Digital Oll Field: Online
management of the ol
and gas asset lifecycle

Introduction

The oil and gas industry has recently begun to adopt and leverage standards and best practices from other
industries with capital and risk intensive asset lifecycles. The intersection of advances and capability maturity in
the areas of Big Data and predictive analytics are resulting in measurable benefits, especially for operators of
large offshore projects with long asset lifecycles.

Data and Asset Lifecycles

Many large international offshore operators have enterprise level asset lifecycle processes that recognize the
need for online tracking of the data, information, knowledge, and business intelligence that supports key
decisions. Most of these online systems track key milestones and “stage gates” from exploration through
abandonment.
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Fig 1. An exploration and production Business Process Reference Model to support online asset management.
Copyright Energistics, 2014, all rights reserved. Used by permission



Note that in this standard business reference model, providing Information Technology (IT) services is one of the
key execution and support processes at each stage. The identifying conventions for IT include the provision of
applications and databases for asset lifecycle maintenance.

Recently, there has been interest in how applying online predictive analytic techniques might improve the
efficiency of these processes and give organisations a competitive advantage in the next cycle of lower
commodity prices. This interest has coincided with an understanding of the business case for using what is now
known as Big Data, and with the acceptance of methodologies for applying predictive analytics to asset
management. With the release in 2014 of ISO 55000, an international standard for asset management, there are
now agreed principles and terminologies that can be applied to measure progress with offshore oil and gas
assets and benchmark against other industries (ISO, 2014). This standard provides a definition of predictive
capabillities, as opposed to preventative or corrective, that allows the industry to measure capability maturity on
a standard scale for the digital aspects of offshore assets (Davey et al, 2014). In understanding capabilities for
online management of asset lifecycles, organisations must be prepared to evaluate a range of facets that can
be grouped into the general categories of people, information, systems, and processes. It is important to
remember that several industry studies have shown that among these, data and information are consistently
rated as the most important factor (up to 38%) in understanding of subsurface risk factors that impact
performance of complex assets (CDA, 2011).

Big Data and Predictive Analytics

Some common characteristics make oil and gas asset lifecycle management comparable to other capital
intensive industries and able to benefit from the application of standard processes. One is the critical role of data
and technology in opening new opportunities and driving the profitability of assets in the face of fluctuating
commodity prices, and the importance of an organisation’s agility in transforming information into insight (Glenn,
2009). Another is the sheer volume of data created by offshore oil and gas operations. Oil and gas has worked
with data volumes in the multiple petabyte range for over a decade, and has also had the requisite facets of
velocity and variety to make it one of the first verifiable producers and consumers of Big Data (Vesset et al, 2012).
Other factors driving both the value of predictive data analytics and the adoption of standards around it are the
prevalence of mergers and acquisition activity in the oil and gas industry (Deloitte & Touche, 2012), and the level
of government regulation (IQ Business Group, 2014), with energy ranking in the top 3 in each category. Yet the oll
and gas industry has been perceived to be slower than others in demonstrating, publishing and sharing the
financial benefits that can be derived from online predictive analytics, which are reported to be as high as
incremental returns on investment of 241 percent (Nucleus Research, 2012). While some research indicates that
this reluctance is the result of innovations being held by oil and gas service providers (Perrons, 2013), we present
here some recent evidence of publically available examples of the value of predictive analytics in the asset
lifecycle.

Predictive analytics in oil and gas can be viewed as the next step in the evolution of data management
capability maturity models, moving up the value chain from data. At each step in the capability maturity model,
value is added and deleterious elements are removed. This is accomplished by applying capabilities and by
managing unique facets of Big Data for oil and gas. In the latest model (Evans and Kozman, 2014), capability
maturity is measured against the complexity of an organization to understand benchmarking and impact on
financial performance. The complexity of the intelligence used for predictive analytics can be quantitatively
measured with industry standard IT tools and processes that capture four important and unique aspects of oil and
gas Big Data. These are referred to in the industry as the four “P’s”, proliferation, propagation, pervasiveness and
persistence. Each of these digital facets is a unique multiplicative combination of the traditional and accepted
three “V’s” of Big Data but is created by the unique usages and business cases for predictive analytics in oil and
gas offshore operations.
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Fig. 2. The relationship between organisational maturity levels and the capabilities and digital facets required to
achieve them. Adapted from http://en.wikipedia.org/wiki/DIKW_Pyramid, after Solien, M., Green, A.R., and White,
L.P., 2003, American Association of Petroleum Geologists International Conference, Barcelona, Spain

