makes traditional
interpretation methodologies, which depend on the
expertise and judgement of human interpreters, both
inefficient and cumbersome. Such an approach becomes
impractical with large data sets, often causing delays and
potentially overlooking vital opportunities for discovering
and optimizing hydrocarbon production.

Subjectivity and Human Bias: The reliance on manual
methods of interpretation is also marred by subjectivity,
as different interpreters might view the same seismic data
through different lenses based on their expertise, leading
to inconsistent and possibly mistaken subsurface
depictions. This variability could lead to the wrongful
identification of geological formations, like faults and
traps, which greatly affects the strategies for field
development and production.

Integrating Multi-Disciplinary Data: Another hurdle is
the merging of seismic data with other types of data such
as well logs, production figures, and petrophysical data,
all of which may vary greatly in scale, resolution, and
formats. This disparity poses a significant challenge in
creating a cohesive analysis, often resulting in a
fragmented view of the subsurface and subsequently, less
than optimal decision-making in managing reservoirs.

Detecting Subtle Hydrocarbon Indicators: Identifying the
patterns and features within seismic data that suggest the
presence of hydrocarbons can be notably challenging,
especially in areas of complex geology. Traditional
methods might miss these discreet signals, bypassing
chances to uncover and optimize hydrocarbon extraction.

Solution

To tackle the challenges posed by the interpretation of
seismic data and the characterization of reservoirs, the
suggested solution incorporating AWS services includes

1. Data Storage and Management:

For the storage and handling of extensive seismic
datasets, well data, production figures, and other related
information, Amazon S3 (Simple Storage Service) can be
employed. S3 ensures scalable, secure storage solutions,
allowing for efficient data retrieval.

Amazon Glacier serves as an ideal choice for the archival
of infrequently accessed seismic information, offering a
cost- effective storage solution.

To keep structured metadata like survey details, well
positions, and reservoir characteristics, Amazon RDS
(Relational Database Service) or Amazon Aurora are
suitable choices.

2. Data Processing and Analysis:
Provisioning Amazon EC2 (Elastic Compute Cloud)

instances is critical for executing the unsupervised
machine learning algorithms and data analysis

workflows. EC2  adjusts computing  resources
dynamically to meet processing needs.

Amazon SageMaker is pivotal for creating, training, and
deploying models that interpret seismic data. SageMaker,
a managed service, simplifies the development and
deployment of machine learning models, including
techniques such as self-organizing maps (SOMs) and
clustering.

For handling and analyzing seismic data on a large scale,
Amazon EMR (Elastic MapReduce) is essential. By
utilizing distributed computing ecosystems like Apache
Spark and Hadoop, EMR enhances the processing of
substantial data volumes and facilitates the use of various
data analytics tools.

3. Data Integration and Visualization:

AWS Glue is crucial for the extraction, transformation,
and loading (ETL) of data from diverse sources to a
centralized repository. As a managed ETL service, Glue
simplifies data integration, allowing for the seamless
merging of data from different disciplines.

To generate interactive dashboards and visualizations of
seismic data interpretations and reservoir characteristics,
Amazon QuickSight is advisable. QuickSight enables the
creation of tailor-made visualizations, offering insights
into underground geological formations and reservoir
features.

4. Workflow Orchestration and Automation:

AWS Step Functions is invaluable for orchestrating and
automating the steps in the seismic data interpretation
process, including data preprocessing, machine learning
training, and analytics. This service allows for the design
of serverless workflows that are easy to monitor and
manage.

AWS Lambda supports the execution of serverless code
snippets and functions for specific tasks in the workflow,
like data adjustments or post-processing activities.

5. Security and Access Control:

To control user access and permissions for different AWS
services and resources used in the seismic interpretation
solution, AWS ldentity and Access Management (IAM)
is essential. 1AM ensures data and model access is
restricted to authorized users.

Amazon VPC (Virtual Private Cloud) ensures a secure,
isolated network for running seismic interpretation tasks,
safeguarding data privacy and meeting industry
standards.

