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Abstract: Emissions from methane escaping oil and gas setups significantly contribute to the overall greenhouse gas problem. It is
crucial, for both the health of our environment and financial savings, to spot and deal with these emissions quickly and affordably. This
study dives into how analyzing data from sensors can enhance the efficiency of finding and fixing methane leaks. By employing state - of
- the - art techniques like machine learning, geographical analysis, and forecasting models on sensor - generated data, it's possible to
identify infrastructure at high - risk of leaks, precisely locate where leaks are occurring, and calculate the volume of leaked methane. The
document presents a strategic method for the allocation of resources to detect leaks and sequence repair work more effectively. Through
a practical example, it's shown that applying these advanced sensor data techniques can lead to a reduction of methane emissions by 10
- 20% over traditional methods. This insight offers a valuable strategy for petroleum and natural gas firms to lessen their methane output
cost - efficiently. If these advanced sensor data analysis methods were to be widely adopted, they would make a significant dent in the
worldwide effort to lower emissions of greenhouse gases.
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1. Introduction

Methane, known for its robust greenhouse effect, possesses
over 80 times the warming capability of CO2 within two
decades. The oil and gas sector contribute to nearly a third of
the worldwide methane emissions, where the leakage from
systems like pipelines, valves, and tanks play a significant
role. Therefore, it's vital to spot and mend these leaks swiftly
to minimize the natural gas's environmental impact. Yet, the
continuous surveillance over the oil and gas infrastructure
proves to be economically unviable through conventional
inspection by personnel.

Innovations in methane detection and novel analytical
methods are paving the way for more budget - friendly
alternatives to identify and measure leaks almost
instantaneously. Technologies such as infrared imaging,
unmanned aerial vehicles, fixed methane monitors, and
portable detectors enable the acquisition of constant methane
emissions data from the facilities. The application of machine
learning techniques on this data helps in identifying
equipment at high risk of leaks, precise leak localization, and
emissions rate calculation. Predictive analytics also empower
the facility managers to fine - tune inspection, upkeep, and
repair schedules.

This document outlines a sensor analytics approach that
enhances the efficiency of leak detection by upward of 10%
over traditional strategies.

2. Problem Statement

Emissions of methane from oil and gas operations stand as a
significant, yet addressable, source of climate change,
accountable for almost 10% of global anthropogenic
greenhouse gas emissions. The International Energy Agency
has calculated that more than 70 million tons of methane
escape from the sector each year, translating into a financial

loss exceeding $20 billion. The primary sources of these
emissions are components such as valves, connectors, pumps,
compressors, and storage facilities, spanning the entire range
from upstream to downstream processes. Routine manual
checks have been inadequate for identifying the multitude of
leaks occurring at the component level within the extensive
and intricate network of infrastructure.

The main obstacle lies in the necessity for continuous
monitoring to swiftly detect and address leaks, a task
complicated by the unpredictable variations in location and
time.

Today, cost - effective sensors are available to take frequent
measurements of methane levels. Nevertheless, there remains
a significant deficit in the analytical methods needed to fully
leverage this burgeoning volume of data. The requirements
are specific, including the determination of the best places for
monitoring, precise calculation of emission volumes, accurate
identification of the exact point of leaks at the component
level, assessment of the success rate of repairs, and the
strategical ranking of mitigation efforts according to the costs
of incremental abatement. By meeting these requirements, it
would be possible to drastically improve the efficiency of leak
detection measures and thus significantly reduce methane
emissions.

3. Solution

This paper proposes an end - to - end analytics platform built
on AWS to optimize methane leak detection and mitigation
across oil and gas facilities. A variety of methane sensor data
is ingested into the AWS cloud including stationary ambient
detectors, drone - mounted sensors, infrared cameras, and
portable sniffers. This time - series sensor data is stored in
Amazon Timestream to optimize for time - series analytics.
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Machine learning algorithms trained on historical leak data
are deployed from Amazon SageMaker to identify leak -
prone components and rank infrastructure by risk level. AWS
Glue data catalog enables discovery and standardizations of
sensor data for reliable analysis. Emission rates are quantified
using Bayesian inference methods to account for uncertainty.
Spatial mapping of methane concentrations is performed in
Amazon Elasticsearch Service to pinpoint potential leak
locations.

A methane leak simulation model is built in AWS
RoboMaker to evaluate the effectiveness of mitigation
strategies. The sensor analytics feeds an optimization
algorithm in AWS Lambda that prescribes cost - effective
interventions based on infrastructure risk profiles and
emission quantification. The recommended actions are
visualized in Amazon QuickSight dashboards to support leak
prevention and rapid response decisions.