Proliferation results from the rapid multiplication of data in specialized tools with potentially contradictory
interpretations. It is measured by the “churn rate” on data storage systems, or the percentage of data that is
created, read, updated or deleted on storage systems over time. The proliferation of data creates information,
but it also introduces noise into the system, which must be reduced through the application of organizational
structures and the use of specialized tools and technology. Propagation is the product of distribution and
duplication of information by iterative workflows in disparate disciplines. Its defining metric is a combination of
variety and volume, and it can be measured by looking at the duplication of data files across storage areas
managed by different functional silos in the organization. Propagation introduces some perception into
information in the form of knowledge, but it also introduces sources of error that must be managed with
standardized processes and procedures. Pervasiveness describes how knowledge expands to fill the available
storage space through probabilistic and statistical realizations and heuristics. While necessary to create
actionable business intelligence through reflection on the value of knowledge, this process also introduces a
measurable level of uncertainty which becomes a business critical piece of metadata to be managed with
optimum accepted practices. Pervasiveness can be measured by the time taken for different formats of the
same information to appear on a storage system in multiple working versions and scenarios. Finally, persistence is
the characteristic value of intelligence over the decadal and generational life spans of offshore oil and gas assets.
This value is derived through collaborative and collective inquiry to reduce risk, and it is this value that can be
measured by the results of a successful predictive analytics implementation. Demonstrated metrics for this
characteristic can be obtained by analyzing the frequency, duration, and repeatability of data access across
between disciplines and functions, and over time.



Business and Use Cases

The value of predictive analytics has been recently demonstrated through application to the large volume of
maintenance and performance data available from offshore equipment. It has been repeatedly shown that
surface equipment failure contributes to more non-productive time on offshore rigs than any other cause (SAS,
2014) including subsurface geologic risk, and the rapidly expanding volume of data available from online sensors
on that equipment can yield insights and predictive capabilities that improve considerably on either equipment
vendor provided maintenance schedules or strictly reactive thresholds and alarms. Case studies have shown that
critical equipment failures can be predicted between as much as 72 hours to 8 days before the event with
suitable historical input to artificial neural networks (Kozman, 2014) and for items such as electric submersible
pumps (Brule and Fair, 2014). This success would allow reductions in workover costs of as much as 4%, for a return
on investment of over USD$20 million per year.
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Fig.3. Online display of precursor events to an electric submersible pump failure. While these events would not
have triggered static threshold alarms set by the equipment manufacturers, predictive analytics and the output of
an artificial neural network were able to use this intelligence to successfully predict the failure. (Data courtesy of
APO Offshore, used by permission).

Further use of the same techniques has been demonstrated to be able to predict nitrogen oxide (NOX) emission
levels from offshore power generation equipment in order to proactively keep them below environmental
regulatory levels and avoid operating fines, and the system has been recommended for predictive capabilities
around hydrate formation in subsea flow lines and stress on offshore mooring lines. Recently a business case has
been built to use predictive analytics in the monitoring and control of chemical injection for pipelines. In this
application, the optimum dosage of corrosion inhibitor is calculated based on the actual pipeline flow rate to
control costs and guarantee integrity and safety.

Other recent developments of online predictive analytics for the digital oilfield have focused on monitoring
combinations of drill string vibration amplitudes and frequencies, mud pit volumes, rock sample pyrolysis and
cuttings, hydrogen sulfide levels, overpull and underpull, pore pressure and drilling trajectory in order to optimize
drilling penetration rates and avoid instability and failure (Bhandari, 2012).



At a recent workshop sponsored by the SPE Petroleum Data-Driven Analytics Committee on Decision Making and
Value Delivery, several vendors noted recent progress in using holistic predictive analytics to predict and avoid
stuck pipe problems while drilling, with resulting decreases in problems that account for up to 20% of non-
productive time on rigs and over USD$2 billion in losses to the industry (Priyadarshy, 2014).

Other operators have expressed interest in improving reliability in digital oilfield applications by using online
monitoring of chemical injection skids and sample tracking to reduce downtime due to chemical injection,
reduce reprocessing of products that are out of specification, and ultimately reduce operational costs by factors
of between USD$1 and 10 million per year.
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