Volume 11 Issue 3, March 2022

WWW.ijsr.net
Licensed Under Creative Commons Attribution CC BY

Paper |D: SR24422172903

DOI: https://dx.doi.org/10.21275/SR24422172903 1584


www.ijsr.net
http://creativecommons.org/licenses/by/4.0/

International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

Architecture Diagram

Architecture Overview
The framework includes these primary components:
1. Data Storage and Management:

Seismic information, together with related well logs,
production figures, and other pertinent data sets, are
stored in Amazon S3 (Simple Storage Service). S3 offers
scalable and secure object storage, which facilitates
effective data accessibility and retrieval. Amazon Glacier
handles the long-term storage of seldom accessed seismic
information, providing storage solutions at a lower cost.
Additionally, structured metadata about the seismic data,
like survey details and well positions, are kept in Amazon
RDS (Relational Database Service) or Amazon Aurora
for efficient search and management.

2. Data Processing and Analysis:

Amazon EC2 (Elastic Compute Cloud) setups are utilized
for executing the unsupervised machine learning
algorithms and data analytics operations. These setups
offer scalable computing capabilities that can be adjusted
dynamically depending on the processing needs. Amazon
SageMaker is applied for creating, training, and
deploying machine learning models designed specifically
for seismic data interpretation. It presents a fully-
managed environment for the development and
deployment of wunsupervised learning algorithms,
including self-organizing maps (SOMs) and clustering
methods. For handling substantial seismic data, Amazon
EMR (Elastic MapReduce) is put to use, making the most
of distributed computing frameworks such as Apache

Archtacte Dugram

Spark and Hadoop. EMR facilitates the efficient
processing of vast datasets and supports the integration of
a variety of data analytics libraries and tools.

3. Data Integration and Visualization:

To integrate data from varied sources like S3 and RDS
into a central data repository, AWS Glue, a fully-
managed ETL (extract, transform, and load) service, is
employed. Glue manages the data integration processes
and guarantees the effortless merging of multi-
disciplinary data. Amazon QuickSight is used for
visualizing the interpreted seismic data and reservoir
characterization outcomes, enabling the creation of
interactive dashboards and custom visualizations.
QuickSight delivers insights into subsurface geological
formations and reservoir characteristics, aiding in better
decision-making.

4. Workflow Orchestration and Automation:

For orchestrating and automating the different stages in
the seismic data interpretation workflow, AWS Step
Functions is utilized. It allows for the creation of
serverless workflows that are easily monitored and
managed, guaranteeing the seamless execution of data
preprocessing, machine learning model training, and data
analytics activities. AWS Lambda runs serverless code
snippets and functions for specific tasks within the
workflow, such as data transformations or post-
processing activities.
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5. Security and Access Control:

To manage access and permissions to the various AWS
services and resources involved in the solution, AWS
Identity and Access Management (IAM) is used. IAM
ensures that only approved users have the ability to
access and change the data and models, keeping the data
secure and compliant. Amazon VPC (Virtual Private
Cloud) is employed to create a secure and isolated
network setting for the seismic data interpretation tasks,
enhancing data privacy and meeting industry standards.

Implementation

The implementation of the seismic data interpretation
solution using AWS services involves the following
steps:

1. Data Housing and Governance:

Establish a storage area using Amazon S3 for housing
seismic information, borehole records, output figures, and
other pertinent data collections.

Set up suitable policies and permissions for the bucket to
protect the data. Initiate Amazon Glacier for the purpose
of archiving seismic information that rarely gets
accessed, applying lifecycle policies for automatic
shifting of data from S3 to Glacier following specific
conditions.

Deploy a database using Amazon RDS or Amazon
Aurora for preserving structured metadata about the
seismic readings.

Establish required database schemas and indexes to boost
query efficiency and data oversight.

2. Data Handling and Examination:

Start up Amazon EC2 instances tailored to the
specifications for executing unsupervised learning
algorithms and data analytics operations. Ensure the
necessary software and libraries are installed and
configured on these instances.

Employ Amazon SageMaker for the creation, training,
and implementation of machine learning models geared
towards the interpretation of seismic data. Either create
Jupyter notebooks or take advantage of SageMaker’s
innate algorithms for developing and honing models
based on unsupervised learning techniques like SOMs
and cluster analysis.

Leverage Amazon EMR for the processing of vast
quantities of seismic information. Set up an EMR cluster
with an appropriate amount of nodes and outfit it with
required platforms and libraries, such as Apache Spark
and Hadoop. Either write data processing scripts or utilize
the tools provided by EMR for scrutinizing the seismic
information.

3. Data Consolidation and Display:

Configure AWS Glue to amalgamate, modify, and
deposit data from diverse origins into a single data store.
Outline Glue tasks to fetch data from S3 and RDS,
execute necessary modifications, and lodge the data into a
designated repository.