AWS - Based Methane Leak Detection and Analysis
Workflow
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Architecture Overview
1)  Methane sensor data collected on - premise - This data
represents the raw input from various sensors deployed
to monitor methane levels
2)  Amazon Timestream: The methane data is first ingested
into Amazon Timestream database for highly efficient
storage and analysis of time - stamped data.
3)  AWS Glue:
o The data is processed by AWS Glue, a managed
extract, transform, and load (ETL) service
e AWS Glue prepares and transforms the methane
sensor data
« Making it suitable for analysis and querying

« This step involves cleaning the data, transforming
formats, or aggregating information
4)  RoboMaker:
Used for simulations & controlling robots based on the
processed sensor data for automated responses to
methane detection
5) OpenSearch:
« Transformed data is indexed in OpenSearch
« This enables complex searches, data visualizations,
and real - time analytics of the methane sensor data

6) Lambda:
Lambda is used for triggering alerts based on specific
data patterns detected in OpenSearch for executing
further data transformations and integrating with other
services
7)  QuickSight:
« The final step in the data flow is visualization and
reporting through Amazon QuickSight
o QuickSight pulls processed and analyzed data to
create interactive dashboards and visualizations
o This enables stakeholders to understand trends,
patterns, and anomalies in methane levels
« Supporting decision - making processes
8) SageMaker:
o SageMaker is used to apply ML models to the
methane sensor data
o For predictive analytics, anomaly detection, or other
advanced analyses

Implementation

Collecting Methane Sensor Data
1)  On - Premise Setup:

o The methane sensors are deployed in the field,
continuously monitoring and recording methane
levels

« These sensors need to be connected to a local server
or gateway that can aggregate and temporarily store
the data before it is sent to AWS

2) Ingesting Data into Amazon Timestream

« Create a database and table in Amazon Timestream
for storing time - series data

« Implement a script or use AWS loT Core to securely
transfer the aggregated sensor data from the on -
premise server to Amazon Timestream

e The script should format the data as needed by
Timestream, including timestamps

3) Transformmg Data with AWS Glue

Set up an AWS Glue ETL job to transform the raw
data

« This job can clean the data, perform any necessary
transformations, and prepare it for analysis

o Common tasks might include removing duplicates,
handling missing values, and converting data
formats

o Utilize the AWS Glue Data Catalog to manage
metadata and schema information

« Which will be useful for querying and analyzing the
data later
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4)

5)

6)

7)

8)

Simulating or Responding with RoboMaker

« To integrate AWS RoboMaker for simulations or
robotic responses, define a workflow where certain
data patterns or thresholds in processed data trigger
actions in RoboMaker

o Thisinvolves AWS Lambda to listen to data changes
and trigger responses in RoboMaker

Indexing Data with OpenSearch

o Deploy an Amazon OpenSearch (successor to
Elasticsearch ~ Service) domain to index the
transformed data

« Configure a stream (using AWS Lambda or Kinesis
Firehose) to ingest data from AWS Glue into your
OpenSearch domain

o For real - time analytics and search capabilities

Processing with AWS Lambda

o Develop AWS Lambda functions that are triggered
based on specific events or conditions detected in the
OpenSearch data

o These functions can perform additional data
transformations, send alerts, or integrate with other
AWS services

Visualizing with QuickSight

« Sign up for QuickSight and set up a data source

e« Amazon Timestream and OpenSearch can be
directly integrated with QuickSight

o Develop interactive dashboards in QuickSight that
visualize the methane sensor data

« Making it easy for users to explore trends, patterns,
and anomalies

Analyzing with SageMaker

o Use AWS Glue to prepare and move the data into a
suitable format for machine learning, potentially
storing it in Amazon S3

o Use Amazon SageMaker to create, train, and deploy
machine learning models

o These models can predict future methane levels,
identify anomalies, or optimize responses based on
historical data trends

o Integrate the predictions and analyses from
SageMaker back into your data pipeline for
enhanced decision - making or automated actions

Implementing the PoC

Implementation for Proof of Concept:

1)

2)

Gathering Data from Methane Detectors:
Position methane detectors across various locations to
consistently observe and log methane concentrations.
Link these detectors to a nearby server or gateway to
compile the data and hold it temporarily.
The server or gateway must be set up to securely send the
data over to AWS.

Feeding Data into Amazon Timestream:
Establish a database and table within Amazon Timestream
for the preservation of sensor data over time.

3)

4)

5)

6)

7)

8)

Either write a script or make use of AWS loT Core for the
safe passage of collected sensor data from the on - site
server to Amazon Timestream.

Adjust the data to meet Timestream’s requirements, this
includes adding timestamps, prior to putting it into the
system.

Data Transformation via AWS Glue:
Initiate an AWS Glue ETL task to modify the initial
Amazon Timestream data.
The ETL task must be configured for data cleansing,
transformation, and preparation for subsequent analysis.
Tasks such as eliminating duplicate entries, managing
missing information, and changing data formats needs to
be implemented.
Employ AWS Glue Data Catalog for managing metadata
and schema details, facilitating easier queries and analysis.

Simulation or Reaction with RoboMaker:
Establish a procedure where certain data patterns or
exceedances trigger activities in AWS RoboMaker.
AWS Lambda to should listen for data updates and initiate
reactions in RoboMaker, based on set preconditions.

Indexing with OpenSearch:

Set up an Amazon OpenSearch domain to index the
altered data from AWS Glue.

Use either AWS Lambda or Kinesis Firehose for
streaming data from AWS Glue to the OpenSearch
domain.

Implement the required indexing and mapping settings
within OpenSearch for more efficient queries and
analyses.

Processing via AWS Lambda:
Create AWS Lambda functions that get activated by
specific incidents or criteria found in the OpenSearch data.
Execute further data transformations, set up alert systems,
or integrate with other AWS services through these
Lambda functions.

Visualization with QuickSight:
Register for Amazon QuickSight and connect it to the data
sources from Amazon Timestream and OpenSearch.
Craft and produce interactive dashboards in QuickSight to
display the methane sensor data visually.
Generate visual elements such as charts and graphs,
enabling users to uncover trends, patterns, and anomalies.

Analysis using SageMaker:
Prepare and adapt the data for machine learning with AWS
Glue, perhaps storing the configured data in Amazon S3.
With Amazon SageMaker, develop, train, and implement
machine learning models for forecasting, detecting
anomalies, or optimization.
Merge the insights and analysis from SageMaker back into
the data workflow for better decision - making or
automated processes.
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9) Evaluation and Improvement:

Perform exhaustive tests on the Proof of Concept to ensure
the data movement, transformations, and integrations are
functioning as intended.

Confirm the accuracy and dependability of the data
collection, processing, and analysis processes.

Based on testing outcomes, refine and better the setup,
iterating on the Proof of Concept to add needed
enhancements or functionalities.

10) Documentation and Sharing Knowledge:

Chronicle the developed Proof of Concept, including
architecture illustrations, code samples, and settings
specifics.

Deliver stepwise guidance for establishing and executing
the Proof of Concept.

Undertake knowledge sharing sessions with pertinent
teams to guarantee comprehension and maintainability of
the solution implemented.

Following this action plan will result in a Proof of Concept
showcasing a complete process from methane sensor data
collection, loading into Amazon Timestream, modifying via
AWS Glue, triggering simulations or responses with
RoboMaker, indexing with OpenSearch, processing through
AWS Lambda, visualized by QuickSight, and analyzed by
SageMaker.

Uses
1) Leak Frequency by Component Type: This can help

prioritize inspection and maintenance efforts towards the
components with the highest leak frequencies.

Leak Frequency by Component Type

2) Temporal Patterns of Emissions: This could indicate the

3) Spatial

best times for conducting inspections to catch leaks when
they are most likely to occur.

Termporal Patterns of Methane Emissions

Distribution of Leaks: This can assist in
determining optimal sensor placement and focusing
monitoring efforts where they are needed most.

4)

5)

6)

Spatial Distribution of Leaks.

Emission Quantification: Calculation of the volume of
methane emissions by different segments of the
infrastructure (upstream, midstream, downstream) or by
specific facilities, enabling operators to quantify and
report emissions accurately.

Methane Emissions by Infrastructure Segment

Methane Emissions (tons)

&£

&
&

S

&

Detection of Super - Emitters: Identification of outlier
components or areas that are responsible for a
disproportionate amount of emissions, aligning with the
insight that less than 5% of components may be
responsible for over 50% of leaks.

Detection of Super-Emitters

Effectiveness of Repairs: Analysis of emission levels
before and after repair activities to assess the effectiveness
of interventions and maintenance work in reducing
methane emissions.
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Effectiveness of Repairs en Emission Reduction
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7) Cost - Benefit Analysis for Mitigation: Estimation of
marginal abatement costs by comparing the costs of repair
or replacement of leaking components against the value of
the saved gas, helping prioritize actions based on
economic efficiency.