Forge dashboards and visual representations on Amazon
QuickSight to present the interpreted seismic information
and findings on reservoir features. Link QuickSight to the
unified data storehouse and craft interactive dashboards
utilizing the provided visualization tools and modification
features.

4. Workflow Commands and Mechanization:

Utilize AWS Step Functions for assembling serverless
workflows pertinent to the seismic information
interpretation procedure. Chart out the steps of the
workflow, encompassing data pre-processing, training of
machine learning models, and data analysis endeavors.
Set inputs and outputs for each phase and outline the
relation between them.

Implement AWS Lambda for executing specialized tasks
within the interpretation workflow. Compose code
fragments in supported programming languages to
manage data adjustments, post-processing activities, or
other unique logic necessary.

5. Security and Admittance Regulation:

Arrange AWS IAM roles and regulations for governing
access to the assorted AWS services and resources
involved in the project. Assign permissions according to
different user roles, like data scientists, analysts, and
system administrators, to secure correct access levels.
Establish an Amazon VPC to provide a secured and
isolated network environment for the workloads related to
seismic data interpretation. Configure  network
subdivisions, security groups, and network access control
lists (ACLs) to limit access and safeguard sensitive
information.

6. Verification and Implementation:

Perform comprehensive tests on the created solution to
confirm the precision and dependability of the seismic
data interpretation outcomes. Verify the machine learning
models, data integration practices, and visualization
panels.

Roll out the solution in a production setting doing use of
AWS tools such as AWS CloudFormation or AWS
CodeDeploy. Automate the deployment process to
guarantee consistent and repeatable implementations.

7. Observation and Upkeep:

Initiate monitoring and logging systems with AWS
solutions like Amazon CloudWatch and AWS
CloudTrail. Keep an eye on the performance and health
status of the EC2 instances, EMR clusters, and additional
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resources.

Establish alerts and notifications for any anomalies or
malfunctions.

Continuously refresh and maintain the software and
libraries in use. Apply security updates and perform
necessary upgrades to ensure the setup stays secure and
current

Implementation of PoC
Here's a step on how to implement the PoC:
1. Setting Objectives and Boundaries for the PoC:

Establish the goals of the PoC clearly, like examining the
precision of unsupervised learning algorithms in machine
learning, evaluating the integration of various data, and
analyzing the solution’s overall effectiveness.

Identify the PoC's boundaries, encompassing the amount
of data, specific services from AWS to be utilized, and
the PoC's duration.

2. Preparation of Data:

Select and gather a subset of seismic data, well logs, and
additional relevant datasets for the PoC, ensuring it
represents a broad range of geological formations and
characteristics of reservoirs.

Clean and preprocess the data as required, addressing any
missing values, anomalies, and discrepancies. Transform
the data into a format that is compatible for ingestion by
the PoC system.

3. Configuration of AWS Environment:

Initiate an AWS account and configure the necessary
IAM roles along with policies for the PoC. Establish
access control and assign permissions for the participants
of the PoC.

Allocate the necessary AWS resources, such as Amazon
S3 buckets, Amazon RDS or Aurora databases, and
Amazon EC2 instances. Tailor the configuration of these
resources to meet the needs of the PoC.

4. Data Ingestion and Management:

Transfer the processed seismic data and related datasets
to Amazon S3, applying suitable bucket structures and
naming conventions for organized data access and
retrieval.

Initialize Amazon RDS or Aurora databases for storing
structured metadata concerning the seismic data. Setup
the needed database tables and indexing.

5. Analytics and Machine Learning:

Employ Amazon SageMaker for designing and training

unsupervised machine learning models tailored for
interpreting seismic data. Experiment with various
algorithms, including SOMs and clustering methods, to
assess their precision and efficiency.

Leverage Amazon EMR for the seismic data's processing
and analysis. Either develop scripts for data processing or
use the built-in functionalities of EMR to derive
significant features and patterns from the data.

6. Integration and Visualization of Data:

Carry out AWS Glue jobs to integrate, transform, and
load data from S3 and RDS into a unified data repository.
Check the integrity of the data integration process and
confirm data consistency.

Develop dashboards and visualizations in  Amazon
QuickSight to display the results of seismic data
interpretation and reservoir characterization. Obtain
feedback from experts and stakeholders regarding the
visualizations' effectiveness and usability.

7. Orchestration and Automation of Workflow:

Create a simplified AWS Step Functions workflow for
the PoC, concentrating on essential phases like data
preprocessing, execution of machine learning models,
and tasks related to data analytics.

Use AWS Lambda for specific duties within the
workflow, such as data transformation or post-processing
activities. Test these functions independently before
integrating them into the workflow.

8. Evaluation and Testing:

Perform comprehensive testing of the PoC solution,
including components like data ingestion, performance of
machine learning models, data integration, and
visualization. Confirm the precision and dependability of
the outcomes.

Compare the PoC with the initially set objectives and
solicit feedback from stakeholders. Evaluate the solution's
scalability, effectiveness, and possible advantages.

9. Documentation and Sharing of Knowledge:

Record the process of PoC implementation, detailing the
architecture design, configurations of AWS services, and
any hurdles encountered. Document key practices and
insights learned.

Organize sessions for transferring knowledge to relevant
teams, sharing the insights acquired from the PoC.
Discuss the possibility of scaling the solution and identify
areas needing enhancement.

10. Future Directions and Planning:

Determine the subsequent actions for the seismic data
interpretation solution based on the PoC outcomes and
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Impact

Based on the business issue findings derived from the
Data Analytics layer, here are significant impacts that the
enhanced seismic data interpretation solution can bring to
the oil and gas business:

1. Boosting Hydrocarbon Extraction:
The approach facilitates the pinpointing of zones rich in

hydrocarbons, different segments of reservoirs, and
previously undiscovered deposits. This enables drilling
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and production to be more focused, elevating the rates of
hydrocarbon extraction and enhancing the overall
productivity of the field.

2. Streamlining Development Strategies for Fields:

Gained insights through the characterization of reservoirs,
like the unevenness of reservoirs, the interfaces of fluids,
and the superior quality of reservoir facies, aid in crafting
decisions that ensure optimal locations for wells, drilling
paths, and planning the development of fields. This
results in lesser development expenditures and boosts the
chances of success.

3. Improving Strategies to Mitigate Risk:

Recognizing potential drilling risks, such as zones under
high pressure or areas with shallow gas, promotes
strategies to preemptively mitigate risks. This avoidance
of drilling issues saves on costs, cuts down on time not
contributed to production, and supports safer drilling
practices.

4. Refining Estimates of Reserves:

The precise evaluation of the properties of reservoirs, the
interfaces of fluids, and the segmentation within
reservoirs leads to a more accurate prediction of
hydrocarbon reserves. This enhances forecasting
financials, the allocation of resources, and the valuation
of assets overall.

5. Allocating Resources More Effectively:

Prioritizing areas with higher quality of reservoirs and
better potential for production allows for a more effective
distribution of financial and human resources. This
optimization of investments ensures the maximization of
returns.

6. Upgrading Strategies for Production:

Analyzing the changes over time in the properties of
reservoirs and the seismic response to alterations related
to production aids in refining strategies for production.
Decisions regarding well interventions, maintaining
pressure, and enhancing recovery of oil are made more
insightful, improving production efficiency and
prolonging the lifespan of fields.

7. Spotting New Possibilities:

The approach is instrumental in discovering overlooked
zones with potential, compartments not yet tapped, and
opportunities for infill drilling. This paves new paths for
exploration and production of hydrocarbons, allowing
companies to broaden their base of resources and sustain
a competitive stance.

8. Enriching the Understanding of the Subsurface:

Fusing seismic data with data from well logs and other
geological sources deepens the understanding of what lies

beneath the surface. This fine-tunes the accuracy of
geological models, diminishes uncertainties, and
smoothens communication across various internal
disciplines.

9. Making Decisions Based on Data:

Techniques in data analytics and unsupervised machine
learning offer an approach that relies on data for
characterizing reservoirs and making decisions. This
diminishes the dependence on subjective interpretations,
fostering more objective and consistent analyses across
projects and teams.

10. Securing a Competitive Edge:

Utilizing cutting-edge technology and insights driven by
data, the improved method of interpreting seismic data
offers oil and gas companies a competitive advantage.
Rapid and precise decision-making enhances operational
efficiency, slashes costs, and escalates profitability when
compared to conventional methods of interpretation.

Extended Use Cases
Here are extended use cases for different
1. Health:

o Applying unsupervised machine learning techniques to
medical imaging data, such as MRI or CT scans, to
identify patterns and anomalies for improved diagnosis
and treatment planning.

o Leveraging data analytics to identify patient subgroups
and personalize healthcare interventions based on
patient characteristics and medical history.