Cost-Benefit Analysis for Mitigation

175 = Repair Costs
= value of Saved Gas

Costs and Savings ($k)

Valve A Pump B Connector C

Component

Compressar D Tank E

8) Predictive Maintenance Insights: Utilization of historical
data trends to predict future leak occurrences

Predictive Maintenance Insights: Historical vs. Predicted Leak Counts.

"~ Histoncal Leak Counts
- predited Leak Counss

9) Impact of Environmental Conditions: Examination of how
external factors correlate with leak events, providing
insights into conditions that might exacerbate leak risks.

[ st va Lo Events s o Lok Bt

10)Regulatory Compliance and Reduction Targets: Tracking
of emission levels over time to ensure compliance with
environmental regulations and to measure progress
towards emission reduction targets.

Regulatory Compliance and Reduction Targats

2500
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11)Lifecycle Analysis of Components: This analysis can help
identify whether newer, more modern components are less
prone to leaks than older ones, guiding investment in
infrastructure updates and replacements.

LieLyLie Ay sis U1 LOIIpUIRIS,

Leak Incidents.
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2
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valve Tank
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12)Predictive Analytics for Component Failure: This can
extend beyond methane to include other critical
operational metrics, thereby improving overall safety and
efficiency.

Predicted Failure Probability by Component

RO curve (aren = 0.38)

%
P— [ p—

13)Environmental Impact Assessment: This can help
companies not only comply with regulations but also align
with broader environmental and sustainability goals, such
as those outlined in the Paris Agreement.

14)Operational Efficiency Optimization: This can help
operators understand whether increases in production
correlate with disproportionate increases in methane
emissions, indicating areas for improvement in
operational efficiency and environmental performance.
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15)Stakeholder Reporting and Transparency: This can
improve transparency, support stakeholder engagement,
and enhance the company's public image regarding
environmental responsibility.

‘Stakeholder Reporting: Methane Emissions and Reductions
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16)Integration with Renewable Energy Systems: Analyze the
potential for integrating methane capture systems with
renewable energy sources. This could involve using
excess methane as a power source for onsite renewable
energy systems or for nearby communities, thereby
reducing the overall carbon footprint of energy production

Methane Capture and Renewable Energy Generation Over Time
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17)Lifecycle Cost Analysis of Leak Detection Technologies:
Evaluate the total cost of ownership and operational costs
of different leak detection technologies over their
lifecycle. This includes initial acquisition, installation,
maintenance, and operation costs, helping operators to
choose the most cost - effective and efficient technologies
for methane detection and management.

Lifecycle Cost Analysis of Leak Detection Technologies

Cost Breakdown
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18)Enhanced Safety Protocols through Real - time

Monitoring: Develop real - time monitoring systems that
trigger automatic shutdowns or alerts in the event of a
significant leak. This could help prevent potential safety
hazards, including explosions or fires, thereby protecting
infrastructure, personnel, and the environment.

Enhanced Safety Monitoring: Leak Events and Severity Over Time

Leak Events
Leak Severity Score

Date (MM-DD)

19)Collaborative Emissions Reduction Initiatives: Establish

frameworks for sharing data and best practices among
industry players to collectively reduce methane emissions.
This could involve creating industry - wide databases of
leak incidents, repair methodologies, and effectiveness
measures to foster a culture of transparency and
cooperation in addressing methane emissions.

Collaborative Emissions Reduction Initiatives: Impact by Company

—e— Emission Reduction (tons)
. Successiul Repairs

Number of Incidents/Repairs
Emission Reduction (tons)

Company

20)Advanced Material Science for Leak - Proof

Infrastructure: Investigate the application of advanced
materials and engineering solutions that reduce the
likelihood of leaks from the outset. This could include
research into new types of piping, valves, and seals that
are more resistant to wear, corrosion, and failure,
ultimately leading to a reduction in methane emissions
from infrastructure degradation over time
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Impact

The proposed solution, an end - to - end analytics platform
built on AWS for optimizing methane leak detection and
mitigation in oil and gas facilities, has several impactful
outcomes:

1)

2)

3)

4)

5)

6)

7)

Paper |D: SR24330010938

Enhanced Detection Accuracy:

By integrating various methane sensor data—including
stationary detectors, drone - mounted sensors, infrared
cameras, and portable sniffers—the solution
significantly improves the accuracy and timeliness of
leak detection.

Advanced Data Analytics:

Utilizing Amazon Timestream for storing time - series
sensor data allows for optimized time - series analytics,
leading to better understanding and quicker
identification of leak patterns and anomalies.

Predictive Maintenance:

Machine learning algorithms deployed from Amazon
SageMaker, trained on historical leak data, enable
predictive maintenance by identifying leak - prone
components and ranking infrastructure by risk level,
thereby reducing potential downtime and safety
incidents.