2. Retail:

e Utilizing unsupervised learning algorithms to segment
customers based on their purchasing behavior,
preferences, and demographics for targeted marketing
campaigns and personalized recommendations.

o Analyzing sales data and customer feedback to identify
trends, optimize product assortment, and improve
inventory management.

3. Travel:

Applying unsupervised learning techniques to travel
data, such as booking patterns and customer
preferences, to identify distinct traveler segments and
tailor travel packages and services accordingly.
Leveraging data analytics to optimize route planning,
forecast demand, and improve operational efficiency in
the travel industry.

4. Pharmacy:

Using unsupervised learning algorithms to analyze
prescription data and identify patterns in medication
usage, potential drug interactions, and adverse events
for improved patient safety.
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e Applying data analytics to optimize inventory
management, forecast medication demand, and
streamline supply chain operations in pharmacies.

5. Hospitality:

e Employing unsupervised learning techniques to
segment hotel guests based on their preferences,
booking behavior, and feedback for personalized
services and targeted promotions.

o Utilizing data analytics to optimize room pricing,
forecast occupancy rates, and improve overall guest
experience in the hospitality industry.

6. Supply Chain:

o Applying unsupervised learning algorithms to sensor
data from various stages of the supply chain to identify
patterns, detect anomalies, and optimize logistics
operations.

o Leveraging data analytics to forecast demand, optimize
inventory levels, and improve supply chain visibility
and efficiency.

7.Finance:

e Using unsupervised learning techniques to detect
fraudulent transactions, identify risk patterns, and
prevent financial crimes in the banking and financial
services industry.

o Applying data analytics to assess credit risk, optimize
portfolio management, and personalize financial
products and services based on customer behavior and
preferences.

8. E-commerce:

o Employing unsupervised learning algorithms to analyze
customer browsing and purchasing behavior for
personalized product recommendations and targeted
marketing campaigns.

e Leveraging data analytics to optimize pricing
strategies, forecast demand, and improve inventory
management in e-commerce platforms.

9. Shipping:

o Applying unsupervised learning techniques to shipping
data, such as vessel movements and cargo information,
to optimize route planning, predict arrival times, and
improve operational efficiency.

e Utilizing data analytics to forecast shipping demand,
optimize  container  utilization, and  reduce
transportation costs in the shipping industry.

10.CRM (Customer Relationship Management):

e Using unsupervised learning algorithms to segment
customers based on their interactions, preferences, and
lifetime value for personalized engagement and
retention strategies.

e Leveraging data analytics to identify cross-selling and
up-selling opportunities, predict customer churn, and

optimize customer support operations in CRM systems.
2. Conclusions

Combining unsupervised machine learning with data
analytics strategies have showed itself as a formidable
method for boosting the clarity of seismic data
interpretation and refining the description of oil and gas
reservoirs. The findings from this paper underscore the
enhanced capabilities and benefits that come from the
adoption of these sophisticated technologies.

By employing unsupervised learning algorithms like self-
organizing maps (SOMs) and clustering methods, it’s
possible to autonomously unearth and categorize complex
patterns and concealed structures within seismic
information. These methodologies facilitate the
recognition of intricate geological formations, variations
in rock facies, and anomalies in fluid contents that might
not be detected through conventional interpretation
techniques. The automation of feature extraction not only
cuts down on human error but also increases uniformity
and speeds up the entire process of data interpretation.

Merging seismic interpretations with multi-disciplinary
datasets, including borehole logs, output data, and rock
physics, leads to an integrated view of the underground
formations. Data analytics methodologies makes
integrating and analyzing these varied datasets effortless,
endorsing a unified approach to characterizing reservoirs.
This comprehensive strategy assists in delineating the
correlations among seismic attributes and reservoir
features, enhancing predictions related to reservoir
quality, fluid distribution, and potential output.

Various case studies prove the efficiency of the suggested
method in different geological contexts. Such studies
reveal marked enhancements in the precision and detail
level of reservoir descriptions over those attained with
more traditional techniques. The mechanized pinpointing
of reservoir segments, stratigraphic entrapments, and
pathways for fluid movement favors precise exploration
and production planning, optimizing field development
and boosting the extraction of hydrocarbons.

In essence, the use of unsupervised machine learning and
data analytics in deciphering seismic data ushers in a new
era in characterizing reservoirs. This pioneering approach
unlocks seismic data’s true potential, enabling oil and gas
enterprises to base their operations on data, refine their
strategies, and fully capitalize on their hydrocarbon
assets.
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