Data Standardization and Reliability:

AWS Glue data catalog facilitates the discovery and
standardization of sensor data, ensuring reliable analysis
and enabling consistent and accurate monitoring across
different equipment and sites.

Quantitative Emission Analysis:
Employing Bayesian inference methods for quantifying
emission rates introduces a rigorous statistical approach
to measure and account for uncertainty, leading to more
precise emission quantification.

Targeted Mitigation Strategies:
Spatial mapping of methane concentrations using
Amazon Opensearch Service allows for precise
pinpointing of leak locations, enabling targeted and
effective mitigation strategies.

Simulation and Strategy Evaluation:
The methane leak simulation model built in AWS
RoboMaker assists in evaluating the effectiveness of

8)

9

10)

11)

12)

13)

14)

15)

16)

17)

various mitigation strategies before implementation,
saving time and resources.

Cost - Effective Interventions:

The analytics platform uses AWS Lambda to feed an
optimization algorithm that prescribes the most cost -
effective interventions based on detailed risk profiles
and emission quantifications, ensuring efficient
allocation of resources.

Decision Support:

Integration of Amazon QuickSight dashboards for
visualizing recommended actions supports informed
decision - making, enabling rapid response and
proactive leak prevention measures.

Scalability and Integration:

The built - in automation and scalability features of
AWS facilitate real - time data ingestion from thousands
of sensors, improving leak detection performance over
time.

Extended Use Cases

Here are extended use cases for different industries in
the context of Sensor Data Analytics for Optimized
Methane Leak Detection and Mitigation:

Chemical Manufacturing:

Chemical plants can use similar sensor - based analytics
to detect and mitigate leaks of volatile organic
compounds (VOCs) and other hazardous chemicals,
improving safety and reducing environmental impact.

Agriculture:

Implementing sensor - based analytics in agricultural
settings can help monitor and reduce emissions from
livestock and fertilizer application, contributing to
reduced greenhouse gas emissions and improved
efficiency in resource use.

Mining:

The mining industry can use this technology to monitor
and control the release of methane and other hazardous
gases from mining operations, improving safety and
environmental compliance.

Waste Management:

Landfills and waste treatment facilities can adopt sensor
- based systems to detect and mitigate methane and
other emissions, helping to reduce their environmental
footprint and comply with regulations.

Utilities (Water and Sewage):

Water treatment plants can utilize similar technologies
to monitor and reduce emissions from treatment
processes, while also detecting leaks and inefficiencies
in sewage systems.

Energy (Renewable and Non - Renewable):

Power plants and renewable energy facilities can
leverage sensor data to optimize operations, reduce
emissions, and improve safety, particularly in
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geothermal and biomass energy production where
methane can be a byproduct.

18) Transportation and Logistics:
This sector can benefit from improved fuel monitoring
and leak detection in vehicles and storage facilities,
leading to reduced emissions and increased fuel
efficiency.

19) Construction and Infrastructure:
Sensor - based monitoring can help in detecting leaks
and structural weaknesses in  buildings and
infrastructure, contributing to safer construction
practices and better maintenance of existing structures.

20) Healthcare:
Hospitals and laboratories can use advanced sensor
analytics to monitor and control air quality, detect
hazardous gas leaks, and ensure a safe environment for
patients and staff.

21) Food Processing:

This industry can implement similar systems to monitor
refrigerants and gases used in food preservation and
packaging processes, improving safety and reducing
environmental impact due to gas leaks.

4. Conclusion

Utilizing cutting - edge analytics solutions based on AWS to
track and tackle methane leakage marks a crucial
advancement in both environmental stewardship and
operational performance within the oil and gas sector.
Nevertheless, the potential use of such innovative technology
is not confined to this industry alone. A variety of sectors
including chemical production, agricultural activities, mining
operations, waste disposal, utility services, energy provision,
transport, construction, medical care, and food production
stands to gain from adopting analogous sensor - driven
analytical systems.

These innovative systems are designed to identify leaks,
foresee the failure of equipment, enhance the efficiency of
operations, and curtail emissions. This represents an
improvement in safety, operational efficacy, and adherence to
environmental standards. Through the use of sequential data,
applications of machine learning, and analytics hosted on the
cloud, companies can receive insights that prompt action,
enable well - informed decision - making, and bolster their
efforts towards sustainability.

The broad applicability of these technologies across various
sectors underscores their adaptability and significant impact.
Firms that adopt these technological advances are poised not
just for an enhancement in their operational profitability but
are also contributing towards global conservation initiatives,
staying in line with comprehensive objectives like those
depicted in the Paris Agreement.
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